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Abstract 

The Earth observation satellite data acquired in recent years and decades 
provide an ideal data basis for accurate long-term monitoring and mapping of 
the Earth's surface and atmosphere. However, the vast diversity of different sen-
sor characteristics still poses challenges as they often prevent the synergetic use. 
Hence, there is an urgent need to combine the heterogeneous multi-sensor data 
to generate geometrically and spectrally harmonized time series of analysis-
ready satellite data by means of sensor fusion. 

In this context, this dissertation provides a mainly methodical contribution 
by presenting two newly developed algorithms for geometric and spectral sensor 
fusion, which are both thoroughly evaluated in the frame of the thesis as well as 
tested and validated in practical applications.  

AROSICS, a novel algorithm for the co-registration and geometric harmoni-
zation of multi-sensor data, detects and corrects positional shifts between the 
input images and aligns the data to a common coordinate grid. At its core, the 
algorithm is based on phase correlation in the frequency domain and therefore 
offers a high degree of robustness against spectral differences. Different spatial 
resolutions and heterogeneous data formats can also be processed flexibly. ARO-
SICS automatically calculates thousands of control points per image pair, which 
are efficiently filtered in a three-stage outlier detection process. This is particu-
larly important for making it suitable for partly clouded scenes or fluctuating 
land cover.  

The second algorithm, SpecHomo, was developed to unify differing spectral 
sensor characteristics. One particular innovation is the use of material-specific 
regressors, i.e., separate transformation functions, which are optimized for dif-
ferent land cover classes. These regressors not only allow higher accuracies in the 
transformation of the spectral information, but also allow the estimation of uni-
laterally missing spectral bands. For example, spectral bands in the red edge 
region were estimated from Landsat-8 in the context of the presented study. Re-
flectance spectra from Landsat-8 and Sentinel-2 were simulated using 
hyperspectral airborne images in order to accurately measure the spectral differ-
ences of the sensors and to validate the quality of the harmonized results.  

Based on these algorithms, a third study investigated the added value of the 
additional synthetic red edge spectral information for the estimation of burn se-
verity from Landsat data. Furthermore, it was analyzed whether a dense time 
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series, enabled by sensor fusion, allows a more accurate mapping of fire damage 
than bi-temporal index data. For this purpose, regression coefficients between 
composite burn index (CBI) field measurements and bi-temporal spectral indices 
as well as land surface phenology (LSP) metrics were calculated exploiting the 
information density of the time series. 

In-depth comparative analyses illustrate the effectiveness of the developed 
algorithms to reduce inconsistencies among multi-sensor, multi-temporal satel-
lite data. They demonstrate the added value of geometric and spectral 
harmonization for the generation of subsequent remote sensing products. Syn-
thesized red edge spectral information has proven to be valuable in the context 
of vegetation-related parameter retrieval like satellite-based estimation of burn 
severity. Moreover, it was shown that using sensor fusion for combining multi-
sensor time series offers great potential for more accurate monitoring and map-
ping of quickly evolving environmental processes. Both data harmonization 
algorithms were published as open-source Python packages providing the re-
mote sensing community with two easy-to-use software tools that can be applied 
to many different sensors. This way, the methods and findings generated in this 
thesis lower the barrier for researchers to benefit from the synergetic use of well-
harmonized multi-sensor satellite data time series in future remote sensing ap-
plications. 
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Zusammenfassung 

Die im Laufe der letzten Jahre und Jahrzehnte aufgenommenen Satellitenbil-
der zur Erdbeobachtung bieten eine ideale Datengrundlage für eine genaue 
Langzeitüberwachung und Kartierung der Erdoberfläche und Atmosphäre. Die 
große Vielfalt an verschiedenen Sensoreigenschaften stellt jedoch nach wie vor 
eine Herausforderung dar und verhindert häufig eine synergetische Nutzung 
der Daten. Daher besteht ein dringender Bedarf, die heterogenen Multisensorda-
ten per Sensorfusion zu kombinieren und als geometrisch und spektral 
harmonisierte Zeitreihen nutzbar zu machen. 

In diesem Zusammenhang liefert die vorliegende Dissertation einen vorwie-
gend methodischen Beitrag und stellt zwei neu entwickelte Algorithmen zur 
geometrischen und spektralen Sensorfusion vor, die beide im Rahmen der Arbeit 
gründlich evaluiert sowie an praktischen Anwendungen getestet und validiert 
werden. 

AROSICS, ein neuer Algorithmus zur Co-Registrierung und geometrischen 
Harmonisierung von Multi-Sensor-Daten erkennt und korrigiert Lageverschie-
bungen zwischen den Eingangsbildern und richtet die Daten an einem 
gemeinsamen Koordinatengitter aus. Im Kern basiert der Algorithmus auf einer 
Phasenkorrelation im Frequenzraum und bringt dadurch ein hohes Maß an Ro-
bustheit gegenüber spektralen Differenzen mit. Aber auch unterschiedliche 
räumliche Auflösungen und heterogene Datenformate können flexibel verarbei-
tet werden. AROSICS berechnet pro Bild-Paar automatisiert tausende 
Passpunkte, die in einem dreistufigen Ausreißer-Erkennungsverfahren effizient 
gefiltert werden. Dies ist vor allem wichtig, um den Algorithmus auch bei teil-
weise bewölkten Daten oder Veränderungen der Erdoberfläche zwischen den 
beiden Aufnahmezeitpunkten nutzbar zu machen. 

Der zweite Algorithmus, SpecHomo, wurde entwickelt, um unterschiedliche 
spektrale Sensorcharakteristika zu vereinheitlichen. Eine besondere Innovation 
besteht in der Verwendung von materialspezifischen Regressoren also separater 
Transformationsfunktionen, die für verschiedene Bodenbedeckungsklassen op-
timiert sind. Diese ermöglichen nicht nur höhere Genauigkeiten bei der 
Transformation der Spektralinformation, sondern auch die Abschätzung einsei-
tig fehlender Spektralbänder. So wurden zum Beispiel im Rahmen der 
vorgestellten Studie Spektralbänder im Red-Edge-Bereich aus Landsat-8 abge-
schätzt. Mit Hilfe von hyperspektralen Luftbilddaten wurden 
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Reflektanzspektren von Landsat-8 und Sentinel-2 simuliert, um die spektralen 
Differenzen der Sensoren exakt messen und die Qualität der harmonisierten Er-
gebnisse validieren zu können.  

Aufbauend auf diesen Algorithmen wurde in einer dritten Studie untersucht 
inwieweit die zusätzliche, synthetische Red-Edge-Spektralinformation einen 
Mehrwert bei der Abschätzung von Brand-Schweregraden aus Landsat-Daten 
darstellt. Außerdem wurde analysiert, ob dichte Zeitreihen, ermöglicht durch 
Sensorfusion, eine genauere Kartierung der Brandschäden zulassen als bi-tem-
porale spektrale Indizes. Hierfür wurden Regressionskoeffizienten zwischen 
Composite-Burn-Index (CBI) Feldmessungen und bi-temporalen Indexdaten so-
wie Land-Surface-Phenology (LSP) Metriken berechnet, die die 
Informationsdichte der Zeitreihen ausnutzen. 

Eingehende, vergleichende Analysen verdeutlichen die Effektivität der ent-
wickelten Algorithmen zur Verringerung von Inkonsistenzen zwischen 
multisensoralen und multitemporalen Satellitendaten. Sie zeigen den Mehrwert 
einer geometrischen und spektralen Harmonisierung bei der Berechnung von 
Fernerkundungsprodukten. Dabei hat sich die synthetische Red-Edge-Spektral-
information als ein wertvoller Informationsgewinn erwiesen, insbesondere im 
Zusammenhang mit vegetationsbezogenen Parametern wie z. B. bei der satelli-
tengestützten Abschätzung von Brandschweregraden. Darüber hinaus wurde 
bewiesen, dass die Kombination von Multisensor-Zeitreihen, die durch Sensor-
fusion ermöglicht wird, ein großes Potenzial für eine genauere Überwachung 
und Kartierung von sich schnell entwickelnden Umweltprozessen bietet. Mit den 
beiden vorgestellten Algorithmen zur Datenharmonisierung, die als Open-
Source-Python-Pakete veröffentlicht wurden, stehen der Fernerkundungs-Com-
munity zwei einfach zu nutzende Softwaretools zur Verfügung, die auf viele 
verschiedene Sensoren angewandt werden können. Auf diese Weise erleichtern 
die in dieser Arbeit entwickelten Methoden und Ergebnisse die synergetische 
Nutzung von harmonisierten Multisensor-Zeitreihen in zukünftigen Fernerkun-
dungsanwendungen. 
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Chapter I 

Introduction 

1 Rationale and structure 

For nearly 50 years, remote sensing satellites have been continuously acquir-
ing image datasets that provide valuable information about the Earth's surface 
and atmosphere. Together, they are ideally suited for long-term and large-scale 
change detection and environmental monitoring applications. Especially in the 
last two decades, the number of Earth observation (EO) satellites increased rap-
idly (Zhao et al., 2022), which more and more improved the spatio-temporal 
availability of the data. With ongoing technological developments and due to the 
broad spectrum of applications as well as the tradeoff between spatial, spectral, 
and temporal resolutions (Al-Wassai and Kalyankar, 2013), many different sen-
sor systems have been developed, each optimized to specific fields of application. 
Consequently, there are significant differences in the specifications of the sensors. 

These disparities in turn make it difficult to conduct multi-sensor studies and 
to exploit the full potential of the available sensors to fill spatial or temporal data 
gaps or to create long-term multi-sensor time series (Moreno-Martínez et al., 
2020). Although many studies have been conducted that rely on long-term time 
series, they are often based on a single sensor (e.g., Hansen et al., 2013; Lewis et 
al., 2016, 2017; Zhu et al., 2015b; Zhu and Woodcock, 2014). Multi-sensor time 
series require the underlying data to have the same coordinate pixel grid, which 
is often not the case when incorporating data from different providers. For exam-
ple, Landsat-8 and Sentinel-2 data come with different spatial resolutions (30 m 
vs. 10/20/60 m) and the pixel origin coordinates do not fit together. Additionally, 
spatial misregistrations, i.e., small shifts between the individual datasets, reduce 
the accuracies of subsequently derived products. Even if within the sub-pixel 
range, they can lead to pseudo-variations (Dai and Khorram, 1998) and thus mis-
interpretations, especially in urban or other spatially heterogeneous areas 
(Sundaresan et al., 2007; Swain et al., 1982). This is not only an issue of multi-
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sensor data but may also affect multi-temporal images acquired by a single sen-
sor. Apart from that, different spectral characteristics of the sensors, i.e., varying 
wavelength positions or widths of the spectral bands, lead to slight inconsisten-
cies in the acquired spectral information (Hong and Zhang, 2008; Steven et al., 
2003; Teillet et al., 1997), which may be further propagated without correction. 

Sensor fusion techniques aim to reduce these biases and facilitate the syner-
getic use of the vast number of datasets collected worldwide. Being able to 
combine them in multi-sensor time series significantly enriches the temporal in-
formation (Shao et al., 2019), which is particularly valuable in regions with 
frequent cloud cover or when monitoring highly dynamic landscapes (Lu et al., 
2014). Additionally, it may help to mitigate noise in time series, e.g., caused by 
thin clouds, haze, shadows, or soil moisture variations. However, existing algo-
rithms are often not designed to handle different sensor characteristics, the 
complexity of Earth's surface or atmospheric dynamics, they are not openly avail-
able or difficult to use. Thus, there is a strong need of precise, robust, and open-
source harmonization algorithms applicable to a wide range of sensors. Moreo-
ver, further research is needed to better understand the extent of multi-sensor 
inconsistencies, their error patterns, and their impact on typical remote sensing 
applications.  

In this context, the overall objective of this thesis is to contribute methodi-
cally to the state-of-the-art in multi-sensor satellite data fusion and to investigate 
to what extent a precise harmonization may enhance parameter retrieval from 
remote sensing data. By developing two open-source algorithms for spatial and 
spectral harmonization, the aim is to facilitate the creation of high-quality, anal-
ysis-ready data (ARD) for the remote sensing community. While supporting the 
harmonization of a wide range of multi-sensor data, the algorithms should inte-
grate easily with existing workflows. A high level of robustness is needed to 
handle the heterogeneities of multi-sensor data. Another aim of this thesis is to 
gain a deeper understanding of existing inter-sensor and intra-sensor, as well as 
spatial and spectral deviations and their role to subsequent products. 

This thesis contains five main chapters. Figure I-1 outlines the structure and 
summarizes the highlights of each chapter. Chapter I introduces the research 
background of spatial and spectral harmonization and provides an overview 
about the aims and objectives of the thesis as well as the research framework in-
cluding study areas and data used. Chapters II - IV represent manuscripts of 
stand-alone research articles that contribute to the overall objectives of the thesis. 
Chapter II proposes a new automated and robust multi-sensor co-registration al-
gorithm, called AROSICS. The article describes the implemented method and 
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evaluates its effectiveness at the example of four inter- and intra-sensor use cases. 
Chapter III focusses on the harmonization of unequal spectral definitions and 
proposes a novel technique based on land cover dependent transformation func-
tions. It allows not only the transformation of spectrally overlapping bands but 
also the prediction of unilaterally missing bands, especially in the red edge spec-
tral region. The resulting estimations are evaluated using simulated and native 
Landsat-8 and Sentinel-2 data, with simulated data generated from hyperspectral 
images. Based on this harmonization technique, Chapter IV evaluates the effect 
of spatial and spectral harmonization on the estimation of burn severity as an 
exemplary parameter retrieval application. In particular, it investigates the use 
of additional red edge information and dense time series enabled by sensor fu-
sion. Finally, Chapter V provides a synthesis of the thesis by summarizing and 
discussing the main results with respect to the research objectives and questions 
and suggests potential directions of future work. 

Figure I-1. Thesis structure and highlights of the chapters. 

2 Research background 

This section provides a brief overview about the theoretical background of 
sensor fusion and the state of the art in geometric and spectral harmonization of 
remote sensing data (Sections I-2.1 and I-2.2) and identifies potential research 
gaps, which can be derived. Furthermore, parameter retrieval is outlined as a 
field of application benefiting from sensor fusion products (Section I-2.3). Here, 
a special focus is laid on burn severity estimation, which is investigated in depth 
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in this thesis. For detailed descriptions of the state-of-the-art, reference is made 
to the three standalone research articles (Sections II-1, III-1, and IV-1). 

Figure I-2 illustrates the spatial and spectral disparities of multi-sensor sat-
ellite data and the principle of applying harmonization techniques to combine 
the data into dense, analysis-ready time series.  

Figure I-2. Principle of spatial and spectral harmonization for generating 
dense, analysis-ready time series of satellite images (Figure: © M. Thiele, GFZ 
Potsdam). 

2.1 Geometric harmonization of remote sensing data 

Spatial misregistrations, i.e., small geometric shifts between one georefer-
enced image dataset and another, represent a common issue in remote sensing 
data analysis. They typically range from the sub-pixel scale to a few pixels and 
occur primarily between images from different providers but can also exist in 
multi-temporal data from a single sensor. Causes are manifold, ranging from un-
even densities of ground control points, to unequal reference datasets, differing 
accuracy requirements of the satellite missions, unequal provider pre-processing 
software, low image contrast, large water or cloud areas, orthorectification issues, 
to unmodelled sensor movements like micro-vibrations (Storey et al., 2016; Wolfe 
et al., 2002; Yan et al., 2018). In most cases, the shift length and direction varies 
throughout the image depending on the cause of the misregistration. Without 
correction, spatial shifts can severely affect subsequent remote sensing products, 
e.g., image classifications, or change detection results. However, the specific ef-
fects depend on the homogeneity of the Earth's surface and reach their maximum 
at edges of high image contrast (Roy, 2000). At these spatial locations, the gray 
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value patterns vary between scenes, leading to downstream pseudo-discrepan-
cies. 

The term geometric harmonization denotes the unification of spatial heter-
ogeneities between multi-sensor, multi-temporal remote sensing data. This 
includes two components: (1) the co-registration, i.e., the detection and correction 
of spatial misregistrations, and (2) the resampling and reprojection of the data to 
standardize unequal ground sampling distances, pixel origins and projections. 

Several difficulties are usually encountered in correcting these heterogenei-
ties. Besides the above-mentioned differences in the spatial sensor characteristics, 
multi-sensor data are often acquired with different viewing angles, fields of view, 
acquisition dates, and times of day. Consequently, image registration techniques 
need to be robust to differing image overlaps, varying amounts of bidirectional 
reflectance distribution function (BRDF) effects, land cover changes, clouds, or 
shadows. Additionally, sensor specific spectral definitions, file formats, and 
other technical aspects, such as data types or no-data values, need to be handled. 

Several techniques exist to adapt different pixel grids by spatial resampling 
or pan-sharpening (reviewed at Ghassemian, 2016; Javan et al., 2021; Li et al., 
2017), i.e., the spatial enhancement of one dataset based on a higher resolved pan-
chromatic image. However, resampling techniques are well-researched and im-
plemented in various open-source software-packages that can be easily 
integrated into existing workflows. Similarly, for pan-sharpening, there are var-
ious techniques available, which are easy to use and applicable to multiple 
sensors, e.g., implemented in GDAL (GDAL/OGR Contributors, 2022), the Orfeo 
Toolbox (CNES, 2022), ArcGIS (ESRI, 2022), QGIS (QGIS.org, 2022), or GRASS 
GIS (GRASS Development Team, 2022), or available as stand-alone software 
packages (like Cánovas-García et al., 2020). Therefore, they are not in the focus of 
this thesis. 

Numerous techniques have also been developed in the field of co-registra-
tion, which can be broadly divided into feature-based and intensity-based 
approaches (Zitová and Flusser, 2003). The former use salient features in the im-
ages, such as road intersections, buildings, or other stable objects with sharp 
edges, while the latter rely on similar gray-value patterns that coincide in the two 
images being co-registered. Accuracies vary by the particular technique, whereas 
both enable sub-pixel registration. The main advantage of feature-based tech-
niques, however, is processing speed, whereas intensity-based techniques are 
independent of significant image features, qualifying them for operational use, 
regardless of image content (Chen et al., 2003; Zitová and Flusser, 2003). How-
ever, the automatic generation of dense and evenly distributed, accurate tie point 
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grids still remains a major challenge. Although automated algorithms exist (e.g., 
Behling et al., 2014; Brown, 1992; Gao et al., 2009; Gianinetto, 2012; Leprince et al., 
2007; Liang et al., 2014; Wong and Clausi, 2007; Yan et al., 2016), many of them 
are not designed to robustly handle the complex heterogeneity of multi-sensor, 
multi-temporal data, or are not publicly available or difficult to use. Also, the 
validations and performance assessments of the existing methods are often lim-
ited to a single sensor, which makes it hard for users to judge whether or not an 
algorithm is suited for a particular application. 

This illustrates the strong need of a commonly usable image co-registration 
technique that can not only handle the technical discrepancies between multiple 
sensors but also the challenges posed by a dynamic, natural landscape and at-
mosphere. Such an algorithm needs to be tested and validated at representative 
inter- and intra-sensor use cases while covering different landscape types at mul-
tiple atmospheric states. The algorithm should be applicable to various remote 
sensing sensors and accessible to researchers all over the world. Apart from that, 
further research is needed to characterize the spatial misregistration patterns be-
tween multi-sensor, multi-temporal data. 

2.2 Spectral harmonization of remote sensing data 

Optical remote sensing sensors typically feature various spectral bands, 
which not only cover the visible range of the electromagnetic spectrum (VIS, 
~400 – 700 nm) but also the near-infrared (NIR, ~750 – 1000 nm), and the 
shortwave-infrared (SWIR, ~1000 – 2500 nm). Those sensors enable differentia-
tion between surface materials and detection of certain land cover properties or 
atmospheric compositions. Thermal and radar sensors acquire thermal emissiv-
ity in the thermal infrared (TIR, ~8 – 15 µm) and the back-scattered radar signal, 
respectively. The number of spectral bands as well as their central wavelength 
position and width differ from sensor to sensor depending on the specific pur-
pose of the instrument. Multispectral sensors usually have three to ten broad 
spectral bands while hyperspectral sensors measure in hundreds of narrow 
bands. Although Earth Observation (EO) satellites, such as those of the Landsat 
family (NASA) or Sentinel-2 (ESA), are often intentionally designed with similar 
spectral characteristics to ensure long-term inter-comparability of the acquired 
data, there are still discrepancies in the number of bands and the spectral re-
sponses of individual sensors. For example, Sentinel-2 data are recorded with 
three additional bands in the red edge spectral region (~680 – 750 nm), which do 
not exist at the Landsat satellites (Drusch et al., 2012). But also spectrally overlap-
ping bands have slightly different spectral responses, which introduce inter-
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sensor deviations in derived products like spectral indices or classifications 
(Teillet et al., 1997). 

Spectral harmonization refers to the transformation of the spectral infor-
mation of one sensor into the spectral domain of another one. This equalizes the 
number of spectral bands and reduces spectral inconsistencies among multi-sen-
sor images or time series and subsequent products and analysis results. 
Moreover, it simplifies downstream workflows that rely on the spectral infor-
mation of multi-sensor data as it eliminates the need to develop sensor-specific 
processing algorithms. For example, in case of a machine-learning-based classifi-
cation, it would reduce the effort of classifier training as training would be 
limited to a single spectral domain. 

Several techniques exist, which are based on statistical relations of equiva-
lent multi-sensor bands to accomplish such a spectral band transformation 
(Chastain et al., 2019; Claverie et al., 2018; Flood, 2014, 2017; Hong and Zhang, 
2008; Roy et al., 2016a; Zhang et al., 2018). With the NASA Harmonized Landsat-
Sentinel-2-product (HLS; Claverie et al., 2018), there is also a public data product 
available where Landsat-8 and Sentinel-2 are brought into a common spectral 
domain. However, the underlying techniques are all based on univariate regres-
sion or histogram matching, i.e., simple band-to-band relationships, which 
produce satisfactory results when applied to spectrally overlapping bands with 
similar band position and width but cannot be used to estimate unilaterally miss-
ing bands. Consequently, they are limited to bands, which have direct 
equivalents among the involved sensors so that the generated harmonized prod-
ucts, e.g., not contain any red edge bands if not existing in all input sensors of the 
harmonization. This unused potential limits the usefulness of the harmonization 
products as the red edge spectral region is known to provide valuable infor-
mation, particularly for vegetation parameter retrieval (Curran et al., 1990; Filella 
and Peñuelas, 1994). Moreover, applying a single set of harmonization coeffi-
cients to entire spectral bands leads to spatially varying estimation performances, 
depending on the surface material, with larger errors for spectra with stronger 
deviations from the global average (Flood, 2014). However, little is known about 
how much the use of global transformation coefficients on various land cover-
ages limits the data quality of the harmonization result. 

Therefore, there is a need for methodical advances in the existing techniques 
for spectral harmonization to (1) enable an accurate estimation of unilaterally 
missing spectral information, especially in the red edge region, and (2) to reduce 
spatially varying harmonization errors. Apart from that, further research is 
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needed to assess the estimation performance of different harmonization tech-
niques and to quantify the estimation errors depending on surface materials and 
the wavelengths of the estimated bands. This is also required to better under-
stand the impact of a thorough spectral harmonization on subsequent products 
like spectral indices or parameter retrieval results. 

2.3 Parameter retrieval and mapping based on multi-sensor sat-
ellite image time series 

The retrieval of environmental parameters from space is a crucial, and 
probably the most cost-effective technology for large-scale and long-term moni-
toring, mapping, and quantification of environmental processes and 
anthropogenic influences (Berjón et al., 2013). Based on high-quality remote sens-
ing images, physical models, and robust retrieval and validation approaches, a 
vast number of parameters can be derived. This includes, e.g., biophysical pa-
rameters like leaf area index or chlorophyll content, material contents of the 
Earth's surface or atmosphere, and damage assessments following natural disas-
ters. In this context, a high temporal resolution is key for achieving accurate 
analysis results, particularly in case of quickly evolving processes or in regions 
with frequent cloud cover (Gao et al., 2006). Sensor fusion can significantly in-
crease the density of time series and thus contribute to improved parameter 
retrieval and mapping results. 

In this thesis, the benefit of sensor fusion for the estimation of burn severity 
is investigated in depth as an example for parameter retrieval, which might ben-
efit from harmonized multi-sensor time series. Burn severity is a damage 
measure, which quantifies the environmental impact of a fire event including 
short-term effects and long-term ecosystem responses in the first years following 
an event (Lentile et al., 2006; Veraverbeke et al., 2018). Due to the direct links 
between consumed organic matter and greenhouse gas emissions, the global car-
bon budget, erosion, water runoff, and albedo (Bowman et al., 2020; Xu et al., 
2020), burn severity maps are a valuable input for climate models where they 
contribute to a realistic estimation of combustion coefficients (Stenzel et al., 2019). 
Therefore, the accurate estimation of burn severity is a cutting-edge issue in the 
context of climate change and global warming. 

Despite field-based measurements using the composite burn index (CBI), a 
numerical expression of post-fire vegetation damage at a certain position (details 
in Section IV-1), burn severity can be estimated from space with CBI ground truth 
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data used for model calibration. Existing techniques often use multispectral sat-
ellite data and rely on mono- or bi-temporal indices that show good correlations 
to field-based CBI data. Especially the Normalized Difference Vegetation Index 
(NDVI) and the Normalized Burn Ratio (NBR) computed from a single satellite 
image or as the differential version from a bi-temporal image pair 
(dNDVI/dNBR) evolved to the most used spectral indices in this field 
(Szpakowski and Jensen, 2019; Veraverbeke et al., 2010). However, the timing of 
the individual acquisitions is known to be of utmost importance and has consid-
erable influence on the estimated burn severity (Allen and Sorbel, 2008; Chen et 
al., 2020; Frantz et al., 2022; Morresi et al., 2022; Veraverbeke et al., 2010; Verbyla 
et al., 2008). This is critical in regions where only a few cloud-free images are 
available throughout the year or in case of rapid post-fire biomass recovery 
(Morresi et al., 2022). Efforts to incorporate dense time series information to ad-
dress this issue when estimating burn severity, nevertheless, are rare, although 
some studies exist for estimating burned area (Filipponi, 2019; Hawbaker et al., 
2017; Jakimow et al., 2018). Apart from that, the potential of the red edge spectral 
region for estimating burn severity is hardly researched, which is likely linked to 
the limited availability of freely-available data covering this wavelength region 
until the launch of the Sentinel-2A in 2015 (Fernández-Manso et al., 2016). Alt-
hough existing studies point out the usefulness of the red edge in relation to burn 
severity (Fernández-Manso et al., 2016; Mallinis et al., 2018; Navarro et al., 2017; 
Quintano et al., 2018), the capability to estimate burn severity was not quantified 
yet among existing approaches. Demonstrating the usefulness of synthesized red 
edge information in this context would be a valuable finding, as this could con-
tribute to improving historic burn-severity maps by back-casting the red edge 
information onto the vast Landsat archive. 

Therefore, there is a need for further research, especially against the back-
ground of dense time series enabled by sensor fusion and the new capabilities 
arising from the estimation of synthesized red edge information. Such research 
should investigate how far burn severity estimations can be improved when (1) 
incorporating additional red edge information, and (2) using the entire infor-
mation density from multi-sensor satellite image time series. Further knowledge 
is also needed to better understand under which topographical and ecological 
circumstances a rather data driven approach may be beneficial for burn severity 
estimation. The results can serve as a showcase to demonstrate the added value 
of geometric and spectral harmonization for subsequent parameter retrieval ap-
plications. 
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3 Research objectives and research questions 

Based on the research gaps identified in Section I-2, the following section 
points out the main objectives of this thesis and the specific objectives of each 
research article. 

The main objectives of the thesis are: 

1. to quantify existing spatial and spectral deviations between multi-sensor,
multi-temporal satellite data,

2. to develop robust algorithms to reduce these deviations in order to gen-
erate harmonized data products, and

3. to evaluate the effectiveness of the proposed algorithms using realistic
case studies and applications.

These objectives are addressed in the stand-alone manuscripts in Chap-
ters II - IV, which are all published or submitted to international, peer-reviewed 
scientific journals. The manuscript of Chapter IV has been submitted to the jour-
nal and is currently awaiting review. Since each article represents independent 
research, it should be noted that some overlapping information among these 
chapters and the dissertation itself exist, especially in the introductory sections, 
but also in the descriptions of the data and methods. 

In the following, each chapter is briefly introduced by providing the publi-
cation information and their individual objectives in the context of the overall 
objectives of the thesis: 

Chapter II - AROSICS: An Automated and Robust Open-Source Image Co-
Registration Software for Multi-Sensor Satellite Data 

published as: 
Scheffler, D., Hollstein, A., Diedrich, H., Segl, K., Hostert, P., 2017. 

AROSICS: An Automated and Robust Open-Source Image Co-
Registration Software for Multi-Sensor Satellite Data. Remote Sensing 
9, 676. https://doi.org/10.3390/RS9070676 

This chapter proposes a newly developed co-registration approach for multi-
sensor, multi-temporal satellite data, i.e., a technique for geometric 
harmonization. 

https://doi.org/10.3390/RS9070676
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Objectives: 

• to develop of an automated, robust, and open-source co-registration tool
with sub-pixel accuracy applicable to a wide range of sensors

• to characterize and quantify the spatial misregistrations between various
multi-sensor satellite images to better understand different distortion pat-
terns and their indications

• to demonstrate the effectiveness of the co-registration for intra- and inter-
sensor use cases and assess its robustness to different sensor characteris-
tics, atmospheric states, and surface coverage changes

Chapter III - Spectral harmonization and red edge prediction of Landsat-8 to 
Sentinel-2 using land cover optimized multivariate regressors 

published as: 
Scheffler, D., Frantz, D., Segl, K., 2020. Spectral harmonization and red edge 

prediction of Landsat-8 to Sentinel-2 using land cover optimized 
multivariate regressors. Remote Sensing of Environment 241, 111723. 
https://doi.org/10.1016/j.rse.2020.111723 

This chapter proposes a novel approach for spectral harmonization, which 
not only allows to predict spectrally overlapping but also unilaterally missing 
bands. 

Objectives: 

• to develop a technique for spectral harmonization of multi-sensor remote
sensing data

• to investigate the effect of using material-specific prediction functions to
improve harmonization accuracies

• to characterize the harmonization performance with a special focus on
unilaterally missing bands and subsequently derived products

In particular, the article evaluates the transformation of Landsat-8 spectra 
into the spectral domain of Sentinel-2 including the prediction of red edge bands. 

https://doi.org/10.1016/j.rse.2020.111723
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Chapter IV - Improved burn severity estimation by using land surface phenol-
ogy metrics and red edge information estimated from Landsat 

submitted as: 
Scheffler, D., Frantz, D., 2022. Improved burn severity estimation by using 

land surface phenology metrics and red edge information estimated 
from Landsat. International Journal of Applied Earth Observation and 
Geoinformation (submitted). 

Chapter IV uses a time series of Landsat-5 and Landsat-7 data along with 
synthesized red edge spectral information generated with the spectral harmoni-
zation technique from Chapter III to evaluate the role of sensor fusion for burn 
severity estimation. 

Objectives: 

• to investigate the benefits from using dense time series made available
through sensor fusion techniques for burn severity estimation

• to evaluate the added value of using synthesized red edge spectral infor-
mation for burn severity estimation

Based on the above-mentioned objectives, the following main research ques-
tions of the thesis can be derived: 

1. What are the spatial deviations between multi-sensor satellite images and
to what extent can they be corrected?

2. How large are the spectral deviations and to what extent can material-
specific prediction functions improve the estimation of homologous and
unilaterally missing bands?

3. What is the quantitative and qualitative effect of using spatially and spec-
trally harmonized multi-sensor time series for parameter retrieval?
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4 Research framework 

To illustrate the research framework of the thesis, Sections I-4.1 and I-4.2 pro-
vide an overview of the study areas and list the datasets used, including multi- 
and hyperspectral satellite data, ground truth data, and other vector data. 

4.1 Test sites and study areas 

Since Chapters II and III represent methodical studies, they are not bound to 
a specific study area but rather test and evaluate the developed algorithms in 
various selected test sites. Their locations were chosen with respect to optimal 
conditions to evaluate co-registration accuracies (Chapter II) and spectral harmo-
nization performances (Chapter III). Detailed descriptions of the study areas of 
these chapters are omitted here as well as in the respective articles due to the 
exchangeability of the sites. 

The selection criteria in Chapter II (geometric harmonization) mainly in-
volved land use, terrain, and atmospheric conditions, with their implications to 
image contrast, potential orthorectification inaccuracies, clouds, and shadows. 
We selected two test sites for inter-sensor evaluations, which cover a mix of ag-
ricultural and urban areas in Brandenburg, Germany, (110 by 110 km) and a 
mountainous region in western Kyrgyzstan (25 by 25 km). Another two sites in 
northwestern Poland and northeastern Brazil were used for intra-sensor co-reg-
istration cases. However, for the case in Poland, the study area was not crucial as 
it focused on the evaluation of the band-to-band co-registration capabilities of the 
proposed approach where only image contrast is relevant, not the land coverage 
itself. 

The spectral harmonization approach proposed in Chapter III employs ma-
terial-specific regressors to improve harmonization accuracies and was therefore 
evaluated at test sites with an intentionally high variety of different surface ma-
terials. Three exemplary sites were selected. One of them covers the airport of 
Berlin Tegel, Germany, and the surrounding areas (1.4 by 1.4 km) while the other 
two represent agricultural areas at the south-coast of Crete, Greece (6 by 4.8 km), 
and in Brandenburg, Germany (22.5 by 18 km). Surface coverages contain vari-
ous types of vegetation, bare soils, urban/sealed areas, and water. 

Chapter IV represents an application-oriented study with a direct focus on 
the Jasper fire scar, located in the Black Hills National Forest, South Dakota, USA. 
Since the study aims to assess the added value of additional red edge spectral 
information generated through spectral harmonization as well as the role of 
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dense time series for burn severity estimation, it was necessary to respect the fol-
lowing criteria for the selection of the study area: 

• the presence of a sufficiently large fire-affected area comprising various
burn severity levels

• the availability of corresponding ground truth data indicating burn se-
verity as measured in the field

• the availability of a dense time series of cloud-free satellite images as well
as several hyperspectral images to train regionally optimized material-
specific regressors

In a first attempt, we aimed to conduct our study at fire scars in Australia in 
collaboration with researchers of the University of Queensland. However, a thor-
ough investigation of the available data (Goodwin and Collett, 2014; TERN, 2022)
revealed significant inaccuracies in the existing burned area products and a lack 
of suitable training and ground truth data co-located to the known fire perime-
ters. As an alternative, we focused on multiple fire scars in California, where the 
Monitoring Trends in Burn Severity (MTBS) fire service and the United States 
Geological Survey (USGS) CBI database for Conterminous U.S. (Picotte et al., 
2019) can be used as sources for burned area maps and ground truth measure-
ments. However, temporal limitations of the CBI database constrained the time 
period to the phase where Landsat-7 only acquired images containing gaps due 
to a sensor defect, which, together with high cloud coverage, made it infeasible 
to derive sufficient information for parameter retrieval from the satellite data. 

Instead, the study area of the Jasper fire (Black Hills) benefits from the semi-
arid steppe climate ensuring low cloud coverage throughout the year. Addition-
ally, the timing of the fire event in August/September 2000 fits the period where 
Landsat-5 and -7 were both fully operational. The Jasper fire scar represents a 
well-researched study area (Chen et al., 2008, 2011; Zheng et al., 2016), which is 
also covered by the above-mentioned sources of burned area maps and CBI 
ground truth data. Hyperspectral satellite data were available from the PRISMA 
sensor (Section I-4.2). Further details are given in Section IV-2.1. 

4.2 Data basis 

Various spatial datasets were used throughout the thesis to address the re-
search objectives and questions (Section I-3). This includes multi- and 
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hyperspectral satellite images, airborne hyperspectral data, radar satellite im-
ages, as well as ground truth vector data. In Table I-1 an overview of the main 
characteristics of the used remote sensing images is provided. 

Table I-1. Main characteristics of the used remote sensing image data. 

Sensor Sensor 
 type 1 

Spatial  
resolution [m] 

No. of 
bands 

Spectral 
range [nm] 

Scene  
dimensions 

[km] 

Used product 
level 

Provider 

Landsat-5 M 30 /120 7 450-2350 170 /183 1TP USGS 

Landsat-7 M 15/ 30 /60 8 450-2350 170 /183 1TP USGS 

Landsat-8 M 15/ 30 / 100 11 430-2290 170 /183 1T USGS 

Sentinel-2 M 10 / 20 / 60 13 443-2190 290 / 290 1C ESA 

RapidEye-5 M 5 5 440-850 25 / 25 3A BlackBridge 

TerraSAR-X R 2.75 1 3e7 (X-band) 52.5 / 43 EEC DLR 

AISA  
Eagle/Hawk 

HA 
4 450 400-2506.7 1.8 / 13.8 2 GFZ 

APEX HA 2-5 199 380-2500 <1.5 / <13.5 2C VITO, BELSPO 

HyMap 
HA 

3.5-15 126 429-2493.8 <2.5 / <42 2 
CSIRO, DLR, 

GFZ, LMU 

PRISMA HS 5 / 30 238 400-2505 30 / 30 2C ASI 

 
1 1 M: multispectral; R; radar; HA: hyperspectral, airborne; HS: hyperspectral, space-born 

 
A key objective of Chapter II was to develop a co-registration algorithm ap-

plicable to a wide range of multi-sensor satellite images, which requires 
robustness against different spatial resolutions, spectral band positions, land 
cover changes, and atmospheric conditions. Therefore, the proposed approach 
was evaluated at various inter- and intra-sensor use cases incorporating image 
data from Landsat-8, Sentinel-2, RapidEye-5, and TerraSAR-X. Landsat-8 and 
Sentinel-2 were chosen as these sensors acquire freely available data since 2013 
and 2015, respectively, and are widely used in the community (Ngadze et al., 
2020; Shao et al., 2019). For a first inter-sensor use case, a 15-m-sharpened Land-
sat-8 composite (generated and provided by Earthstar Geographics LCC, 2017) is 
used together with a 10-m-Sentinel-2 band to show the performance in case of 
similar spatial resolutions. RapidEye-5 is provided with 5 m spatial resolution 
(initially acquired at 6.5 m (Chander et al., 2013)) and together with native Land-
sat-8 (30 m) the data were used to demonstrate the co-registration performance 
at greatly differing spatial resolutions. TerraSAR-X was used for an intra-sensor 
use case to assess the effectiveness of the algorithm in case of bi-temporal radar 
images, which contain a high level of image noise. 

Chapter III considers the different spectral domains of Landsat-8 and Senti-
nel-2, which not only differ in slight variations of the band center wavelengths 
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and widths but also in three additional red edge spectral bands, which are only 
available at Sentinel-2 (at 704, 740, and 782 nm). Since a main focus of this study 
is put on the estimation of unilaterally missing spectral information, the combi-
nation of Landsat-8 and Sentinel-2 provided an ideal basis for evaluating the 
proposed spectral harmonization approach. The hyperspectral airborne data 
(AISA Eagle/ AISA Hawk, APEX, and HyMap) were used to build up a spectral 
database consisting of spectra with a high variety of different spectral materials 
from all over the world, which was then used to train material-specific regressors. 
Varying spatial resolutions were not relevant for our study as the regressor train-
ing benefits from different portions of pure and mixed spectra (see Section 
III-4.6). Apart from that, the hyperspectral data were used to simulate Landsat-8 
and Sentinel-2 images where the image content only differs in its spectral do-
main. This approach was taken to establish an unbiased performance assessment. 

The Landsat-5 and -7 data are used in Chapter IV where dense time series 
between 1998 and 2003 provide the basis for evaluating the spectral harmoniza-
tion approach proposed in Chapter III in the context of a burn severity 
assessment as a case study for enhanced parameter retrieval. The hyperspectral 
PRISMA L2C data are used to train regionally optimized material-specific regres-
sors. Although they were acquired in 2021, which may introduce biases due to 
changed surface coverage, we note that no temporally matching hyperspectral 
images were available for our study area. AVIRIS data could not be used due to 
quality issues, such as atmospheric over-corrections. The CBI data (Picotte et al., 
2019) represent point-wise ground truth data quantifying field-measured burn 
severity at 66 positions within the Jasper fire perimeter, which was itself retrieved 
from the MTBS fire service (https://www.mtbs.gov/; Finco et al., 2012). Finally, 
we used an SRTM digital elevation model (NASA, 2013) in Chapter IV to inves-
tigate relations between surface elevation and the performance of burn severity 
estimations.  
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Abstract 

Geospatial co-registration is a mandatory prerequisite when dealing with re-
mote sensing data. Inter- or intra-sensoral misregistration will negatively affect 
any subsequent image analysis, specifically when processing multi-sensoral or 
multi-temporal data. In recent decades, many algorithms have been developed 
to enable manual, semi- or fully automatic displacement correction. Especially in 
the context of big data processing and the development of automated processing 
chains that aim to be applicable to different remote sensing systems, there is a 
strong need for efficient, accurate and generally usable co-registration. Here, we 
present AROSICS (Automated and Robust Open-Source Image Co-Registration 
Software), a Python-based open-source software including an easy-to-use user 
interface for automatic detection and correction of sub-pixel misalignments be-
tween various remote sensing datasets. It is independent of spatial or spectral 
characteristics and robust against high degrees of cloud coverage and spectral 
and temporal land cover dynamics. The co-registration is based on phase corre-
lation for sub-pixel shift estimation in the frequency domain utilizing the Fourier 
shift theorem in a moving-window manner. A dense grid of spatial shift vectors 
can be created and automatically filtered by combining various validation and 
quality estimation metrics. Additionally, the software supports the masking of, 
e.g., clouds and cloud shadows to exclude such areas from spatial shift detection.
The software has been tested on more than 9000 satellite images acquired by dif-
ferent sensors. The results are evaluated exemplarily for two inter-sensoral and 
two intra-sensoral use cases and show registration results in the sub-pixel range 
with root mean square error fits around 0.3 pixels and better. 

1 Introduction 

Remote sensing datasets are usually provided as georeferenced image da-
tasets. Nevertheless, often, slight displacements between images of different 
sensors or even within the same sensor exist. Precise co-registration is a funda-
mental requirement for many remote sensing applications, such as 
environmental mapping, change detection, image fusion or mosaicking (Behling 
et al., 2014; Dai and Khorram, 1998; Liang et al., 2014; Sundaresan et al., 2007; 
Townshend et al., 1992). Even misregistrations in the sub-pixel range can affect 
the reliability of change detection maps (Sundaresan et al., 2007; Swain et al., 
1982). In recent years, various image registration algorithms have been proposed. 
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However, accurate detection and correction of geospatial misalignments be-
tween images still presents challenges (Dalmiya and Dharun, 2015; Le Moigne et 
al., 2011). There is therefore a need for fast and efficient image co-registration 
algorithms, especially considering the rapidly growing remote sensing data vol-
umes available during recent years and the need for fully automated pre-
processing and analysis pipelines that make use of multi-sensoral and multi-tem-
poral data sources. The overall challenge is to provide a fully operational 
algorithm that can handle the heterogeneity of satellite data acquired all over the 
world at different times by different sensors with varying atmospheric conditions 
and differing acquisition and illumination geometries. 

In general, two groups of image registration techniques exist: intensity based 
and feature based (Zitová and Flusser, 2003). Intensity-based techniques rely on 
the recognition of similar gray value patterns that appear in both the reference 
and the target image. Proposed algorithms differ in terms of how this similarity 
is detected and how it is quantified. The general approach of feature-based tech-
niques is to detect the image positions of ground objects based on distinct 
recognition features, such as crossroads, buildings, borders of agricultural par-
cels, well-defined mountain ridges or other sharply delineated objects that are 
not subject to change in time and space. Both groups have advantages and dis-
advantages with regard to different application fields. Feature-based techniques 
are often computationally inexpensive and have the potential to precisely quan-
tify displacement vectors in the sub-pixel range while requiring distinctive 
objects and often suffering from unevenly distributed positive matches (Chen et 
al., 2003). Consequently, the success rate is strongly dependent on the appearance 
and composition of the Earth's surface, prohibiting operational applicability. In 
contrast, intensity-based techniques also allow sub-pixel accuracies to be 
achieved, and they are not dependent on the presence of significant image fea-
tures. However, they are limited to non-excessive image distortions, and 
especially correlation-based techniques have a tendency to require more compu-
tational power (Long et al., 2016; Zitová and Flusser, 2003). 

Extensive research has been conducted; several review papers and compari-
son studies detail improvements in accuracy and reliability and how to mitigate 
limitations on both groups of co-registration techniques (Brown, 1992; Dawn et 
al., 2010; Le Moigne et al., 2011; Zitová and Flusser, 2003). Moreover, many algo-
rithms have been proposed to automate the time-consuming process of tie point 
(TP) localization (e.g., Behling et al., 2014; Brown, 1992; Gao et al., 2009; 
Gianinetto, 2012; Leprince et al., 2007; Liang et al., 2014; Wong and Clausi, 2007; 
Yan et al., 2016). However, remote sensing applications place high demands on 
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the robustness and accuracy of the co-registration approach used, particularly if 
different sensors are involved and images cover long time periods and varying 
surface conditions of the Earth. Different sensor noise levels, variable cloud cov-
erages, acquisition and illumination angles, and various ground sampling 
distances, spectral band positions and geographic projections must all be consid-
ered in the design of a robust co-registration approach. Only a few algorithms 
have been proposed that are explicitly designed to handle the challenges arising 
from multi-sensoral and multi-temporal remote sensing image co-registration. 
Wong and Clausi (2007) presented ARRSI, a MATLAB-based, automated ap-
proach that was based on principle moments of phase-congruency in connection 
with a variation of RANdom SAmple Consensus (RANSAC) as outlier detection, 
called Maximum Distance Sample Consensus (MDSAC) (Wong and Clausi, 2007). 
It is applicable to inter- and intra-sensoral use cases. The COSI-Corr package was 
developed in 2007 by Leprince et al. and provides automatic co-registration and 
orthorectification of optical satellite images acquired by pushbroom sensor sys-
tems. It uses phase correlation and has been implemented as an IDL algorithm 
(Leprince et al., 2007). Gao et al. (2009) proposed a cross-correlation based ap-
proach called AROP for Landsat and Landsat-like data that can automatically 
register satellite images acquired by multiple sensors and robustly handle differ-
ent spatial resolutions and projections (Gao et al., 2009). Behling et al. (2014) also 
utilized a cross-correlation-based approach for detecting and correcting global 
X/Y translations between satellite image time series of multiple sensors in a ro-
bust and automated way (Behling et al., 2014). Yan et al. (2016) used a hierarchical 
image matching approach and combined intensity- and feature-based techniques 
to automatically co-register Landsat-8 and Sentinel-2 data globally (Yan et al., 
2016). However, all these algorithms either require many input parameters or 
preprocessing steps and are thus difficult to use, are embedded in proprietary 
(and often expensive) software, or are not designed to correct local displacements. 

The goal of this paper is thus to provide a generic and automated co-regis-
tration tool for georeferenced but only inadequately matching satellite images to 
achieve sub-pixel accuracies. The algorithm should further depend only on a 
minimum of input parameters, while allowing users to fine-tune the algorithm 
to match their individual needs. The following requirements have accordingly 
been identified and taken into account: 

• generic applicability to multi-sensoral and multi-temporal use cases, i.e.,
robustness against:

o varying acquisition and illumination geometries
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o varying atmospheric conditions and land cover dynamics
o different sensor noise levels, ground sampling distances, spectral

band positions
o different geographic projections, uneven coordinate grid align-

ments
• minimal impairment of data quality from resampling
• computational efficiency and being deployable on powerful server envi-

ronments as well as on customary desktop computers, while optimally
utilizing available resources

• simple integration into existing remote sensing processing pipelines
• simple usability though an automated software installation routine fol-

lowing customary Python standards, an easy-to-use software interface, a
minimum of obligatory input parameters and support for a wide range
of raster image formats

• public availability, using an open-source license-agreement

Here, we use phase correlation, an intensity-based registration technique, as 
the core technology to detect sub-pixel displacements. This way, we remain in-
dependent of distinct image features that are possibly unevenly distributed or 
completely missing, especially considering the background of highly dynamic 
surface coverages within multi-temporal satellite data. Phase correlation relies 
on deriving image displacements in the frequency (Fourier) domain and enables 
quick calculation of relative translational offsets between two images in the same 
dimension. Compared with other intensity-based algorithms such as classical 
cross-correlation, phase correlation delivers significantly higher accuracy due to 
a distinct peak in the cross-power spectrum indicating the point of registration 
(Chen et al., 1994; Foroosh et al., 2002; Heid and Kääb, 2012; Zitová and Flusser, 
2003). It delivers excellent co-registration results, even in the case of poor signal-
to-noise ratios and substantial ground cover changes between different images, 
e.g., due to seasonal vegetation dynamics (Foroosh et al., 2002; Rogass et al., 2013).
Adding to its robustness against albedo differences and its computational effi-
ciency (Joglekar and Gedam, 2012; Tong et al., 2015), an intensity-based co-
registration approach, such as phase correlation, is highly suited for a generic 
application to multi-sensor remote sensing datasets—provided that the geomet-
ric displacements follow a more or less affine or polynomial pattern, which 
would limit a phase correlation approach (Chen et al., 1994; Le Moigne et al., 2011; 
Zitová and Flusser, 2003). However, since remote sensing data are usually dis-
tributed as georeferenced datasets (even though not always precisely matching), 
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it can be reasonably assumed that the input datasets are already roughly match-
ing and do not show any severe geometric artefacts. This is certainly the case 
considering state-of-the-art Earth observation data, such as Sentinel-2, TerraSAR-
X or the novel Landsat collection data (Storey et al., 2016; Yoon et al., 2009; Young 
et al., 2017). 

2 Processing chain 

2.1 Algorithm overview 

The presented algorithm is called “AROSICS” (Automated and Robust 
Open-Source Image Co-Registration Software). It is based on a phase correlation 
approach as proposed by Foroosh et al. (2002) and makes use of Fourier shift 
theorem (Bracewell, 1965), enabling the determination of precise X/Y offsets at a 
given geographical position. However, phase correlation can only be used for 
two monochromatic (single-band) input images with exactly the same pixel di-
mensions, representing roughly the same (or slightly shifted) geographical 
position on the Earth's surface, ideally also with similar pixel intensity values. 
This is usually not fulfilled when dealing with multi-temporal and multi-sensoral 
image data (see Section II-1). Therefore, it was necessary to combine the pure 
phase correlation approach with additional processing and evaluation modules 
that are all integrated within the AROSICS framework, representing the intrinsic 
innovation of the presented work. 

The workflow is divided into three major processing steps (Figure II-1). 

• Input data preparation (Section II-2.2) including: (1) automatic selection of
the spectral bands from target and reference image to be used for co-reg-
istration; (2) no-data mask generation and combination with user-
provided masks (e.g., containing clouds and cloud shadows) to separate
bad-data masks for reference and target image; (3) calculation of the re-
spective footprint polygons and corresponding overlap area; (4) pixel
coordinate grid equalization; and (5) adjustment of matching window po-
sitions and sizes

• Detection of geometric shifts (Section II-2.3), either in a moving-window
manner for each point of a dense grid (local co-registration approach) or
for only a single coordinate position (global co-registration approach),
including validation
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Figure II-1. Flow chart of AROSICS (Automated and Robust Open-Source Im-
age Co-Registration Software). 
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• Correction of displacements (Section II-2.4), by warping the target image un-
der the use of a list of tie points (local co-registration approach) or a single
X/Y shift vector (global co-registration approach)

The presented workflows for correcting local or global displacements are 
separate algorithms and both part of AROSICS. The local co-registration ap-
proach applies phase correlation in a moving-window manner to a (by default) 
regular grid of coordinate points and estimates X/Y translations for each point 
within the overlap area of the input images. We validate the resulting shift vector 
grid based on a set of independent quality metrics (see Section II-2.3.2). The re-
maining points that passed all validation steps are then used as a list of tie points 
to fit an affine transformation model for warping the target image and thus for 
correction of detected local geometric misregistrations. In contrast, the global co-
registration approach computes the displacements at only one coordinate posi-
tion within a small image subset (from here: matching window). The target image 
is then shifted on the basis of a single displacement vector. This procedure is 
computationally inexpensive and thus very fast, which is not the case for the local 
approach. Moreover, it allows us to optionally disable image warping to correct 
sub-pixel X/Y shifts without any resampling—only by adjusting the geocoding 
metadata. This preserves initial pixel values, while at the same time not matching 
the coordinate grid of the reference image. However, global co-registration as-
sumes that the whole misregistration between reference and target image can be 
described by a constant (global) translation in the X and Y directions. It might be 
useful if the displacement patterns are sufficiently known to confirm this a priori 
or if any modification of original pixel values by resampling is an issue and needs 
to be strictly avoided. Against a backdrop of generic and operational applicabil-
ity to multi-sensoral and multi-temporal image data, we focus on the local co-
registration approach here. 

2.2 Input data preparation 

2.2.1 Obligatory and optional input data and parameters 

Obligatory input data and parameters have been intentionally omitted as far 
as possible. Instead, we incorporated a set of default and fall-back values along 
with automated algorithms for parameter derivation, which facilitates the use of 
the AROSICS framework but also enables fine-tuning of results by providing 
user-defined data. Consequently, only a reference and a target image and a grid 
resolution (in case of local co-registration) defining the distance of tie points 
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within the generated dense grid have to be provided. An appropriate grid reso-
lution depends on the complexity of the expected misregistration patterns. Small 
point distances enable the correction of more complicated distortions but in-
crease computational load. The input images must have valid geocoding 
information corresponding to any geographic or UTM map projection (equal ge-
ographical datum). Various raster image formats are supported (Open Source 
Geospatial Foundation, 2017). In addition, it is always reasonable to provide a 
mask of areas with non-opaque clouds in the input images to decrease error prob-
abilities in co-registration and to speed up processing. No-data masks indicating 
the image areas filled by the no-data value are automatically generated. The no-
data value is read from the input image metadata if specified there or alterna-
tively automatically derived from a 3 × 3 window at each image corner. 
Generated and user-provided masks are combined to separate (1-bit) bad-data 
masks for reference and target image. 

2.2.2 Determination of optimal spectral bands used for matching 

In the case of a multi- or hyperspectral input image to be co-registered, au-
tomatic determination of the specific spectral band (wavelength position) to be 
used as input image for co-registration is essential to ensure that the intensity 
information in the reference and target image is as similar as possible. While 
phase correlation seems robust against intensity differences (regardless of the 
origin), as long as the actual image content, and, thus, its contained frequency 
information, does not vary too much, it has been reported that the robustness of 
intensity-based co-registration algorithms correlates with the similarity of the 
pixel value intensity of the input images (Luan et al., 2012). Therefore, the imple-
mented algorithm respects the wavelength position of the target band. It 
automatically chooses the optimal band of the reference image by determining 
the band with the minimal spectral distance, given that the respective image 
metadata is available. Otherwise, the first band is chosen. 

If co-registration targets a multi-band data cube, the algorithm can be either 
applied band-by-band in a loop, or the co-registration results of a single band can 
be applied to the remaining bands. The computational expense of the former will 
be higher, while a better co-registration accuracy of the target image bands to the 
corresponding reference band may be achieved. 

2.2.3 Calculation of overlap area between the input datasets 

Knowing the exact spatial overlap area of the two input images, excluding 
any no-data areas, is the prerequisite for automatically determining coordinate 
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positions for each matching window used for calculating spatial shifts. Further-
more, it efficiently helps to reduce the computational workload needed when 
performing local co-registration based on a large number of tie points, because 
all points of the dense grid where one of the input images only contains no-data 
values can be excluded from processing. Thus, our algorithm first calculates foot-
print polygons of reference and target images by applying raster-to-vector 
conversion to the previously generated no-data masks and then identifies their 
common extent to be used as overlap polygon. 

2.2.4 Pixel grid equalization 

Remote sensing images are often delivered with uneven pixel coordinate 
grids, especially in multi-sensoral cases where spacing and grid origins usually 
differ and images may be provided with different map projections. We therefore 
resample one image to the exact pixel spacing, origin and map projection of the 
other (based on the respective geocoding information and projections) before ap-
plying the phase correlation algorithm for detecting geometric shifts. Since 
having the same number of rows and columns is one of the prerequisites for ap-
plying phase correlation, an equalization of the pixel grids is indispensable. The 
algorithm always performs a down-sampling of the image with the higher spatial 
resolution to the lower resolved one. Performing an up-sampling of the lower 
resolved image would not increase co-registration accuracy but would slow 
down processing. By default, we use a cubic resampling technique here to avoid 
positional changes of ground objects within the images that are solely caused by 
the resampling algorithm (e.g., in case of nearest neighbor resampling). 

This processing step is performed before applying phase correlation to the 
dense grid in case of local co-registration, whereas in the global case, we embed-
ded it into the displacement calculation (Figure II-1). The intention is to avoid 
computational overhead by only resampling the actually used image subset 
(within the matching window) in the global case while preventing repeated 
resampling of the same position caused by overlapping neighbored matching 
windows in local co-registration. 

2.2.5 Adjustment of matching window positions and sizes 

The positions of the matching windows are given by the previously created 
dense grid of coordinates in case of local co-registration. For the global approach, 
the coordinate position defaults to the center of the overlap polygon, thereby 
avoiding those image areas that are flagged as “bad position” according to re-
spective bad-data masks. 
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The size of the matching window follows a default (256 × 256 pixels) or a 
user-provided setting and does not change within the overlap area used for co-
registration. This is essential to keep the results of neighboring displacement vec-
tors comparable, since the precision of the calculated displacement changes with 
the size of the matching window (Long et al., 2016; Rogass et al., 2013). However, 
at the edge of the overlap area, it is needed to ensure that the matching window 
does not protrude into the no-data area of reference or target image. Otherwise, 
the edge between the data and no-data areas of the image may affect the result of 
geometric shift detection via phase correlation due to its own frequency response 
in the Fourier domain. Consequently, we adapt the window size at the edges, 
whereby the reduced size influences the result of a later reliability check (Section 
II-2.3.2) and is thus respected during validation of the shift vector grid. 

2.3 Detection of geometric shifts 

2.3.1 Calculation of geometric shifts within the matching window 

For calculating geometric shifts between the input images within a single 
matching window, both subset images are transformed into the frequency do-
main – in this study using FFTW (Fastest Fourier Transform in the West), the 
fastest freely available implementation of discrete Fourier transform (DFT) that 
is described in detail by Frigo and Johnson in 2005 (Frigo and Johnson, 2005) and 
1997 (Frigo and Johnson, 1997). The two resulting images in the frequency do-
main are phase-correlated to generate their cross-power spectrum, which is then 
transformed back into spatial domain using inverse FFTW (Brown, 1992; Keller 
et al., 2005; Kuglin and Hines, 1975; Rogass et al., 2013; Zitová and Flusser, 2003). 
The normalized form of the cross-power spectrum in the spatial domain demon-
strates a distinct sharp peak at the point of registration of the input images 
(Figure II-2), which can be used for quantification of image displacements 
(Foroosh et al., 2002; Kuglin and Hines, 1975; Le Moigne et al., 2011; Leprince et 
al., 2007; Tong et al., 2015; Zitová and Flusser, 2003). Integer shifts can be derived 
from the distance between the position of the maximum peak and the center po-
sition of the spectrum in the X and Y directions (Kuglin and Hines, 1975). 
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Figure II-2. Subset images within the matching window in spatial and fre-
quency domains and the corresponding cross-power spectrum (spatial 
domain). 

The subset image of the target dataset, i.e., the image content within the 
matching window, is then temporarily moved according to the calculated integer 
shifts. This is realized by adjusting the corner coordinates of the matching win-
dow and recreating the subset image for the target dataset at the new position. 
To derive sub-pixel shifts, both subset images (reference and integer corrected 
target) are again transformed into the frequency domain, and a refreshed cross-
power spectrum is created. Sub-pixel shifts can then be estimated based on for-
mulas 1 and 2, where 𝑣(0,0)  represents the value of the refreshed cross power 
spectrum at the peak position and 𝑣(1,0) and 𝑣(0,1) represent the direct neighbours 
in X- and Y-direction. Corresponding mathematic derivations can be found in 
(Foroosh et al., 2002). 

∆𝑥 =
𝑣(1,0)

𝑣(1,0) ± 𝑣(0,0)

(1) 

∆𝑦 =
𝑣(0,1)

𝑣(0,1) ± 𝑣(0,0)

(2) 

The calculated sub-pixel shifts are added, and the total shifts in pixel units 
converted into map units, with respect to the ground sampling distance of the 
reference image. In the case of the local shift correction approach, a tie point grid 
is generated by combining total map shifts with the absolute map coordinate off-
sets, as provided by the geocoding information of the input images. 
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2.3.2 Validation of calculated spatial shifts 

The reliability of the X/Y displacements is connected to the pixel value simi-
larity of the input images induced by, e.g., varying illumination or land cover 
changes or by different sensor noise levels. This is also supported by Zitová and 
Flusser (2003) and Rogass et al. (2013), and potential effects are quantified by im-
plementing a total of five complementary validation techniques. Their individual 
performance depends on the image content of the input images and the pattern 
of misregistration. They build upon each other and aim to avoid different sources 
of erroneous shift detection but may also be deactivated on demand. However, 
optimal validation results have been observed by combining all the validation 
techniques presented below. 

First, a validity check of the calculated integer shifts has been implemented 
(Figure II-3). It is assumed that correcting the integer shifts within the respective 
matching window by moving the target subset image must result in zero dis-
placements. If a subsequent calculation still yields non-zero X/Y shifts, the found 
match is understood to be false-positive and rejected. In this case, we apply the 
newly calculated integer shifts and then repeat the shift calculation algorithm to 
assess whether remaining integer shifts are now zero. This continues until a max-
imum number of iterations (5, by default) is reached. If shifts remain, the 
matching fails for the respective geographic position. Otherwise, a valid match 
(in terms of integer displacements) is found, and the sub-pixel displacements are 
finally derived, as explained above. 

Figure II-3. Flow chart of integer shift validation during calculation of sub-
pixel X/Y shifts. 
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After successful calculation of sub-pixel X/Y shifts, a threshold check (second 
validation method) is applied to eliminate unrealistically large displacements. 
This enables incorporation of the knowledge of the user by simply rejecting all 
tie points that exceed a certain vector length (by default 5 reference image pixels). 
However, the usage of this possibility has been left optional to maintain wide 
applicability of the proposed algorithm. 

It is still possible that some registration points do not match correctly, e.g., 
due to repetitive patterns in one of the input images that introduce pseudo-
matches. To address that, we combined another three validation techniques (3–
5) to effectively filter outlier tie points in the case of local displacement correction.
Two of those validation metrics are separately calculated for each tie point of the 
dense grid, directly after calculating sub-pixel shifts. 

The first (validation method 3) analyses the three-dimensional shape of the 
cross-power spectrum and aims to quantify the sharpness of the peak (Figure 
II-2) as a measure for assessing the reliability of the respective tie point. It returns 
a reliability percentage R that is calculated using the following formulas: 

𝜇𝑝𝑒𝑎𝑘 =
1

𝑁
∑ 𝑣(𝑟,𝑐)

−1≤𝑟≤1
−1≤𝑐≤1

 
(3) 

𝜇𝑟𝑒𝑚𝑎𝑖𝑛 =
1

𝑁
∑ 𝑣(𝑟,𝑐)

−1>𝑟>1
−1>𝑐>1

 
(4) 

𝜎𝑟𝑒𝑚𝑎𝑖𝑛 = √
1

𝑁
∑ (𝑣(𝑟,𝑐) − 𝜇𝑟𝑒𝑚𝑎𝑖𝑛)2

−1>𝑟>1
−1>𝑐>1

 
(5) 

𝑅 = 100 − 100
(𝜇𝑟𝑒𝑚𝑎𝑖𝑛 + 3 𝜎𝑟𝑒𝑚𝑎𝑖𝑛)

𝜇𝑝𝑒𝑎𝑘

(6) 

Because 𝑣(𝑟,𝑐) represents the value of the cross-power spectrum at a specific 
position and N is the number of involved pixels, the mean power within a 3 × 3 
window centered at the position of the peak of the spectrum is related to the 
mean power of the remaining spectrum plus its three-fold standard deviation. 
This results in a reliability percentage for each tie point and enables the exclusion 
of those points with a value below a certain threshold from later calculation of 
geometric transformation parameters. Empirical tests (not shown) indicated that 
a threshold of 30% can be recommended, below which tie points are rejected. 
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The fourth validation method that is also performed for each point of the 
dense grid evaluates the similarity of the subset image content within the match-
ing window before and after shift correction. It relies on the assumption that 
successful correction of an erroneous co-registration leads to increased similarity 
between the reference and target image. As a measure for image similarity, the 
Mean Structural Similarity Index (MSSIM) has been chosen, as it is reported to 
be highly sensitive to even marginal image displacements (Avanaki, 2009; Wang 
et al., 2004). 

MSSIM returns a value between 0 and 1, whereas 0 represents no match 
and 1 represents a perfect match. To calculate MSSIM before and after shift cor-
rection, it is first applied to the input data of phase correlation, and then the 
subset target image is globally shifted, according to calculated sub-pixel shifts for 
the corresponding position; then, MSSIM is calculated again. All points of the 
dense tie point grid where MSSIM decreases are flagged and later excluded from 
estimating transformation parameters. 

The fifth and final validation technique is not applied point-by-point, but it 
incorporates all calculated shift vectors at once. This is essential for avoiding ar-
tefacts in the co-registration result due to outliers within the dense grid point 
data. For that purpose, the widely used state-of-the art algorithm RANSAC 
(Fischler and Bolles, 1981) has been chosen, coupled with the assumption that in 
case of remotely sensed satellite data, an erroneous co-registration can be roughly 
corrected using an affine transformation. In the AROSICS framework, RANSAC 
has been incorporated to automatically estimate the parameters of an assumed 
affine transformation between reference and target image and thus to identify 
outliers among the previously calculated shift vector grid. Parameter estimation 
is automatically performed by RANSAC in an iterative process, but it has some 
free input parameters to be set. The most important one (according to our expe-
rience) is the threshold used to separate inliers and outliers, which is also 
supported by (Hast et al., 2013; Subbarao and Meer, 2006; Toldo and Fusiello, 
2009). In this context, the optimal threshold value highly depends on the hetero-
geneity of the input sample and, hence, on the variance and reliability of the 
calculated displacement vectors. This variance is, in turn, connected to the input 
images itself, meaning that, for example, extensive cloud coverage may strongly 
influence the calculated tie points, as it often causes repetitive image patterns 
leading to a greater proportion of false-positives (Zitová and Flusser, 2003). In 
addition, RANSAC suffers from high outlier proportions within the input sample 
(Hast et al., 2013). To overcome that and avoid an erroneous estimation of affine 
parameters, multiple strategies have been implemented in this validation step. 
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First, the opportunity to consider bad-data masks for the input images helps 
to effectively exclude such critical image areas from the matching process (Sec-
tion II-2.2). Thus, the inlier-outlier variance within RANSAC input data is 
reduced, and the probability of an outlier dominated input sample is significantly 
decreased. However, it must be noted that, on the one hand, cloud masks are 
usually generated automatically and possibly contain misclassifications. On the 
other hand, the provision of such masks has been intentionally kept optional, 
because they are not always available. 

As a further way to increase the robustness of outlier determination, RAN-
SAC has been implemented as the last level of validation. Consequently, the 
input sample of RANSAC is already pre-filtered, in the sense that tie points with 
low reliability value or decreasing MSSIM are no longer passed to RANSAC. 

Finally, an iterative approach is used to automatically optimize the above-
mentioned RANSAC threshold separating inliers from outliers. RANSAC is run 
multiple times while observing the proportion of inliers and outliers in the result 
to identify a threshold that flags a realistic number of outliers within the input 
data. The first iteration starts with an initial guess of the threshold, which is then 
iteratively increased or decreased, depending on whether the flagged outlier pro-
portion is too low or too high. Empirical sensitivity tests (not shown) indicated 
that a 10% proportion of outliers seemed to be suitable for most use cases. Thus, 
the algorithm terminates as soon as 10% ± 2% of the input tie points have been 
marked as outliers. 

2.4 Correction of displacements 

In the case of co-registration, respecting local distortions is pursued; correc-
tion of geometric misregistrations is based on a list of tie points that fulfil our set 
of validation criteria and quality indicators. Otherwise, in case of global co-reg-
istration, only one tie point specifies an X/Y translation to be applied to the target 
dataset. If the input images have been provided with unequal map projections, 
the map projection of the calculated displacements is respected during image 
warping. The warping itself is based on a cubic resampling technique with the 
ability to align the pixel grid of the target image to the one of the reference image 
or to change target spatial resolution. Resampling is only performed once during 
the whole co-registration workflow to avoid undesired degradation of geometric 
and spectral image quality. Global co-registration allows us to completely avoid 
resampling so that pixel values of the target image are kept unchanged. In that 
case, only geocoding image metadata is adjusted—pixel grids are not aligned. 
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3 Sample data 

The proposed algorithm was tested and evaluated based on various satellite 
datasets acquired by different sensors at different times and geographic positions 
(Table II-1). The data include inter-sensoral use cases to show registration results 
with typical registration difficulties of multi-sensoral and multi-temporal im-
agery (see Section II-1) as well as intra-sensoral use cases that show both band-
to-band registration performance (within the same multi-spectral dataset) and 
registration between multiple acquisitions of the same sensor. The selected da-
tasets intentionally exhibit high cloud coverages, no-data areas, image edges 
diagonally crossing the dataset, strong relief and large differences in ground sam-
pling distances to demonstrate the functionality and effectiveness of the 
AROSICS workflow. 

Table II-1. Summary of example satellite datasets. 

Name Reference/Target 
Image (R/T) 

Sensor Acquisition 
Date 

Spatial 
Resolution (m) 

Image Dimensions 
(Rows, Columns) 

Processing 
Level 

INTER1 R 
T 

Landsat-8, band 2 
Sentinel-2A, band 3 

<multiple> 
2016-05-29 

15 
10 

7320, 7320  
10,980, 10,980 

1T 
1C 

INTER2 R 
T 

Landsat-8, band 5 
RapidEye, band 5 

2013-06-01 
2013-04-23 

30 
5 

7541, 7721 
5000, 5000 

1T 
3A 

INTRA1 R 
T 

Sentinel-2A, band 7 
Sentinel-2A, band 8A 

2017-01-11 
2017-01-11 

20 
20 

5490, 5490 
5490, 5490 

1C 
1C 

INTRA2 R 
T 

TerraSAR-X, X-band 
TerraSAR-X, X-band 

2014-02-10 
2015-01-01 

2.75 
2.75 

19,090, 15,636 
19,090, 15,636 

EEC 
EEC 

4 Results and discussion 

4.1 Inter-sensoral use cases 

Figure II-4 demonstrates reference (A) and target image (B) of sample use 
case “INTER1” and the calculated tie point grid before (C) and after (D) removing 
false-positives. Color coding visualizes detected absolute shift vector lengths in 
meters with a scale reaching from green (tie points with small displacements) to 
red (large displacements). The satellite images cover an area of approximately 
110 by 110 km of Brandenburg, Germany, that is dominated by agriculture and 
an urban agglomeration in the southeast (Berlin, Potsdam). For the reference im-
age, a 15-m sharpened, cloud-free Landsat-8 composite (Earthstar Geographics 
LCC, 2017) has been used. Approximately 50% of the target image (Sentinel-2A) 
is covered by thick clouds. A cloud mask was intentionally excluded during the  
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Figure II-4. Use case INTER1: (A) Reference image (Landsat-8); (B) target im-
age (Sentinel-2A); (C) calculated tie point grid including false-positives 
(absolute shift vector length in meters); and (D) calculated tie point grid used 
for image warping (absolute shift vector length in meters). 

calculation of tie points to demonstrate the effectiveness of false-positive detec-
tion. These false-positives are highlighted in Figure II-4C for the filtering 
techniques “reliability”, “MSSIM” and “RANSAC” as explained in Section 
II-2.3.2. As can be observed in the upper part of Figure II-4C, reliability filtering 
identified the most false-positives (381 TPs), followed by RANSAC (123 TPs) and 
MSSIM (17 TPs). Tie points marked as false-positives are almost exclusively lo-
cated at cloudy positions, where reliable calculation of image displacements is 
truly impossible due to the opaqueness of the clouds. In addition, some TPs have 
been rejected at the western image corner of the target image. Especially at these 
positions, the size of the matching windows is automatically reduced to avoid 
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artificial image corners within the matching window (see Section II-2.2.5). Con-
sequently, the accuracy of detected displacements decreases due to the smaller 
window size, leading to rejection by subsequent validation algorithms. The re-
maining tie points (Figure II-4D) show a clear gradient of absolute shift lengths 
from southeast to northwest that are already apparent from visual comparisons 
of the two input images. The gaps within the tie point grid can, on the one hand, 
be explained by filtered false-positives and, on the other hand, by positions 
where no valid match could be found after reaching the maximum number of 
iterations (see Section II-2.3.2). Detected displacements vary between 26 m and 
41 m corresponding to 2.6 to 4.1 Sentinel-2A pixels and relate to the fact that a 
global cloud-free reference image for Sentinel-2 is not yet available and that er-
rors in the Global Land Survey (GLS) framework corrupted the rectification of 
Landsat-8 data (Storey et al., 2016). After image warping, the remaining spatial 
displacements have been quantified in a range between 2.1 m and 6.4 m (2%/98% 
quantiles without false-positives) corresponding to 0.14 to 0.43 pixels of the ref-
erence image spatial resolution, which represents a quite satisfactory result 
considering that no cloud mask has been provided. 

For the second inter-sensoral use case (INTER2), the algorithm was applied 
to a RapidEye-5 (target image, Figure II-5A) and a Landsat-8 scene (reference, 
Figure II-5B). The overlap area covers a 25 by 25 km mountainous region in west-
ern Kyrgyzstan. The image pair has been chosen to show co-registration 
performance in case of greatly varying ground sampling distances (5 vs. 30 m) 
and in the context of large altitudinal differences, especially in the southern part 
of the overlap area. Again, a cloud mask has been omitted. The resulting tie point 
grid (Figure II-5C) reveals a non-linear pattern of spatial displacements with ab-
solute shift lengths between 9.6 m and 16.7 m (2%/98% quantiles without false-
positives) corresponding to up to 3.3 RapidEye pixels. This could also be con-
firmed visually. False-positives have mainly been identified in the most southern 
part of the RapidEye image, which can, on the one hand, be linked to cloud and 
cloud shadow coverage in both input images and alternatively to steep slopes. 
Such mountainous regions are particularly prone to orthorectification inaccura-
cies that cause geometric artefacts in the input data, leading to a higher 
probability of outliers within the tie point grid. However, after image warping, 
the geometric displacements were reduced to 2.1 m—a result within the sub-
pixel range with respect to the 6.5 m native ground sampling distance of 
RapidEye during acquisition, which is later resampled to 5-m pixel size during 
provider-side pre-processing (Chander et al., 2013). Moreover, the tie point grid 
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has been calculated at a 30 m resolution, since co-registration is always per-
formed at the pixel size of the lower resolved input dataset (see Section II-2.2.4). 
Therefore, a co-registration accuracy with residual shifts up to 6.5 m constitutes 
a result far in the sub-pixel domain of Landsat-8. With respect to the detected 
uneven pattern of spatial displacements, a global correction is insufficient for 
achieving an acceptable co-registration result. 

Figure II-5. Use case INTER2: (A) Reference image subset (Landsat-8, band 5), 
small figure demonstrates full extent; (B) target image (RapidEye-5, band 5); (C) 
calculated tie point grid before correction (absolute shift vector length in me-
ters) including false-positives; and (D) calculated tie point grid after correction 
(absolute shift vector length in meters) excluding false-positives. 
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4.2 Intra-sensoral use cases 

As a sample use case for quantifying misregistrations between multiple 
bands of the same multi-spectral satellite dataset (use case INTRA1), a recent Sen-
tinel-2A granule covering 110 by 110 km of northwestern Poland was chosen 
(Figure II-6A). The proposed algorithm was applied to bands 7 (reference image, 
783 nm) and 8A (target image, 865 nm), both with a spatial resolution of 20 m. 
For a more detailed visualization, a very dense grid with a mesh width of 30 pix-
els (500 m on ground) resulting in more than 33,000 TPs was calculated. The 
results are shown in Figure II-6B (absolute shift length) and II-6C (shift direction). 

Figure II-6. Use case INTRA1. (A) Target image (Sentinel-2A, band 8A); (B) cal-
culated tie point grid (absolute shift vector length in meters); and (C) calculated 
tie point grid (shift direction in degrees from north). 

Detected alignment errors vary between 1.3 m and 6.6 m and are thus within 
the mission requirements of 0.3 pixels at 3 σ confidence level regarding band-to-
band geometric performance of Sentinel-2A (Clerc, 2015). Characteristic co-reg-
istration error patterns follow the flight line direction and are likely also related 
to the individual Sentinel-2 detector arrays and with the sensor’s orbit track and 
movements in space (Figure II-6B,C). These patterns arise in the form of block-
like error clusters with a width of approximately 25 km that occur exactly in the 
direction of instrument overpass; they are due to slight geometric misalignments 
between neighboring Sentinel-2 detectors. Since a single detector involved in the 
acquisition of a 20-m resolved Sentinel-2A band has a width of 1296 pixels 
(Gascon et al., 2016), the mapped distance on the ground equals 25.9 km (includ-
ing detector overlap). Furthermore, the calculated tie point grid reveals wave-
like patterns in a distance of 7 to 9 km that appear perpendicular to the flight line. 
This can be addressed to micro-vibrations of the sensor during its overpass in 
space, which is also supported by the calculated shift directions shown in Figure 
II-6C. These directions show similar patterns, depending on the image position 
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and the respective detector array. Due to the already excellent co-registration of 
the analyzed Sentinel-2 bands, a correction of the detected displacements has 
been omitted, considering the alteration of pixel values induced by resampling. 

Apart from the optical satellite data, the proposed algorithm has been suc-
cessfully utilized for multi-temporal co-registration of more than 80 TerraSAR-X 
radar (X-band) satellite images (Zhang et al., 2017, submitted). One example (use 
case INTRA2) is shown in Figure II-7. The scene covers a rural area of 32 by 42 km 
of the province Ceará, northeastern Brazil. Calculated spatial displacements vary 
between 10.4 m and 12.2 m (detected false-positives excluded) corresponding to 
3.8 to 4.4 TerraSAR-X pixels (Figure II-7B). Sub-pixel co-registration is reached 
after image warping with a maximum remaining shift of 0.4 pixels (1.1 m on 
ground, Figure II-7C). Visual inspections after shift correction confirmed excel-
lent co-registration results. 

Figure II-7. Use case INTRA2: (A) Target image (TerraSAR-X, X-band); (B) cal-
culated tie point grid before correction (absolute shift vector length in meters) 
including false-positives; and (C) calculated tie point grid after correction (ab-
solute shift vector length in meters) excluding false-positives. 

5 Algorithm performance 

5.1 Co-registration performance 

A comparison of root mean square (RMSE) errors of detected displacements 
before and after the correction was conducted to quantitatively assess the overall 
performance of the proposed co-registration workflow. The intra-sensoral use 
case on Sentinel-2 band-to-band co-registration (INTRA1) was omitted here, be-
cause a correction of the detected sub-pixel shifts has not been considered to be 
beneficial (Section II-4.2). Figure II-8 demonstrates the detected shift distributions 
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before and after correction for the use cases INTER1, INTER2 and INTRA2. Green 
markers show valid TPs, whereas red markers stand for false-positives. The in-
dicated RMSE values were calculated based on all absolute X/Y shifts within the 
whole tie point grid, after the exclusion of false-positives. 

Figure II-8. Distribution of detected geometric shifts before and after correc-
tion. RMSE in pixel units always refers to the spatial resolution during image 
matching: (A,B) use case INTER1—Sentinel-2/Landsat-8; (C,D) use case IN-
TER2—RapidEye-5/Landsat-8; and (E,F) use case INTRA2—TerraSAR-X. The 
dashed boxes in (A–C) indicate the axis limits of (B–F) for easier comparison of 
geometric shifts before and after correction. 

The shift distribution demonstrates two major TP clusters for use case IN-
TER1 (Sentinel-2/Landsat-8; Figure II-8A). The obvious separation of valid and 
false-positive TPs in the image frame can be explained by cloudy versus clear-
sky positions of the target image (see Figure II-4). TPs at cloudy positions have 
been reliably identified as false-positives by the proposed combination of outlier 
detection techniques. All valid TPs show stable results regarding the determined 
shift direction (5.8 degrees standard deviation). After correction (Figure II-8B), 
the RMSE of spatial shifts could be reduced from 34.63 m to 4.45 m (2.31 to 
0.3 pixels of the lower resolved reference image). 
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The shift distribution of use case INTER2 (RapidEye-5/Landsat-8, Figure 
II-8C) reveals shift vectors pointing to opposing directions, but color coding con-
firms that directional outliers could be safely identified as false-positives. The 
large variance of detected valid shifts comes along with the uneven pattern of 
displacements visualized in Figure II-8. The initial RMSE of 13.69 m decreased to 
4.55 m, corresponding to 0.15 pixels of the lower resolved 30 m reference image 
after image warping. 

The intra-sensoral use case INTRA2 (TerraSAR-X multi-temporal co-regis-
tration, Figure II-8E,F) demonstrates a shift distribution without remarkable 
variation in terms of shift direction and absolute shift vector length. TPs that sig-
nificantly differ from the primary cluster were marked as false-positives. After 
shift correction, an overall RMSE of 0.89 m (0.32 TerraSAR-X pixels) was 
achieved compared to an initial RMSE of 11.54 m (4.2 TerraSAR-X pixels). 

We nevertheless note that the corrected images still show directional varia-
tions of remaining shifts that are particularly evident in Figure II-8F. However, 
the respective X/Y shifts clearly do not exceed sub-pixel domain precision with 
respect to the spatial resolution during image matching. Experiments based on 
more than 40 TerraSAR-X datasets (not presented here) show no dependency on 
the regular distribution of tie points within the dense grid. Moreover, no correla-
tion to the number of tie points and the matching window size could be 
determined. Further research is needed to completely clarify the origin of these 
patterns. Thus far, we attribute them to our assumption that initial misregistra-
tion patterns can be modelled by a more or less affine transformation. This 
preserves straight lines and planes but only allows scaling, translation and rota-
tion operations (Brown, 1992). Consequently, the remaining shifts with 
directional variations are to be expected since this assumption is respected dur-
ing detection of false-positives and during calculation of transformation 
parameters for image warping. Assuming a more complex transformation 
model, e.g., a higher polynomial one, may reduce these effects. 

5.2 Computational efficiency 

The computational efficiency of the proposed algorithm was analyzed by a 
benchmark based on use case INTER1 (Sentinel-2/Landsat-8) executed on a 
server with 32 CPU cores (2.3 GHz) and 256 GB working memory running an 
Ubuntu Linux system. For the benchmark presented here (Figure II-9), we per-
formed local co-registration for INTER1 (Section II-4.1) with varying tie point 
grid resolutions between 1000 and 100 pixels of the target image, creating an in-
creasing number of tie points from 70 up to 8073 TPs (Figure II-9, second x-axis). 
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Time measurements have been divided into: (1) initialization of the co-registra-
tion workflow, including disk access, image footprint detection and coordinate 
grid equalization; (2) tie point grid calculation and filtering; and (3) image warp-
ing and shift correction. The initialization is always executed in single-CPU 
processing, whereas the remaining procedure uses all available CPUs. A co-reg-
istration with up to nearly 2000 TPs can be performed within one minute total 
processing time (Figure II-9). Further time can be saved, especially by using fewer 
TPs for co-registration, which may be sufficient for simple kinds of misregistra-
tion patterns, e.g., when using only 100 TPs the processing time decreases to 
approximately 30 s whereas the proportion of workflow initialization amounts 
to more than 50%. There is a time overhead in multi-processing originating from 
additional multi-processing specific background tasks (Python object serializa-
tion processes), which indicates that, in single-processing, less time per CPU core 
is needed to process the same number of TPs. 

Figure II-9. Benchmark results of the proposed co-registration workflow based 
on use case INTER1 with varying tie point grid resolution. 

5.3 Performance comparison to state-of-the-art co-registration 
workflows 

Various aspects have to be considered when comparing the overall perfor-
mance of the AROSICS framework with existing state of the art co-registration 
workflows (Section II-1). From the pure perspective of registration accuracy, the 
implemented algorithm based on Foroosh et al. (2002) achieves accuracies better 
than 1e−3 pixel in most scenarios (Rogass et al., 2013), which is an excellent result 
compared with, e.g., 2D Gaussian peak fit (Nobach and Honkanen, 2005), achiev-
ing 1e−1 pixel under optimal conditions (Rogass et al., 2013). However, this may 
be easily outperformed by other techniques, e.g., those proposed by Averbuch 
and Keller (2002) or Rogass et al., (2013), allowing for accuracies up to 1e-6 pixel 
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(Rogass et al., 2013). However, these values only apply for global co-registration 
at high SNR conditions. In case of local co-registration featuring image warping 
based on affine transformation parameters, deviations from the affine model, 
e.g., caused by topographic effects, decrease registration accuracy. Nonetheless,
the intention of the proposed algorithm is not primarily to outperform existing 
co-registration accuracies but rather to achieve a high level of automation and 
robustness, coupled with generic and operational applicability while reliably 
reaching local co-registration accuracy in the sub-pixel range. For local co-regis-
tration, the AROSICS framework achieved root mean square errors of 0.3, 0.15 
and 0.32 pixels (use cases INTER1, INTER2 and INTRA2, Section II-5.1) using of 
an affine transformation model. Yan et al., (2016) achieved 0.286, 0.302 and 0.303 
pixels for three Landsat-8 and Sentinel-2A image pairs in case of affine transfor-
mation and showed that a polynomial transformation could not significantly 
improve these results. Regarding computational speed in case of global co-regis-
tration, Rogass et al. (2013) compared the implemented phase correlation 
(Foroosh et al., 2002) method with: (1) their own co-registration algorithm; (2) a 
Fourier based approach proposed by Averbuch and Keller (2002); and (3) with 
2D Gaussian peak fit (Nobach and Honkanen, 2005). The approach of Foroosh et 
al. (2002) outperformed them. However, the computational load for local co-reg-
istration mainly depends on the required number of tie points for co-registration 
and is therefore directly connected to the complexity of misregistration. 

6 Conclusions 

We presented a workflow, called AROSICS, for robust and automated detec-
tion and correction of local and global geometric displacements between multi-
sensoral and multi-temporal satellite images in the sub-pixel range. The algo-
rithm is based on a phase correlation approach that we extended by various 
additional steps to: (1) ensure appropriate co-registration inputs independently 
from sensor and data internal characteristics; (2) compute dense tie point grids, 
while handling acquisition specific conditions such as cloud coverage or land 
cover dynamics; and (3) effectively identify and filter false-positives before ap-
plying the correction. The results demonstrate that the proposed algorithm safely 
handles high degrees of heterogeneity between the input images and delivers co-
registration results in the sub-pixel domain for both optical and radar satellite 
images. Registration accuracy always depends on the spatial resolution of the 
input images, the complexity of misregistration patterns, the similarity of the in-
put images in terms of surface coverage dynamics, the signal-to-noise ratio of the 
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input images and the chosen user-specified parameters. The presented algorithm 
has been implemented in Python as open-source software (GPLv3 license) and is 
now available for download at https://git.gfz-potsdam.de/danschef/arosics. Sim-
ple usability is achieved by an automated software installation routine and 
support for various raster image formats compatible with the Geospatial Data 
Abstraction Library (GDAL) (Open Source Geospatial Foundation, 2017). More-
over, it requires a minimum of obligatory input parameters, offers an easy-to-use 
command line interface and a corresponding Python application programming 
interface (API) and can thus be easily implemented into existing remote sensing 
and big data workflows. The algorithm is especially designed for multi-core com-
puting and offers various possibilities for reducing computational cost, e.g., by 
excluding no-data areas or cloud occlusions. Until now, it has been successfully 
utilized for multi-sensoral co-registration of more than 8500 Sentinel-2 images of 
Germany (with Landsat-8 as spatial reference) (Helmholtz-Center Potsdam — 
GFZ German Research Center for Geosciences, 2017), for multi-temporal co-reg-
istration of approximately 80 TerraSAR-X acquisitions (Zhang et al., 2017, 
submitted) and approximately 150 Landsat-5 and Landsat-7 images and for var-
ious further multi-sensoral and multi-temporal test cases proving the operational 
applicability of the proposed algorithm. 

In summary, the innovation of the AROSICS framework is particularly seen 
in its robustness against the typical registration difficulties of multi-sensoral and 
multi-temporal satellite data, and its generic and operational applicability to a 
wide range of optical and radar remote sensing applications embedded into an 
easy-to-use, open-source software package that is deployable across different 
platforms and can be implemented into existing processing workflows, even 
without Python-specific programming skills. This enables easy improvements to 
the data basis for subsequent analyses such as monitoring or parameter mapping 
applications and to increase the temporal resolution of time series by including 
accurately co-registered multi-sensoral data. In the context of automated big data 
processing systems that aim to offer compatibility to various multi-sensoral and 
multi-temporal satellite data, the proposed algorithm represents an easy way to 
effectively realize fully automatic detection and correction of image misalign-
ments with sub-pixel accuracy. 

Future work may include the extension of the existing co-registration frame-
work to image datasets that do not have geocoding information such as medical 
image data or not georeferenced raster geodata, e.g., scan stripes of imaging la-
boratory spectrometers. At present, artificial geocoding information has to be 

https://git.gfz-potsdam.de/danschef/arosics


44 Chapter II.    Geometric sensor fusion 

associated to such datasets to perform co-registration using AROSICS. Automa-
tion could be based on the global approach presented here for computing a first 
co-registration guess, which is then refined by applying the local co-registration 
approach. Apart from that, further robustness against rotational misregistrations 
would increase the applicability to use cases where image rotation is an issue. 
For that purpose, phase correlation would no longer suffice and another rotation-
invariant core co-registration algorithm, e.g., one based on Fourier–Mellin trans-
form (Chen et al., 1994; Keller et al., 2005), would need to be implemented. 
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Abstract 

Multi-sensor remote sensing applications consistently gain importance, 
boosted by a growing number of freely available earth observation data, increas-
ing computing capacity, and increasingly complex algorithms that need as 
temporally dense data as possible. Using data provided by different sensors can 
greatly improve the temporal resolution of time series, fill data gaps and thus 
improve the quality of land cover monitoring applications. However, multi-sen-
sor approaches are often adversely affected by different spectral characteristics 
of the sensing instruments, leading to inconsistencies in downstream products. 
Spectral harmonization, i.e., the transformation of one sensor into the spectral 
domain of another sensor, may reduce these inconsistencies. It simplifies work-
flows, increases the reliability of subsequently derived multi-sensor products 
and may also enable the generation of new products that are not possible with 
the initial spectral definition. In this paper, we compare the effect of multivariate 
spectral harmonization techniques on the inter-sensor reflectance consistency 
and derived products such as spectral indices or land cover classifications. We 
simulated surface reflectance data of Landsat-8 and Sentinel-2A from airborne 
hyperspectral data to eliminate any sources of error originating from unequal 
acquisition geometries, illumination or atmospheric state. We evaluate different 
methods based on linear, quadratic and random forest regression as well as linear 
interpolation, and predict not only matching but also unilaterally missing bands 
(red edge). We additionally consider material-dependent spectral characteristics 
in the harmonization process by using separate transformation functions for 
spectral clusters of the input dataset. Our results suggest that spectral harmoni-
zation is useful to improve multi-sensor consistency of remote sensing data and 
subsequently derived products, especially if multiple transformation functions 
are incorporated. There is a strong dependency between harmonization perfor-
mance and the similarity of source and target sensor’s spectral characteristics. For 
spectrally transforming Landsat-8 to Sentinel-2A, we achieved the lowest radio-
metric inter-sensor deviations with 50 spectral clusters and linear regression. 
Based on simulated data, deviations are below 1.7% reflectance within the red 
edge spectral region and below 0.3% reflectance for the remaining bands (RMSE). 
Regarding spectral indices, our results show a reduction of inter-sensor deviation 
(vegetation pixels only) to 38% of the initial error for NDVI (Normalized Differ-
ence Vegetation Index) and to 43% for EVI (Enhanced Vegetation Index). 
Furthermore, we computed the REIP (Red Edge Inflection Point) with an accu-
racy of 3.1 nm from Sentinel-2 adapted Landsat-8 data. An exemplary 
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multispectral classification use case revealed an increasing inter-sensor con-
sistency of classification results from 92.3% to 97.3% mean error. Applied to a 
time series of real Landsat-8 and Sentinel-2 data, we observed similar trends, al-
beit intermingled with non-sensor induced inconsistencies. 

1 Introduction 

Optical multispectral sensors like the Landsat legacy sensors deliver valua-
ble information about the Earth's surface for more than four decades (Wulder et 
al., 2019). Many new sensors provide continuity with this record and continu-
ously acquire huge amounts of image data, e.g., Landsat-8 (Irons et al., 2012) and 
Sentinel-2A/B (Drusch et al., 2012). All these data are suited for monitoring the 
changing Earth surface over time. Such time series analyses require in particular 
sensors with a short revisit time to detect and monitor slightest changes on the 
Earth's surface in a timely manner. However, this is often not sufficient, because 
frequently clouds mask the desired information. Therefore, it is obvious to addi-
tionally use data from multiple multispectral sensors to fill the temporal gaps 
(Brown et al., 2006) and hence to increase the chance of cloud-free acquisitions. 
Needless to say, this is a very challenging task due to different spectral or spatial 
sensor characteristics, different acquisition geometries or illumination condi-
tions, or different atmospheric states (Pacifici et al., 2014; Roy et al., 2016a).  

In this paper, we focus on the spectral domain. Solutions for homogenizing 
the spatial domain are already existing and well-tested, including methods for 
improving the co-registration between sensors (Scheffler et al., 2017) and for ad-
justing the spatial resolution of one sensor to the other (e.g., Gao et al., 2006). 
Different acquisition or illumination conditions as well as variations in the at-
mospheric conditions may also cause large variations in the measured signal 
(Roy et al., 2016a; Schaepman-Strub et al., 2006; Steven et al., 2003; Teillet, 1986). 
Therefore, images delivered in top-of atmosphere (TOA) radiance or reflectance 
have to be converted to bottom-of-atmosphere (BOA) reflectance for harmoniza-
tion (Hall et al., 1991; Roy et al., 2016a). Numerous approaches exist, such as 
ATCOR (Richter and Schläpfer, 2002, 2019), LaSRC (Vermote et al., 2016), FORCE 
AC (Frantz et al., 2016) or Sen2Cor (Louis et al., 2016) and have been recently 
compared in Doxani et al., 2018. In the study presented herein, we rely on Level-2 
data that already have undergone several steps of radiometric correction, nor-
malization of acquisition and illumination geometries as well as atmospheric 
correction. 
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From the spectral side, multi-sensor, multispectral remote sensing applica-
tions are often affected by variations of the spectral band positions and width of 
the sensors used (Hong and Zhang, 2008; Steven et al., 2003; Teillet et al., 1997). 
Although many multispectral sensors, such as the Landsat sensors or Sentinel-2 
have very similar bands in the visible and near infrared wavelength range, they 
are not strictly identical. Moreover, many sensors provide specific bands, e.g., in 
the red edge spectral region. The Sentinel-2 MSI provides 13 bands including 
three extra red edge bands (Drusch et al., 2012) compared to Landsat-8 OLI. 
Therefore, multi-sensor applications often use only the most similar bands, given 
that they are subject to the same or at least similar physical principles. Some ap-
plications may even leave out sensors that don’t provide a band at a certain 
wavelength position. But even if spectral bands with a similar wavelength posi-
tion exist, differences in the spectral responses of the sensors will create slightly 
different pixel values. This in turn creates variations in spectral index values or 
classification maps and thus it can lead to misinterpretations of the results that 
can solely be traced back to unequal spectral characteristics of the input sensors 
(Teillet et al., 1997). 

Possible solutions are to evolve sensor specific processing chains, separate 
parameter retrieval models or classification approaches (Hagolle et al., 2010; 
Useya and Chen, 2018; Zhu et al., 2015a) or to inter-calibrate multi-sensor prod-
ucts such as spectral indices or band ratios (e.g., Brown et al., 2006; Gallo et al., 
2005; Miura et al., 2006; Steven et al., 2003). However, this is very time consuming 
and requires comprehensive validation techniques to achieve reliable results. Al-
ternatively, spectral band harmonization may be used to approximate the 
spectral information at a certain wavelength position as it would have been ac-
quired by another sensor. This allows to easily create inter-sensor data cubes, 
simplifies processing workflows and provides comparability of the harmonized 
datasets and subsequently generated analysis results. In this regard, research has 
been conducted to build up statistical relations between the acquired signal of 
equivalent multi-sensor bands. The following table summarizes some exemplary 
studies and highlights how our study is different from them: 
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Table III-1. Examples from the literature for spectral harmonization tech-
niques applicable to multispectral remote sensing data. 

Reference Harmonization target / 
source 

Harmonization  
technique(s) 

Main differences to the study presented herein 

Chastain et al. 
(2019) 

Landsat-8 from Landsat-7, 
Sentinel-2 from Landsat-7 
Sentinel-2 from Landsat-8 

Univariate linear  
regression 

Harmonization includes common bands only;  
static transformation coefficients per spectral band 

Claverie et al. 
(2017, 2018) 

Landsat-8 from Sentinel-2 Univariate linear  
regression 

Harmonization includes common bands only; 
static transformation coefficients per spectral band 

Flood (2014) Landsat-7 from Landsat-8 Univariate linear  
regression 

Harmonization includes common bands only;  
static transformation coefficients per spectral band 

Flood (2017) Landsat-7 from Sentinel-2, 
Landsat-8 from Sentinel-2 

Univariate linear  
regression 

Harmonization includes common bands only;  
static transformation coefficients per spectral band 

Hong and Zhang 
(2008) 

IKONOS from QuickBird Various tested, histogram 
matching worked best 

Each IKONOS band covered by an equivalent Quick-
Bird band with very similar relative spectral response 

Roy et al. (2016a) Landsat-8 from Landsat-7; 
Landsat-7 from Landsat-8 

Univariate linear  
regression 

Harmonization includes common bands only; 
 static transformation coefficients per spectral band 

Zhang et al. 
(2018) 

Landsat-8 from Sentinel-2, 
Sentinel-2 from Landsat-8 

Univariate linear  
regression 

Harmonization includes common bands only; 
 static transformation coefficients per spectral band 

 
For example, Claverie et al. (2018) achieved good inter-sensor consistency for 

Sentinel-2 data transformed to the spectral domain of Landsat-8. However, the 
underlying techniques only use a single set of harmonization coefficients that 
have been approximated based on average band-to-band relationships but with-
out respect to material-dependent spectral characteristics. This causes spatially 
variable prediction performances depending on the surface coverage since a sin-
gle set of transformation coefficients does not perform equally well for all 
materials, but leads to larger errors the stronger spectra deviate from the global 
average. This effect was also mentioned by Flood (2014) as a limitation of his 
study to be addressed in future. To overcome this, separate transformation func-
tions for different surface materials might be helpful. Apart from that, the largest 
differences in the spectral response of source and target bands have been inves-
tigated by Flood (2014, 2017), Roy et al. (2016a) and Chastain et al. (2019). They 
occur at the transformation between Landsat-7 and Landsat-8 data since the 
bandwidth of some bands has been significantly narrowed with Landsat-8 (Irons 
et al., 2012; Mishra et al., 2016). However, none of the mentioned studies at-
tempted to predict data in unilaterally missing bands (e.g., red edge bands), in 
which case those approaches are not expected to work properly as the relation-
ships were only estimated based on homologous bands. 

For larger spectral differences, therefore, new methods are required that ac-
curately estimate the reflectance signal within so far not covered wavelength 
regions. In this context machine learning seems to be particularly suitable – es-
pecially behind the background that there are direct material dependent relations 
between the remotely sensed signal in covered and not covered spectral regions 
due to specific spectral characteristics of different surface materials (Flood, 2014; 
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Miura et al., 2006; Roy et al., 2016a). This means, that even if, e.g., the red edge 
spectral region is not covered by a sensor, it might be predicted with some un-
certainty, given that the material can be identified using the known signal. 

In this study we investigate the potential to estimate the spectral information 
of Sentinel-2 from Landsat-8. These sensors are widely used and particularly 
suited for this study because they provide both bands with very similar spectral 
characteristics but also “spectral gaps”, i.e., spectral regions only covered by a 
single sensor (Figure III-1). A special focus is placed on wavelength ranges that 
are not covered by Landsat-8 (mainly the red edge). In particular, to draw atten-
tion to the specific spectral properties of different surface materials, we 
developed a new method for spectral harmonization using multivariate machine 
learning techniques combined with spectral clustering. More precisely, we utilize 
separate transformation functions for various spectral clusters to adequately 
transform the acquired signal of Landsat-8 into the spectral domain of Sentinel-2. 
The main research questions of this paper are: 

1. How strong is the influence of spectral harmonization on the inter-sen-
sor consistency of spectral information and subsequent products, such
as spectral indices or classification maps?

2. May separate prediction functions for different spectral clusters be use-
ful to more accurately predict the spectral information of the target
sensor?

3. Which harmonization accuracies can be achieved within unilaterally ex-
isting wavelength regions and how does this accuracy vary with
different numbers of spectral clusters?

2 Data 

2.1 Simulated Landsat-8 and Sentinel-2 data from hyperspectral 
images 

A meaningful comparison of spectral harmonization techniques for multi-
sensor remote sensing data requires a multi-sensor data basis where the individ-
ual acquisitions ideally only differ in the spectral responses of the input sensors. 
Any other side effects affecting the sensed signal, such as different spatial sensor 
characteristics or registration accuracies, acquisition, illumination or atmospheric 
conditions (Section III-1) should be minimized or not existing. In this manner, it 
is possible to accurately measure the deviation between the predicted and the 
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actual reference spectral information. Therefore, we accomplished our study as a 
simulation study based on hyperspectral data that can be accurately transformed 
to artificial multispectral data as it would be acquired by different sensors. This 
has been similarly done by Claverie et al. (2018) and is generically applicable 
across different sensors requiring the knowledge of the sensor’s response func-
tions. 

For this purpose, we selected representative BOA reflectance spectra from 
nine hyperspectral airborne remote sensing images covering different climatic 
zones (Table III-2, train data) to maximize the spectral variety. Selected spectra 
were used to generate a training database of multi-spectral signatures for Land-
sat-8 and Sentinel-2A. Additionally, independent verification spectra were 
selected from three additional hyperspectral test datasets to evaluate the quality 
of the harmonization results. 

Table III-2. Data characteristics of the hyperspectral input data used in this 
study. 

Train / 
Test 

Sensor Location UTM 
Zone 

GSD 
[m] 

Major land cover components Provider 
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Train 1 AISA Eagle/ 
AISA Hawk 

Isabena, Spain 31N 4  x  x x  
 

 GFZ 1 

Train 2 APEX Balaton lake, Hungary 34N 5 
  

x x x x 
 

x VITO 

Train 3 APEX Brussels, Belgium 31N 2 
    

x x 
 

x BELSPO 

Train 4 APEX Neusling, Germany 33N 4    x x x   LMU 2 

Train 5 HyMap Northern Quebec, Canada 18N 2 x x 
      

DLR 

Train 6 HyMap Costa Rica 16N 15 
 

x x x x 
   

DLR 

Train 7 HyMap Döberitzer Heide, Germany 33N 4 
 

x 
 

x x x 
 

x GFZ 3 

Train 8 HyMap Mullewa, Western Australia 50S 4.2 
 

x 
 

x 
  

x 
 

CSIRO 

Train 9 HyMap Arundale, South Africa 35S 3.3 
 

x 
  

x 
 

x 
 

DLR 

Test 1 HyMap Berlin, Germany 33N 3.5  x  x x x  x GFZ 

Test 2 HyMap Dresden, Germany 33N 4  x  x x x  x GFZ 

Test 3 HyMap Potsdam, Germany 33N 4  x  x x x  x GFZ 
 
1 1 Foerster et al. (2015) 
2 2 Hank et al. (2015) 
3 3 Neumann et al. (2015) 
 

Explanation of provider abbreviations: 
GFZ – German Research Center for Geosciences (www.gfz-potsdam.de); BELSPO – Belgian Science Policy (www.belspo.be); LMU – Lud-
wig-Maximilians-Universität München (www.uni-muenchen.de); DLR – German Aerospace Center (www.dlr.de); CSIRO - 
Commonwealth Scientific and Industrial Research Organization (www.csiro.au) 

 
The workflow to generate the spectral database is presented in the following. 

Multi-spectral signatures have been generated as in Steven et al. (2003) through 
a spectral up-sampling of the hyperspectral BOA reflectance to 1 nm resolution 

http://www.gfz-potsdam.de/
http://www.belspo.be/
http://www.uni-muenchen.de/
http://www.dlr.de/
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followed by the computation of weighted averages according to the spectral re-
sponse functions of Landsat-8 and Sentinel-2A (Figure III-1). An exemplary 
vegetation spectrum is shown in Figure III-1 after transforming the hyperspectral 
signature into the multispectral domains (dashed line for each sensor). To ensure 
a high spectral variability of the sample spectra we intentionally chose images 
containing a high land cover variety without lacking any major component and 
separated 50 spectral clusters from each hyperspectral image using a K-Means 
clustering approach (implemented after Lloyd, 1982). Next, we randomly ex-
tracted 2,000 hyperspectral signatures from each cluster to guarantee a high 
statistical variety and convolved these spectra with the spectral response func-
tions of both multispectral sensors as presented in Figure III-1. This way, we 
extracted 100,000 spectra from each hyperspectral image and then combined the 
spectra of all images into a single “reference cube” for each sensor. 

For this study, the generated reference cubes represent an ideal data basis as 
they contain a comprehensive variation of multispectral signatures from most 
important surface cover types around the world. They solely differ in their spec-
tral dimension so that statistical relations between different multispectral 
sensors, as needed for their spectral harmonization, can be easily deduced. 

Figure III-1. Spectral response functions of Landsat-8 OLI (Barsi et al., 2014) 
and Sentinel-2A MSI (European Space Agency (ESA), 2017). Bands excluded 
from regressor training are marked with light gray color. The dashed lines rep-
resent spectrally resampled versions of the hyperspectral signature above. 

2.2 Real-world Landsat-8 and Sentinel-2 data 

In addition to the hyperspectral data used to simulate training data for spec-
tral harmonization and to evaluate sensor-induced spectral differences, we also 
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evaluated the effect of spectral harmonization to real Landsat-8 and Sentinel-
2A/B data (Section III-4.5). For this purpose, we used a time series containing 9 
Landsat-8 and 21 Sentinel-2 scenes acquired between 01.07.2018 and 31.12.2018 
representing an agricultural area (6 by 4.8 km) at the south coast of Crete, Greece. 
Both data sources have been preprocessed with the FORCE software (Frantz, 
2019) that allows to apply the same preprocessing algorithm to generate homog-
enized Level-2 analysis ready data (ARD). The processing workflow converts 
Level 1 products to Bottom-of-Atmosphere Level 2 products. This includes cloud 
masking (Frantz et al., 2015, 2016, 2018; Zhu and Woodcock, 2012), co-registration 
(Rufin et al., in submission; Yan et al., 2016), resolution merging of Sentinel-2 
bands, integrated corrections for atmospheric, topographic and adjacency effects 
(Frantz et al., 2016), nadir BRDF adjustment (Roy et al., 2016b, 2017a, 2017b), as 
well as re-projection and data cubing (Frantz et al., 2016). To homogenize the 
spatial resolution, we resampled the Sentinel-2 time series to 30m using an ap-
proximated Point Spread Function, i.e., the images were convoluted with a 
Gaussian lowpass filter with Full Width at Half Maximum of 30m. 

3 Harmonization algorithm and evaluation methods 

3.1 Training of machine learning regressors for estimating spec-
tral information 

To harmonize the spectral domains of multiple sensors we evaluate three 
different machine learning techniques, multivariate linear regression (LR), mul-
tivariate quadratic regression (QR) and random forest regression (RFR). 
Equations for LR and QR are given in Draper and Smith (2014), RFR is explained 
in detail in Breiman (2001). We also compare these regression techniques with 
the performance of linear interpolation (LI) as the simplest approach to derive 
spectral information at a specific wavelength position (e.g., recently used in 
Griffiths et al., 2019). To be able to investigate the effect of separate, material de-
pendent estimators for various numbers of clusters for LR and QR, we not only 
trained one model for each band as, e.g., in Claverie et al. (2018) or in Flood 
(2017), but trained separate regressors for n subsets of the training data. The sub-
sets were obtained by clustering (details in the following paragraphs). In contrast 
to previous studies (Section III-1), we use multi- instead of univariate regression 
here because univariate (i.e., band-to-band) regression is not expected to work 
well for unilaterally missing bands. The use of different numbers of clusters al-
lows us to later assess the overall harmonization performance with and without 



54 Chapter III.    Spectral sensor fusion 

consideration of different surface coverage types. In this study, we varied the 
number of clusters between 1 and 100 whereas a single cluster in fact is a special 
case because the sensor-specific spectra are not divided into sub-clusters at all. 
However, this case corresponds in principal to the harmonization techniques 
used by previous studies as listed in Table III-1. In case of random forest regres-
sion (RFR), we do not subdivide the training data into subsets of similar spectra, 
since the random forest algorithm already models the spectral variability of the 
input data through a sufficiently high number of trees. In this study, we used 250 
trees, which according to our tests represents a good compromise between pre-
diction accuracy and processing speed. We also tested RFR with 500 trees, but 
could not find any significant improvements in the prediction result. 

Figure III-2 gives an overview about the workflow we used to train these 
machine learning regressors for predicting the spectral information at the target 
wavelength positions and thus to transform a Landsat-8 image into the spectral 
domain of Sentinel-2. As this approach might be applied to any sensor combina-
tion, the following description will use the terms source and target images, i.e., 
Landsat-8 and Sentinel-2, respectively.  

For clustering the source sensor reference cube, we used a combination of 
the K-Means algorithm for computing the cluster centers and the Spectral Angle 
Mapper (SAM) to assign each pixel to the corresponding spectral cluster. We also 
tested other clustering algorithms, however, this implementation turned out to 
be the fastest and therefore the most suitable solution in terms of algorithm op-
erability. Using SAM here instead of the Euclidian Distance (K-Means) reduces 
the spectral outliers within the selected training spectra of each cluster and there-
fore increases the clustering quality as we found that spectral similarity was more 
important than the spectral distance. We iteratively repeated this for different 
numbers of clusters ranging between 1 and 100. We then used the derived cluster 
label dictionary per iteration to extract pairs of spectral clusters from both the 
source sensor and the target sensor reference cube. 

The spectra from each pair of spectral clusters were used to train individual 
spectral harmonization regressors, i.e., to separately fit the respective machine 
learning model for each spectral cluster. The computed prediction coefficients 
were stored along with the mean spectrum of each cluster and various model 
performance metrics, e.g., root mean square error (RMSE) or model score values. 
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Figure III-2. Workflow for training machine learning regressors for spectral 
harmonization with respect to spectral variations of surface cover types. 

3.2 Prediction of harmonized spectral information 

The workflow we used for performing the spectral harmonization, i.e., for 
the transformation between different spectral domains, is presented in Figure 
III-3. In contrast to previous studies, it is not limited to bands with similar wave-
length in source and target sensor but also includes the prediction of unilaterally 
missing bands. As input images for the prediction we used multispectral images 
derived from the three hyperspectral test images (Table III-2). To generate these 
multispectral images we spectrally resampled the hyperspectral data as in Sec-
tion III-3.1. The resulting multispectral images (three images per sensor) were 
used for two purposes in different combinations: (1) as source images for spectral 
harmonization and (2) as reference image for the target sensor to quantify the 
harmonization error. 

For the prediction considering a specific number of spectral clusters, our goal 
was to ensure that we only use regressors trained with the most similar training 
data on each pixel. This allows an individual spectral transformation for different 
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land cover types. As a measure for spectral similarity we utilized the spectral 
angle which is insensitive to illumination and albedo effects to find spectral sig-
natures with similar shapes. Tests showed, however, that it is even better to 
consider several regressors per pixel, all of which are very similar to each other. 
We achieved good results with five regressors. However, using more may further 
improve the prediction performance but may also cause a much higher compu-
tational load. Consequently, here we first identified the five most appropriate 
machine learning regressors for each pixel of the source sensor multispectral im-
age. We computed the spectral angle between each pixel spectrum of the source 
image and all mean spectra associated to the cluster regressors and incorporated 
only those regressors with the smallest spectral angles into the prediction of the 
target sensor spectrum. The final prediction result PR was then computed as the 
weighted average of the five selected prediction results PRi with the highest 
weight corresponding to the smallest spectral angle: 
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The weight of the selected prediction results wi is defined as follows, where 
SAi represents the spectral angle between the pixel spectrum and the regressor 
mean spectrum and SAmin and SAmax represent the minimum and maximum spec-
tral angles calculated throughout the image: 
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To avoid using inappropriate regressors for spectra insufficiently repre-
sented in our training data, we added a maximum spectral angle of four degrees. 
Above this threshold we used global transformation coefficients as a fallback (as, 
e.g., used in Claverie et al., 2018). This procedure of using a weighted average of
prediction results instead of using a single regressor per pixel helped us to effec-
tively reduce artificial spectral edges in the predicted image and maximized the 
prediction performance. The threshold of four degrees spectral angle was deter-
mined iteratively by visual inspection of the predicted target sensor images along 
with corresponding error maps. A lower threshold (e.g., one degree) enlarges the 
area where global transformation coefficients are applied, which in turn can lead 
to larger prediction errors, as the global coefficients may not reflect the full spec-
tral variability of the source image. A higher threshold value does not force the 



3    Harmonization algorithm and evaluation methods 57 

mean spectrum of the used regressor and the source sensor spectrum to be spec-
trally similar which also leads to poor prediction results. 

Figure III-3. Workflow for prediction of spectrally harmonized images and 
generation of corresponding target sensor / reference images. 

3.3 Methods used for harmonization performance evaluation 

Based on the predicted target sensor images, we conducted evaluations on 
the spectral harmonization performance for the different techniques and with 
varying numbers of spectral clusters. Additionally, we assessed the effect on typ-
ical remote sensing applications as a practical use case by evaluating 
subsequently derived data products. Details are given in the following: 

1. We quantified spectral deviations between the predicted spectral bands
and the corresponding multispectral target sensor images as reference
(generated by spectral convolution from the hyperspectral input data)
by computing root mean square errors.
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2. We analyzed the spatial distribution of harmonization errors by compu-
ting difference images and examining differing spectral signatures at
prominent image positions.

3. We evaluated the effect of spectral harmonization on selected subse-
quently computed vegetation indices, namely the NDVI (Normalized
Difference Vegetation Index; Tucker, 1979), the EVI (Huete et al., 2002;
Liu and Huete, 1995) and the REIP (Red Edge Inflection Point; linear
four-point interpolation approach after Clevers et al., 2002 and Guyot
and Baret, 1988).

4. We performed an exemplary multispectral random forest classification
on test dataset 2 (Table III-2) and compared the classification accuracy of
native Sentinel-2 data with the accuracy based on predicted data origi-
nating from Landsat-8. For each classification scenario we trained one
classifier incorporating 250 trees, always with the same spectral
endmembers used as training data to achieve comparable results. These
were derived by clustering the hyperspectral test dataset 2 into five main
classes using a K-Means approach followed by a spectral convolution to
Sentinel-2A and Landsat-8. We randomly selected 500 spectral signa-
tures per cluster to adequately model the spectral variability of each
endmember. We computed confusion matrices between the classifica-
tion results and analyzed if an improvement of classification accuracy is
detectable after spectral harmonization.

5. We evaluated the effect of spectral harmonization on real Landsat-8 /
Sentinel-2 data by computing difference images and investigating BOA
reflectance deviations in time for different harmonization techniques.

4 Results and discussion 

4.1 Spectral performance evaluation of different harmonization 
approaches 

4.1.1 Harmonization performance using global prediction coefficients 

We directly compared the harmonization performance without spectral sub-
clustering between multivariate linear regression (LR), quadratic regression (QR) 
and random forest regression (RFR) with 250 decision trees. Because of its sim-
plicity and the low computational effort, we also added linear interpolation (LI) 
here.  
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Figure III-4 shows the spectral deviation for LR, QR, RFR and LI between 
Sentinel-2A reference images and artificial Sentinel-2A data generated from 
Landsat-8 (harmonization results). The deviation is quantified as an overall 
RMSE per spectral band in percent BOA reflectance, averaged over all test image 
datasets used in this study (Table III-2). High harmonization performance is in-
dicated by an RMSE close to zero. For comparison, we also added the average 
RMSE values between Landsat-8 and Sentinel-2 without any harmonization 
(only for spectrally overlapping bands). Note, that these spectral differences rep-
resent the sensor-induced component, i.e., solely originate from unequal spectral 
responses of the individual bands. Therefore, they cannot be directly compared 
with deviations found in previous studies. Chastain et al. (2019) reported TOA 
reflectance differences between 1.3% and 3.1% and Flood (2017) detected them to 
be between 0.5% and 2.1% for BOA reflectance (homologous bands only, without 
harmonization). Both studies only incorporated image pairs with a maximum 
time difference of one day. However, as these studies were based on real-world 
data, sensor-induced differences cannot be completely separated from additional 
biases due to varying illumination or observation geometries or changing atmos-
pheric conditions. 

Figure III-4. Band-wise reflectance deviation between Sentinel-2A reference 
sensor bands and artificial Sentinel-2A data as predicted by LR, QR, LI and RFR 
harmonization from Landsat-8. Crosses represent deviations without any har-
monization for similar bands in both sensors. Note that the y-axis is drawn with 
logarithmic scale. 
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We found that, generally the harmonization performance is clearly depend-
ent on the spectral wavelength of the target sensor band. LR outperforms QR, 
RFR and LI for nearly all target sensor bands. The largest errors appear in the red 
edge spectral region (700 – 750 nm) and the first near infrared bands (below 
850 nm), i.e., at wavelengths where the source sensor (Landsat-8) features no 
spectral information similar to the Sentinel-2 bands to be predicted. Within this 
wavelength region LI causes errors up to 6.1% reflectance and QR even exceeds 
12.2%. The latter is because QR tends to produce spectral artefacts (strong over- 
or underestimations) if input spectra differ too much from the regressor training 
data. In this regard, LR offers more outlier robustness whereas QR tends to over-
fitting. However, also the harmonization errors of LR increase by a factor of 15 
(1.7% reflectance) in this spectral region compared with the remaining spectral 
bands (below 0.12% reflectance). For the spectrally overlapping bands in both 
sensors, LR increases the inter-sensor similarity compared with the similarity 
without any spectral harmonization (black crosses in Figure III-4) for most bands. 
This has also been reported by Flood (2014, 2017). However, there might not be 
an accuracy improvement if the gray value difference between not harmonized 
bands is smaller than the error caused by spatially variable prediction perfor-
mance. This applies to Sentinel-2´s 664 nm and 865 nm bands. Nevertheless, we 
note that LR achieves very good prediction performances for these bands (0.11% 
and 0.03% reflectance RMSE). RFR causes errors around 2% reflectance in the red 
edge spectral region and, in contrast to the other techniques, it does not show 
significantly higher performance for bands where source and target sensor have 
similar wavelengths. Additionally, the harmonized output images showed 
clearly visible artefacts and edges at positions where the input image contained 
spatially nearly homogenous pixel values (not shown here). This means, that RFR 
could not fully model the spectral complexity of our test datasets which might be 
an issue of overfitting. However, we could not improve that with different re-
gressor configurations. 

LI and RFR can only be applied to the whole dataset at once. So in the fol-
lowing, we evaluate the sub-clustering approach for LR and QR only. 

4.1.2 Effect of spectral sub-clustering to harmonization performance 

To assess the effect of separate transformation functions for different spectral 
clusters (sub-clustering), we analyzed the deviation between the harmonized im-
age results and their corresponding reference images with a varying number of 
spectral clusters between 1 and 100. Figure III-5 shows the results for LR and QR 
with Landsat-8 as source sensor and Sentinel-2A as target sensor. The deviation 
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is again quantified per band as RMSE in percent reflectance, averaged over all 
test images. 

Figure III-5. Band-wise reflectance deviation between Sentinel-2A reference 
sensor bands and artificial Sentinel-2A data as predicted by LR and QR harmo-
nization from Landsat-8. Deviation is plotted as RMSE values (% reflectance) 
against different numbers of spectral sub-clusters. The bands in the visible spec-
tral region are represented by dashed lines whereas solid lines represent all 
remaining bands. Note that the y-axis is drawn with logarithmic scale. 

For both, LR and QR, the predicted bands at 704, 740, 782 and 835 nm show 
the lowest harmonization performance, independently from the number of spec-
tral clusters. As mentioned before, this is due to the missing spectral information 
of Landsat-8 in the red edge and near infrared region below 850 nm. All other 
bands perform much better with RMSE values 10 times lower and better. 

However, in case of LR, we found that the RMSE clearly decreases for most 
of the predicted bands if more and more spectral clusters are involved in the pre-
diction. We observed this trend up to about 50 clusters above which the RMSE 
slowly increases again for the predicted 740 and 782 nm bands (lighter orange 
lines in Figure III-5, left). We attribute this rebound to the size of the training 
library in our study (reference cubes as described in Section III-2), which in some 
cases cannot provide enough training signatures for some land cover types at a 
large number of spectral clusters. The regressors for those underrepresented clus-
ters then perform worse and lead to a re-increasing average RMSE as shown 
above. Nevertheless, this is not an issue until up to 50 clusters. For example, for 
the 740 nm band we observed an RMSE-decrease from initially 1.7% reflectance 
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without sub-clustering (also visible in Figure III-4) to 1.2% reflectance. This 
means that we could reduce the prediction uncertainty by around 30% (average 
for all test datasets). Against the background of a mean overall reflectance of 
18.8% in the 740 nm band, this corresponds to an error reduction from 9.0% to 
6.4%. In our test data, the 704 nm band did not show this decreasing RMSE with 
more clusters but rather kept stable with some small variations. Regarding the 
variation of harmonization errors among our test images (Figure A-1, left, in the 
appendix), we observed similar trends for all of them with standard deviations 
between 0.9% and 0.4% reflectance for the 704 nm and 740 nm bands and below 
0.2% for the remaining bands. This equals around 30% to 50% of the RMSE values 
mentioned above suggesting a slightly varying harmonization performance from 
test image to test image. This is due to different surface material compositions of 
the test images which more or less match the mean spectra of the used regressors. 

For QR, we observed decreasing RMSE values for all predicted bands (Figure 
III-5, right) which implies an increasing spectral harmonization performance if 
more material dependent regressors are incorporated. However, compared with 
LR, QR showed much larger harmonization errors and could not outperform LR, 
not even if a large number of spectral clusters was used. For example, the 740 nm 
band showed reflectance errors of 6.7% without sub-clustering, which could be 
reduced to 4.0% reflectance with 100 clusters. Nevertheless, compared with the 
mean band reflectance, we consider this amount of errors as critical for subse-
quent analysis. Similar to LR, we also observed standard deviations between 30% 
and 50% of the RMSE values per band (Figure A-1, right, in the appendix). 

Summarizing the results, the best harmonization performance can be 
achieved using LR and a number of clusters between 20 and 50. For that reason, 
we focus on LR harmonization in our subsequent evaluations to spectrally trans-
form Landsat-8 data to Sentinel-2. 

4.2 Spatial distribution of harmonization errors 

In addition to our quantitative analysis of spectral harmonization perfor-
mance, we also analyzed how the deviation between the harmonized data and 
the reference data varies in space. Figure III-6 visualizes this deviation between 
Sentinel-2A (reference) and Landsat-8 (1) using linear spectral interpolation / LI, 
(2) harmonized using LR but without sub-clustering and (3) harmonized using 
LR with 5, 15 and 50 spectral sub-clusters. Note, that we provide an animated 
version of this figure for 1-100 spectral sub-clusters in the supplements. The fig-
ure shows the results for the predicted Sentinel-2A band 3 at 560 nm and band 6 
at 740 nm, i.e., for the green band with very similar wavelength at both sensors 
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(561 and 560 nm) and for a band within the red edge region which is not covered 
by Landsat-8. The image (a part of test dataset 2, see Table III-2) contains forest / 
bushland, urban / sealed areas, bare soil and water (see true color composite in 
the upper left of the figure). The classification maps in left column indicate the 
most appropriate spectral cluster for each input image pixel, i.e., demonstrate 
which pixel has been transformed by which regressor. White areas represent in-
put pixels, where no suitable regressor was available in our training data 
(spectral angle above the four degrees threshold, as explained in Section III-3.2). 
These pixels were harmonized using global LR coefficients. 

Linear interpolation (Figure III-6, top row) causes the largest deviations in 
the red edge due to the strongly increasing reflection of vegetation and the miss-
ing coverage of Landsat-8 in this spectral region (absolute spectral differences of 
up to 17.25% reflectance, 7.54% RMSE). This is critical for any remote sensing 
application incorporating the red edge and will lead to large errors in subsequent 
analyses. The predicted green band does not exceed 0.41% reflectance error 
(0.18% RMSE) for LI due to the similar spectral response of both sensors in that 
spectral region (see Figure III-1). It is evident that the deviations are highly de-
pendent on the surface cover type (Figure III-6, first row, column two and three). 
Densely vegetated areas have large deviations due to the steep red edge slope of 
vegetation spectra whereas sealed surfaces as well as water show small devia-
tions due to much smaller spectral gradients. We note that using the spectrally 
closest Landsat bands (without any harmonization) instead of linearly interpo-
lated bands would most likely not be an option in practice for many users as this 
is expected to cause even larger spectral differences depending on the surface 
coverage. 

If LR harmonization without spectral sub-clustering is performed (Figure 
III-6, second row), the deviations are reduced to less than 0.2% and 4.16% reflec-
tance in maximum for band 3 and 6 (0.07% and 1.52% RMSE). However, 
deviations are not uniform after spectral harmonization. There are still areas with 
higher or lower deviations. We attribute this to the global, band-wise transfor-
mation function as used in Claverie et al. (2018) that cannot sufficiently consider 
all spectral individualities of different surface coverages within the image (as 
reported by, e.g., Flood, 2014, 2017). 

In case of the 740 nm band, this effect is reduced by using separate transfor-
mation functions for spectral clusters (sub-clustering approach, Figure III-6, rows 
three to five). The 560 nm band also benefits from additional sub-clustering, 
mainly in densely vegetated image areas. But we note that the prediction accu-
racy with global coefficients is already very high due to the similarity of the 
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Landsat-8 signal. In contrast, the deviations in the red edge band can be reduced 
to 1.50%, 1.06% and 0.94% reflectance RMSE with 5, 15 and 50 spectral clusters. 
This clearly demonstrates the benefit of considering spectral sub-clusters for the 
harmonization. In case of the example image in Figure III-6, it reduces the devia-
tions especially for the vegetated areas and ensures a significantly more 
homogeneous distribution of prediction errors. It has to be noted that in contrast 
to the RFR harmonization approach (not shown here) no brightness artefacts 
originating from the clustered harmonization approach are visible in the harmo-
nized output image. In addition, the output spectra fit well to the Sentinel-2A 
reference spectra, especially for the 50 clusters case (Figure III-6, lower right). 
Only the water spectrum (blue line) keeps unchanged in the sub-clustering cases 
because no material-specific regressor with a spectral angle smaller than four de-
grees (Section III-3.2) was found. This also applies to a few other dark surfaces 
which were instead harmonized with global regressor coefficients. From the 
spectral angles point of view, dark areas are extremely variable and therefore 
often exceed the threshold. Additionally, it is possible that we could not fully 
capture their entire spectral variability in our reference cubes. Further develop-
ments are needed to improve the harmonization performance for dark surfaces 
in future. 



4    Results and discussion 65 

Figure III-6. Reflectance deviation between the Sentinel-2A reference image 
and artificial Sentinel-2A data as predicted from Landsat-8 for the Sentinel-2A 
bands 3 (560 nm) and 6 (740 nm). Rows contain different harmonization scenar-
ios: using linear spectral interpolation (upper row), with LR-harmonized 
Landsat-8 data, no sub-clustering (second row) and with LR-harmonized Land-
sat-8 data using 5, 15 and 50 sub-clusters. Note, that the difference images have 
separate color ranges per column due to strongly differing value ranges. The 
spectra in column 4 are extracted at the positions indicated in the images to the 
left. Brighter, thicker and darker, thinner lines indicate reference and predicted 
spectra. The classification maps in column 1 indicate the regressor assignment 
whereas white areas represent the global LR regressor (used as fallback). Note, 
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that we provide an animated version of this figure for 1-100 spectral sub-clus-
ters in the supplements. 

4.3 Effect of spectral harmonization on selected spectral indices 

To assess the benefit of spectral harmonization to vegetation indices, we gen-
erated NDVI, EVI and REIP products based on (1) simulated Sentinel-2A and 
Landsat-8 data without harmonization, (2) Landsat-8 data, LR-harmonized to 
Sentinel-2A without sub-clustering and (3) Landsat-8 data, LR-harmonized to 
Sentinel-2A using 50 sub-clusters. 

Figure III-7 compares the results for the NDVI for the same image subset as 
used in Section III-4.2; there is no visible difference for the three states of harmo-
nization (second column). However, the difference images (third column) reveal 
NDVI differences in the range of -0.04 to +0.04 which corresponds to 4% absolute 
NDVI difference. The scatter plots (Figure III-7, fourth column) allow to numeri-
cally assess the effect of spectral harmonization with regard to NDVI differences. 

In case no harmonization is applied to the input data, the NDVI is computed 
from Sentinel-2A’s 664 nm and 835 nm bands and Landsat-8’s 655 nm and 
864 nm bands. This implies that the Near Infrared (NIR) center wavelength posi-
tion differs by 29 nm. Although Sentinel-2 also features a narrower band at 
865 nm, we note that this band is acquired by a different focal plane with 20 m 
spatial resolution and therefore does not match the 10 m red band without 
resampling. To compute a 10 m NDVI product, the 835 nm band is frequently 
used in the literature (e.g., Belgiu and Csillik, 2018; Gao et al., 2017; Van der Meer 
et al., 2014). The largest NDVI differences appear in sparsely vegetated pixels 
(Figure III-7, third column), i.e., at the light green areas in the second column of 
Figure III-7. This is due to the individual spectral response functions of the red 
and NIR band of both sensors and mainly caused by a higher slope of the vege-
tation signatures between 835 nm (NIR band of Sentinel-2) and 865 nm (NIR 
band of Landsat-8) of sparse compared with dense vegetation. The same pattern 
was also observed in previous studies between Landsat-7 and Landsat-8 (Roy et 
al., 2016a; Xu and Guo, 2014) where Landsat-8 NDVI values were slightly higher 
for sparse vegetation and nearly equal to Landsat-7 for dense vegetation. 
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Figure III-7. Comparison of NDVI values computed from Sentinel-2A and 
(harmonized) Landsat-8 data. Rows contain different harmonization scenarios 
for Landsat-8: without spectral harmonization (upper row), with LR-harmo-
nized Landsat-8 data, no sub-clustering (center row) and with LR-harmonized 
Landsat-8 data, 50 sub-clusters. The true color Sentinel-2 image and the NDVI 
product computed from it are shown for reference in column 1. 

The difference images proof, that the NDVI differences can be reduced if the 
input images are spectrally harmonized using LR (lighter red areas of sparse veg-
etation in Figure III-7, third column), with an even stronger reduction when using 
50 clusters (Figure III-7, bottom row). If LR is applied without sub-clustering (Fig-
ure III-7, center row), the NDVI differences even increase for dense vegetation 
because these spectra are only insufficiently represented by the global transfor-
mation coefficients. The black areas in the difference image indicate NDVI 
deviations outside of the data range and correspond to water that cannot be ac-
curately predicted using global transformation coefficients, too. If multiple 
clusters are used within LR harmonization, the NDVI differences decrease to less 
than 0.01 (except for the water areas for which we could only apply global coef-
ficients). This is corroborated by the scatter plots for NDVI values above 0.3 
(vegetation pixels). These points converge to the red line of zero-difference if LR 
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harmonization is applied and even more if multiple spectral clusters are used. 
The RMSE of these pixels decreases from 0.0094 to 0.0082 to 0.0038 NDVI values 
which equals 1.6%, 1.4% and 0.6% of NDVI values referred to the NDVI value 
range that is realistic for vegetation (0.3 - 0.9). This suggests that even if the center 
wavelength position of the NDVI input bands does not change much through 
harmonization, an LR harmonization is useful to eliminate multi-sensor incon-
sistencies within NDVI products, especially if material specific transformation 
coefficients are used (sub-clustering approach). Consequently, it allows to com-
pute 10 m NDVI products from Sentinel-2 without large inconsistencies 
compared with Landsat-8. 

To validate that the above findings also apply to large scale satellite data with 
various land cover types, we computed NDVI and EVI products from a full 
HyMap image (test dataset 1; 1.8 by 26.5 km, 3.5 m spatial resolution). Addition-
ally, we generated REIP products from Landsat-8 data, LR harmonized to 
Sentinel-2A. To compute the REIP, at least two bands in the red edge spectral 
region are needed. Therefore, this is only made possible for Landsat-8 by harmo-
nization to Sentinel-2A. So the goal was to assess how the REIP based on Landsat-
8 differs from a native Sentinel-2A product if the red edge bands are artificially 
generated by LR spectral harmonization. 

Figure III-8 shows the index value deviations limited to vegetation pixels 
only (identified by NDVI > 0.3). The results for the NDVI confirm the above find-
ings of clearly decreasing deviations if LR harmonization including spectral 
clustering is applied. For global LR coefficients, we observed an increasing RMSE 
from 0.0073 (no harmonization) to 0.0087 (LR harmonization without clustering) 
which is due to too large spectral differences between dense vegetation spectra 
and the global mean spectrum of the training data (as mentioned above). How-
ever, using 50 material dependent regressors for prediction reduced these 
deviations to 0.0028, i.e., to only 38% of the initial error without harmonization. 
On the one hand this demonstrates the limitations of a global LR regressor and 
on the other hand shows that the sub-clustering approach can effectively im-
prove the inter-sensor consistency of harmonized NDVI products. 

The EVI uses the same spectral bands like the NDVI plus an additional blue 
band. It shows a similar deviation like the NDVI suggesting an advantage of 
spectral harmonization but mainly if material dependent regressors are used. 
(95% of the initial error with LR harmonization applied; 43% for LR, under the 
use of 50 clusters).  

Regarding the REIP, which is expressed as a wavelength position, the scat-
terplots show that it can be computed from LR harmonized Landsat-8 data with 
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a mean accuracy of 4.25 nm. Spectral sub-clustering improves that to 3.12 nm ac-
curacy (RMSE). A REIP-based estimation of biophysical plant parameters has 
been studied several times in the past (Clevers et al., 2002; Gitelson et al., 1996; 
Herrmann et al., 2011; Jago et al., 1999; Main et al., 2011) but is dependent on the 
crop type. Hermann et al. (2011) estimated the relation between REIP and the leaf 
area index (LAI) for a mix of wheat and potato crops and according to their stud-
ies, a REIP at 717.9 nm (as the mean in this study with 50 spectral clusters 
involved) would correspond to an LAI of around 1.1. An uncertainty of 3.12 nm 
would lead to an LAI uncertainty of around 1.8. 

Figure III-8. Effect of spectral harmonization to NDVI, EVI and REIP generated 
from Sentinel-2A and (harmonized) Landsat-8 data (vegetation pixels only). 
Columns contain different harmonization scenarios for Landsat-8: without 
spectral harmonization (first column), with LR-harmonized Landsat-8 data, no 
sub-clustering (second column) and with LR-harmonized Landsat-8 data, 50 
sub-clusters (third column). 
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Further improvements could even be achieved by adding a single additional 
band in the red edge spectral region for upcoming Landsat sensors. To reinforce 
this statement, we used the same methodology as described in Section III-3.1 to 
simulate RapidEye-5 data and to train corresponding regressors, as this sensor 
provides an additional band at 713 nm. We estimated Sentinel-2 from RapidEye-
5 data as we did for the Landsat-8 data in this study, and applied the same LR 
harmonization approach (see Section III-3.2). We achieved a REIP estimation ac-
curacy of 0.96 nm without sub-clustering and 0.62 nm with 50 spectral clusters 
incorporated (Figure A-2, in the appendix). This corresponds to an LAI uncer-
tainty of around 0.55 and 0.35. It clearly shows that even a single additional red 
edge band can highly improve the estimation accuracy of biophysical parameters 
such as LAI, and we strongly suggest this spectral region to be covered in up-
coming satellite missions. Nevertheless, even without a red edge band we were 
able to estimate LAI with an uncertainty of 1.8 from Landsat-8 data, harmonized 
to Sentinel-2A. 

4.4 Effect of spectral harmonization on the multi-sensor con-
sistency of land cover classifications 

Finally, we analyzed the effect of spectral harmonization to the consistency 
of multi-sensor land cover classifications. We performed an exemplary multi-
spectral random forest classification on Sentinel-2A and Landsat-8 data using test 
dataset 2 (Table III-2) and compared the classification accuracy (see Section III-3.3 
for details on the classification). We show again three scenarios: (1) without any 
harmonization of Landsat-8, (2) with LR harmonized data but without sub-clus-
tering and (3) with LR harmonization incorporating 50 spectral sub-clusters. The 
classification result directly computed from Sentinel-2A data is taken as the ref-
erence, since a classification based on perfectly harmonized Landsat-8 data 
should ideally lead to the same classification map. Differing spectral information 
due to harmonization uncertainties should instead cause deviations in the classi-
fication maps. 

Figure III-9 shows the confusion matrices between the classification results 
and illustrates the similarity between classifying a native Sentinel-2A dataset and 
the three Landsat-8 harmonization results. Without spectral harmonization the 
classification result of Landsat-8 is at least 82.9% consistent with Sentinel-2A. One 
class achieves an accuracy of 100% but the mean value is 92.3%. However, if an 
LR harmonization is performed to transform the Landsat-8 data to the spectral 
domain of Sentinel-2A, the accuracies can be improved by 7.5% to at least 90.4% 
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or to 96.3% average. Using spectral sub-clustering with 50 spectral clusters can 
even further improve that to a minimum and mean consistency of 94.2% and 
97.3%, respectively. 

Figure III-9. Classification confusion matrices to compare the similarity of a 
random forest classification (5 spectral classes) between Sentinel-2A and (left) 
Landsat-8 without harmonization, (center) Landsat-8, harmonized to Sentinel-2 
using LR, without sub-clustering and (right) Landsat-8, harmonized to Senti-
nel-2 using LR, with 50 sub-clusters. 

4.5 Application of the proposed harmonization to real Landsat-8 
and Sentinel-2 data 

After evaluating the effect of the proposed harmonization algorithm on sim-
ulated data, we tested the approach on real Landsat-8 and Sentinel-2 data 
acquired in 2018 at the south coast of Crete, Greece. However, we point out that 
numerous additional effects occur in real data which can cause differences be-
tween dates but are unrelated to the sensor-induced reflectance differences 
investigated in this study. Even small differences in the acquisition time, the ob-
servation or illumination geometry lead to visible spectral differences due to 
material dependent BRDF properties or changing atmospheric states (variable 
aerosol or water vapor contents, cloud and cloud shadow positions, etc.) (Roy et 
al., 2016a). 

As mentioned in Section III-2, the data were preprocessed by the FORCE 
software (Frantz, 2019) which runs several processing steps to minimize the 
above described spectral differences. However, a perfect correction is not possi-
ble (Claverie et al., 2015; Doxani et al., 2018; Ju et al., 2012; Zhang et al., 2018), i.e., 
remaining spectral differences are intermingled by the purely sensor-induced de-
viations that we aim to correct in this study. 

Similar to Figure III-6, Figure III-10 compares these spectral differences de-
pending on several spectral harmonization techniques for band 6 of Sentinel-2 
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(740 nm), as predicted from Landsat-8. The image pair has been acquired with a 
1-day separation (only about 15 min difference in daytime) in August 2018. The 
Sentinel-2 image, spatially resampled to Landsat-8, is taken as the reference. Sur-
face materials mainly consist of bare soils, shrub and rangelands, olive trees and 
urban areas. In case of LI, the 740 nm reflectance values of Sentinel-2 are clearly 
underestimated from Landsat-8 with an RMSE of 3.64% reflectance. This is be-
cause LI cannot model the shape of the spectral signature in the red edge (Section 
III-4.2). Using LR without spectral sub-clustering (as used by Claverie et al., 
2018), the deviations can be reduced to an RMSE of 1.36% reflectance. If, addi-
tionally, 50 material-specific regressors are used (proposed sub-clustering 
approach), they can be further reduced to 1.09% reflectance. Moreover, the dif-
ference image becomes smoother suggesting that deviations due to material-
specific individualities could be reduced. Unlike our evaluations with simulated 
data (Section III-4.2), the remaining spatial variability of harmonization errors is 
not only due to different prediction performances depending on the surface ma-
terial, but also due to uncertainties in preprocessing (as described above). 

Figure III-10. Reflectance deviation in space between real and artificial Sentinel2 
data as predicted from Landsat-8 for the Sentinel2 band 6 at 740 nm. Deviations 
are shown for different harmonization scenarios: using linear spectral interpo-
lation, with LR-harmonized Landsat-8 data (no sub-clustering) and with LR-
harmonized Landsat-8 data using 50 sub-clusters. The red cross indicates the 
position of the BOA reflectance time series shown in Figure III-11. 

To analyze the effect of spectral harmonization to inter-sensor spectral dif-
ferences in time, Figure III-11 visualizes the BOA reflectance values of an 
exemplary pixel out of the above shown Landsat-8 / Sentinel-2 time series. The 
position of the pixel is indicated in Figure III-10. In case of LI, the above men-
tioned underestimation is also visible in Figure III-11 (left) as a clear offset 
between the reference reflectance of Sentinel-2 and the values predicted from 
Landsat-8. This offset can be significantly reduced by using LR instead of LI (Fig-
ure III-11, center). Nevertheless, some predicted values still differ systematically 
from Sentinel-2. This can be further improved by using a material-dependent LR 
regressor instead of global transformation coefficients (Figure III-11, right). 
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Figure III-11. Reflectance deviation in time between real and artificial Senti-
nel-2 data as predicted from Landsat-8 for the Sentinel-2 band 6 at 740 nm. 
Deviations are shown for different harmonization scenarios: using linear spec-
tral interpolation (left), with LR-harmonized Landsat-8 data, no sub-clustering 
(center) and with LR-harmonized Landsat-8 data using 50 sub-clusters (right). 

4.6 Error assessment and limitations of the study 

As limitations of this study, we note some concerns regarding the nine hy-
perspectral datasets we used for the simulation of our multispectral data basis. 
These hyperspectral data have been radiometrically unified prior to spectral con-
volution as far as possible (Section III-2). However, different algorithms have 
been used for atmospheric correction in advance of this study and we were not 
able to correct for BRDF effects. This is because a BRDF correction would have to 
be applied to the hyperspectral data prior to the simulation of the multispectral 
data basis and would require detailed information about land cover types 
(Collings et al., 2010), which was not available for this study. Moreover, we did 
not equalize spatial resolutions to avoid spectral degradation. This means that 
we might have included purer spectra in our training data than usually recorded 
by Landsat-8 and Sentinel-2A under the same acquisition and illumination con-
ditions. Nevertheless, we note that these differences between the underlying 
hyperspectral datasets have been incorporated into our multispectral input data-
base (reference cube) for each individual sensor. Therefore, they don´t affect the 
inter-sensor deviations we derive here. On the contrary, they increase the spectral 
variability of our data basis and therefore contribute to a higher robustness of the 
machine learning techniques we used. 

As a technical drawback of using multivariate instead of univariate (band-
to-band) regressors, we would like to mention, that in case of multivariate regres-
sors (as used in our study) all spectral bands of a source image have to be read to 
generate a harmonization result in the target sensor spectral domain. This may 
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increase the processing time for disk access intensive workflows. In contrast, uni-
variate regression, e.g., only requires two bands to be read from each image to 
obtain an NDVI result based on harmonized spectral information. 

Regarding LR and QR based on separate harmonization functions per spec-
tral cluster, we assign the most appropriate machine learning regressors for each 
pixel of the source sensor image by computing the spectral angle as similarity 
measure between input image spectra and the mean spectra of the training data 
associated with each regressor (Section III-3.2). However, the spectral angle is 
mainly sensitive to a similar shape of spectral signatures but not to brightness 
differences. This might cause some wrong regressor assignments and hence in-
crease deviations at certain positions in the predicted image. Generally, this effect 
is reduced by our procedure of computing weighted averages of multiple regres-
sor results. However, further research should be conducted to study the effect of 
more reliable spectral similarity metrics that are sensitive to both, spectral shape 
and brightness differences and also consider spatial adjacencies. 

Additionally, our evaluations revealed that the proposed material-specific 
regressors could rarely be applied to dark surfaces such as water bodies or as-
phalt since the spectral angle threshold was exceeded there. We see two reasons 
for this. First, we had only insufficient training data to adequately train material 
specific regressors that cover the entire spectral variability of these surfaces in 
our independent test data. Second, due to the low signal, dark surfaces have an 
extreme spectral variability in terms of the spectral angle. Even small reflectance 
variations may lead to spectral angles exceeding our threshold of four degrees. 
For these materials a more suitable process must therefore be developed in fu-
ture. 

Finally, it must be noted that the harmonization coefficients derived in this 
study may not be suitable for all geographic positions of the world due to differ-
ent land cover (Chastain et al., 2019; Flood, 2014, 2017; Mandanici and Bitelli, 
2016). Nevertheless, we intentionally chose training images acquired under dif-
ferent climatic conditions and with a high land cover variability to achieve as 
much model robustness as possible. Since our algorithm tolerates spectral devi-
ations between input spectra and the assigned regressors by handling larger 
deviations with lower weights, users can still expect good harmonization results 
for surfaces that were not explicitly included in our training data. Apart from 
that, users are able to constrain this spectral deviation with a threshold above 
which global transformation coefficients (as, e.g., in Claverie et al., 2018) are used 
as a fallback (trained to model entire bands instead of material-specific clusters). 
This keeps the proposed harmonization algorithm applicable to “incompatible” 
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surfaces, even though it will not achieve the harmonization accuracy of other 
surface coverages there. 

5 Summary and conclusion 

This paper presents a thorough investigation of the benefit and limitations 
of spectral band harmonization for optical multispectral satellite imagery at the 
example of simulated Landsat-8 and Sentinel-2 data. It particularly addresses the 
prediction of the Sentinel-2 spectral information at those wavelengths that are 
not covered by Landsat-8, i.e., the red edge and the spectral region up to 850 nm. 
Different harmonization techniques were used, such as multivariate linear re-
gression (LR), multivariate quadratic regression (QR), random forest regression 
(RFR) and linear interpolation (LI). Additionally, we developed a new prediction 
approach to improve the harmonization accuracy by respecting material depend-
ent spectral individualities. It incorporates separate transformation functions for 
different spectral clusters of the input dataset and was examined for LR and QR. 
We evaluated the harmonization performance by computing root mean square 
errors to simulated reference data and quantified NDVI and EVI differences with 
and without spectral harmonization to demonstrate the effect for typical remote 
sensing applications. Furthermore, we investigated if an improvement of classi-
fication accuracy is detectable if unequal spectral sensor characteristics are 
unified. In addition to these evaluations based on simulated data, we also applied 
the harmonization techniques to real Landsat-8 and Sentinel-2 data to investigate 
the effectiveness for realistic remote sensing applications. 

Our results show that the quality of the harmonized image data highly de-
pends on the spectral wavelength or more precisely on the similarity of the 
spectral characteristics of source and target sensor. Hence, the prediction accu-
racy of spectral bands with center wavelength positions close to existing bands 
is generally much higher than at spectral positions where the source sensor lacks 
spectral information. Besides that, it is dependent on the shape of the spectral 
signatures, i.e., high reflectance gradients like within the red edge spectral region 
cause larger errors.  

With global regressor coefficients, i.e., without the proposed sub-clustering 
approach, LR generally outperformed QR, RFR and LI and could also improve 
the inter-sensor consistency compared with non-harmonized data. LI seems to be 
only useful for already spectrally overlapping bands but is highly prone to errors 
in case of larger “spectral gaps”, i.e., if the source sensor does not provide spectral 
information at the targeted wavelength. Using RFR (250 decision trees in this 
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study) the harmonized output data contained clearly visible artefacts and could 
not outperform the harmonization results of LR. Regarding LR and QR incorpo-
rating global harmonization coefficients (as, e.g., in Claverie et al., 2018), our 
analysis revealed that deviations highly depend on the surface coverage and vary 
from pixel to pixel. This confirms the presumptions of Flood (2014). The devia-
tions can be reduced by using multiple transformation functions for different 
spectral clusters. We tested different numbers of spectral clusters between 1 and 
100 and found out that there is an improvement of harmonization quality for 
both, LR and QR, if more and more spectral clusters are involved. In case of LR, 
we achieved the maximum harmonization performance with 50 spectral clusters 
and the spectral angle as technique to assign each input pixel to a corresponding 
spectral cluster and hence to a specific LR regressor. Averaged for all our test 
datasets (simulated from hyperspectral data), we could reduce the inter-sensor 
deviations by about 30% in the red edge spectral region and achieved a much 
more homogenous distribution of remaining errors. QR produces much larger 
deviations compared with LR. Therefore, we limited our further evaluations to 
LR harmonization. 

Our analyses regarding NDVI products from simulated data revealed that 
the purely sensor-induced deviations between NDVI index values of Landsat-8 
and Sentinel-2A are in the range of 4% with reference to the whole NDVI value 
range. Spectral harmonization with a global regressor could not reduce them, be-
cause material dependent variations are not considered. However, by using 50 
separate LR regressors instead of a single one, we could reduce the NDVI devia-
tions to 38% of the initial error without harmonization (vegetated image pixels 
only). For EVI, we observed a slight reduction of deviations to 95% using a single 
LR regressor for homogenization which could be further reduced to 43% by using 
50 spectral clusters. Based on Landsat-8 simulations, LR-harmonized to Senti-
nel-2A, we were able to compute the red edge inflection point (REIP) with an 
accuracy of 3.1 nm. The REIP cannot be computed from native Landsat-8 data 
due to missing red edge spectral bands. With regard to land cover classifications 
we observed an improvement of multi-sensor consistency of the classification 
maps from 92.3% to 96.3% with LR harmonized Landsat-8 data and to even 97.3% 
under the use of 50 spectral clusters (mean consistencies). 

When applied to real Landsat-8 and Sentinel-2 data, the reduction of purely 
sensor-induced deviations is hardly quantifiable because inter-sensor deviations 
are not only due to spectral response differences but also caused by unequal ob-
servation and illumination geometries or atmospheric conditions which can 
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never be perfectly corrected in the pre-processing of the data. However, with re-
gard to the 740 nm red edge band of Sentinel-2 predicted from Landsat-8, we 
observed a reduction of inter-sensor BOA reflectance deviations from 3.64% us-
ing LI harmonization to 1.36% using LR with global transformation coefficients 
to 1.09% using LR with 50 material-dependent regressors (sub-clustering ap-
proach). This reduction was also evident when comparing the harmonized inter-
sensor reflectance over time. 

In summary, the study demonstrates on simulated Landsat-8 and Sentinel-2 
data that spectral harmonization is useful to improve the multi-sensor con-
sistency of remote sensing data, especially if multiple transformation functions 
are incorporated. Whether it is also worthwhile in real world applications de-
pends on the individual radiometric accuracy requirements of the application 
and on the question if unilaterally missing bands are incorporated. However, we 
showed that spectral harmonization directly increases the inter-sensor similarity 
of reflectance values and consequently the reliability of all subsequent data prod-
ucts. We suggest linear regression as a robust and easy to implement technique 
to gain unified spectral characteristics of actual multi-sensor data. However, with 
global regressor coefficients, LR has the drawback of remaining material depend-
ent deviations that in some cases exceeded 10% reflectance with our test data 
simulations. Our proposed algorithm accounting for these spectral individuali-
ties does exist as a Python package which will be published as open source code 
at the following URL soon: https://git.gfz-potsdam.de/geomultisens/spechomo. 
It is generic and can be applied to other sensors such as Landsat-5 TM, Landsat-7 
ETM+, Sentinel-2B, RapidEye-5, SPOT-4 and SPOT-5 using the included machine 
learning regressors. Moreover, it features an algorithm to train additional regres-
sors (as presented Section III-3.1) for custom sensor combinations based on user 
provided hyperspectral training data. This also allows users to further improve 
harmonization results according to their specific study areas. The proposed ap-
proach is considered to be incorporated in the next release of FORCE, a toolset 
for generating and analyzing Landsat and Sentinel-2 Analysis Ready Data 
(Frantz, 2019). Future work may further investigate the effect of spectral and spa-
tial harmonization on real world remote sensing applications. 

Supplementary data to this article can be found online at 
https://doi.org/10.1016/j.rse.2020.111723. 

https://git.gfz-potsdam.de/geomultisens/spechomo
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Abstract 

Global wildfire activities are expected to increase substantially in the near 
future. Existing techniques for spaceborne burn severity estimation often rely on 
bi-temporal spectral indices, which are related to in-situ burn severity data. How-
ever, due to cloud coverage and limited revisit frequency, in combination with 
the date of field surveys, it is a challenge to find suitable and phenologically com-
parable pre- and -post-fire images. To overcome these issues and to improve the 
accuracy of burn severity estimations by incorporating ecologically relevant 
spectral information, we investigated the capability of using Land Surface Phe-
nology (LSP) metrics and incorporating red edge spectral information. We 
examined the well-researched Jasper fire (September 2000, Black Hills, USA) with 
a dense time series of Landsat-5 and -7 data. We generated synthesized red edge 
spectral bands through a recently proposed spectral harmonization technique 
and computed several bi-temporal vegetation indices. Additionally, we derived 
various bi-annual LSP metrics from the same indices. We used linear regression 
between composite burn index (CBI) ground truth data and the various indices 
to measure the performance of each approach, and intercompared estimated 
burn severity maps. We found added value of both incorporating red edge spec-
tral information into bi-temporal indices and into LSP metrics. Among the 
indices, NDVI and NDVIre1n performed best, with the latter being the overall 
winner. This was observed for both the bi-temporal indices and the bi-annual 
LSP metrics, wherein best estimation performance was found with Value of Peak 
of Season and Value of Green Mean metrics. Although the correlation between 
CBI point measurements and bi-temporal index data is similar to the LSP ap-
proach, the LSP-based burn severity maps show more robustness with regard to 
clouds and cloud shadows, altitude gradients and pre-processing uncertainty. 
The results are not only relevant for sensors with native red edge bands like Sen-
tinel-2 but also suggest that back-casting the red edge spectral information to the 
Landsat archive combined with an LSP based estimation approach may improve 
existing burn severity maps, especially in more frequently clouded regions. 

1 Introduction 

With anthropogenic climate change and global warming progressing, a trend 
towards increasing global wildfire activity during the 21st century (Flannigan et 
al., 2013; Jolly et al., 2015; Moritz et al., 2012), as well as increased risk of more 
frequent, widespread, and severe fires is projected (Aldersley et al., 2011; Baker, 
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2022; Jones et al., 2020). In turn, vegetation fires release substantial amounts of 
carbon emissions, that amplify climate change (Bowman et al., 2020). In this con-
text, a detailed understanding and mapping of wildfire dynamics is a crucial 
component towards more reliable climate models (Aldersley et al., 2011; 
Bowman et al., 2009, 2020; Ichoku et al., 2012). Remote sensing is a key technology 
for monitoring the occurrence of fire events. Climate models often integrate spa-
tially-explicit burned area data. However, spatial variability in burn severity is 
seldomly taken into account, which may lead to unrealistic biomass combustion 
factors that consequently affect model performance and may incorrectly estimate 
the ecosystem impacts of fire (Stenzel et al., 2019). 

Burn severity is defined as the fire-induced environmental change including 
both the immediate fire effect and longer-term vegetation recovery (Veraverbeke 
et al., 2018). It quantifies the impact of fire on the landscape and is directly linked 
to vegetation mortality, soil infiltration rates, increased runoff and erosion as well 
as soil nutrient composition (Benavides-Solorio and MacDonald, 2001; Martin 
and Moody, 2001). In the field, burn severity is measured with the composite 
burn index (CBI), which estimates the average burn severity in a plot of usually 
30 x 30 m and around one year after the fire (Key and Benson, 2006). It relies on 
visual assessments of the amount of consumed biomass, the degree of soil char-
ring, and the degree of vegetation rejuvenation (Lentile et al., 2006). Four to five 
individual vegetation strata are assessed, including substrate, herbs and low 
shrubs, tall shrubs, and low and tall trees, i.e., understory and overstory vegeta-
tion (Parks et al., 2019). The estimated CBI value then represents an average of 
the severity scores derived from all strata, in analogy to the way a remote sensing 
sensor mixes the spectral abundances of the individual land cover components, 
hence, a good correlation with multispectral reflectance exists (Mallinis et al., 
2018). 

Since the spectral information of fire-affected areas changes considerably 
during and after a fire event, it is feasible to map fire perimeters (burned area) 
and to distinguish between different burn severity levels from space. The com-
bustion of vegetation and the associated destruction of chlorophyll leads to a 
slight reflectance increase in the visible spectral range (VIS) and a strong decrease 
in the near-infrared (NIR). Moreover, it causes the red edge spectral feature shift 
towards shorter wavelengths (Curran et al., 1990; Horler et al., 1983). The 
shortwave-infrared (SWIR) increases moderately due to reduced canopy and soil 
moisture (Chuvieco et al., 2019; Escuin et al., 2008). 
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Various studies used multispectral satellite data to estimate burn severity 
over the last decades (Veraverbeke et al., 2018). These sensors, e.g., Landsat, pro-
vide both a suitable spatial, and spectral resolution with sensitivity for fire 
phenomena. The two most used spectral indices to estimate burn severity from 
remote sensing data are the Normalized Difference Vegetation Index (NDVI) and 
the Normalized Burn Ratio (NBR) (Szpakowski and Jensen, 2019), both in their 
mono-temporal or bi-temporal version, i.e., differencing the pre-and post-fire 
state (Escuin et al., 2008; Mallinis et al., 2018). The bi-temporal Differenced Nor-
malized Burn Ratio (dNBR) is commonly regarded as the most effective index to 
measure burn severity (Delcourt et al., 2021; Mallinis et al., 2018; Mitchell and 
Yuan, 2010). 

In 2015, the new Sentinel-2 MultiSpectral Instrument (MSI) became available 
providing additional spectral bands in the red edge spectral region between 680 
and 750 nm. The red edge is known to be a useful descriptor for vegetation health 
and chlorophyll content (Curran et al., 1990; Filella and Peñuelas, 1994; 
Szpakowski and Jensen, 2019) and its suitability for burn severity estimation was 
recently demonstrated in various studies (Fernández-Manso et al., 2016; Mallinis 
et al., 2018; Navarro et al., 2017; Quintano et al., 2018). Nevertheless, their poten-
tial in terms of burn severity estimation is not usable for the Landsat archive, 
which raises the question whether it might be feasible to back-cast the spectral 
information in the red edge region, which would unlock a vast archive of red 
edge enabled satellite data records going back to the early 1980s. This might help 
to improve the accuracy of existing burn severity maps for fire events prior to 
2015 and therefore also contribute to improving the existing climate models, 
which benefit from a more detailed understanding of historical wildfire dynam-
ics (Stenzel et al., 2019; Tang et al., 2021). This may be tangible as Scheffler et al. 
(2020) recently proposed a new approach for spectral harmonization of Landsat-
8 to Sentinel-2 data that includes the estimation of red edge information from 
Landsat-8. In this study, we adapt this methodology to estimate artificial red 
edge bands from Landsat-5 and Landsat-7 and investigate their added value in 
terms of burn severity assessment. 

Moreover, we address another shortcoming of using mono- or bi-temporal 
index data for burn severity estimation, which is related to the timing of the sat-
ellite acquisitions. As pointed out in previous studies, the accuracy of burn 
severity estimation is often strongly dependent on the selected acquisition dates 
(Chen et al., 2020; Morresi et al., 2022; Veraverbeke et al., 2010). Disentangling 
fire-induced effects from other inter-annual variations or external factors often 
requires a similar timing of image pairs (Key and Benson, 2006), which can be 
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challenging to achieve, e.g., in case of frequently clouded targets (Morresi et al., 
2022). A possible way to overcome this limitation might be to employ Land Sur-
face Phenology (LSP) metrics (Bolton et al., 2020; Frantz et al., 2022), which use 
the whole time series of satellite data instead of selected pre- and post-fire acqui-
sitions, and thus are generally more robust against short-term variations, e.g., 
due to cloud shadows, topographic effects or differences in soil moisture 
(Morresi et al., 2022). They provide magnitude and timing of phenological key 
events throughout the annual growing season and since a fire event causes these 
LSP metrics to change from the pre-fire to the post-fire year, they shall be related 
to burn severity. Consequently, a second focus of our study is to examine 
whether bi-annual LSP metrics relate to burn severity and if dense time series 
provide added value for burn severity estimation. Herein, we use both generic 
burn severity indices and red edge indices to compute the LSP metrics and com-
pare their performance in relation to their bi-temporal index versions. 

The key questions of this study are therefore: 

1. How do burn severity estimations generated through synthesized,
bi-temporal red edge information compare to those generated with
generic, bi-temporal Landsat indices?

2. Can burn severity maps be improved by using dense time series
instead of selected snapshots in time?

2 Study area and data 

2.1 Study area 

The Black Hills National Forest in south-western South Dakota, USA 
(43.815° N, -103.878° W) belongs to the easternmost outlier of the Rocky Moun-
tains with elevations ranging from ~1,000 m up to 2,200 m above sea level (a.s.l.). 
The Jasper fire occurred between 24 August and 25 September 2000 (Figure IV-1), 
and was the largest wildfire ever recorded in the Black Hills. It burned ~34,000 ha 
of ponderosa pine forest (12% of the National Forest) and left a patchy mosaic of 
areas with different burn severity levels: 25%, 48%, and 27% of the area experi-
enced low, moderate high burn severity, respectively (Lentile et al., 2005; Mitchell 
and Yuan, 2010). A substantial number of trees survived in the low and moder-
ately affected areas and recovered eventually, although no trees re-appeared in 
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the severely burned areas. In contrast, grasses and shrubs quickly recovered 
(Keyser et al., 2008; Mitchell and Yuan, 2010). 

For our study, the Jasper fire scar is ideally suited as it (1) contains a wide 
variety of different burn severity levels; (2) it is well studied in terms of ground 
truth data (Section IV-2.2.1) well distributed over the entire fire perimeter as well 
as in terms of satellite-based burn severity estimations (Chen et al., 2008, 2011; 
Zheng et al., 2016); and (3) the timing of the fire event occurred when both Land-
sat-5 and -7 data where fully operational. The cloud coverage permits observing 
the area in close intervals before and after the fire, as the semi-arid steppe climate 
results in an average precipitation of only 440 to 673 mm from northwest to 
southeast (Brown and Sieg, 1999; Zheng et al., 2016). 

Figure IV-1. Study area with the fire perimeter of the Jasper Fire (derived by 
the Monitoring Trends in Burn Severity program), CBI positions, and Landsat 
in the background (SWIR2-NIR-Red false-color composite). (A): region over-
view, (B): pre-fire image from 2 June 2000, (C): post-fire image from 16 October 
2000. 

2.2 Data 

2.2.1 Composite burn index ground truth data 

In this study, we use 66 CBI plots from the USGS CBI database for the Con-
terminous U.S. (Picotte et al., 2019). The CBI data were collected within the fire 
perimeter of the Jasper Fire between 14th and 26th of Mai 2002 and cover a CBI 
value range between 0.05 and 3.0, wherein a value of 0 represents unburned ar-
eas, and 3 severely burned ones. There is no information about the diameter of 
each field plot in the database, however, Key & Benson (2006) suggest a plot di-
ameter around 30 m as the CBI was specifically designed to be used as ground 
truth reference for Landsat. 
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2.2.2 Landsat-5/7 time series 

The Landsat-5 Thematic Mapper was a multispectral sensor with 30 m spa-
tial resolution and six spectral bands in the VIS, NIR and SWIR, plus one thermal 
band. The Landsat-7 Enhanced Thematic Mapper sensor has nearly the same 
specifications and during the Jasper fire, both satellites were fully operational 
and acquired images each 8 days (Kovalskyy and Roy, 2013). 

We used all available Landsat-5 and Landsat-7 Collection 1 L1TP data with 
less than 80% cloud coverage for 1998 – 2003. The time series included 706 da-
tasets in total, with a mean cloud coverage of 21%. Landsat-7 images acquired 
after 31 May 2003 have data gaps due to the Scan Line Corrector failure. 

All Landsat data were downloaded and pre-processed with the FORCE soft-
ware (Frantz, 2019) to generate Level-2 bottom-of-atmosphere (BOA) reflectance 
data. The implemented Level-2 processing workflow includes cloud masking 
(Frantz et al., 2015, 2016; Zhu and Woodcock, 2012), correction of atmospheric, 
topographic and adjacency effects (Frantz et al., 2016), nadir BRDF adjustment 
(Roy et al., 2016b, 2017a, 2017b), re-projection and data-cubing (Frantz et al., 
2016). 

2.2.3 PRISMA hyperspectral data 

We used a recently proposed spectral harmonization approach (Scheffler et 
al., 2020) to estimate red edge spectral information for Landsat. The approach 
relies on material-specific regressors trained with spectrally down-sampled hy-
perspectral data. We used 13 hyperspectral datasets to train such regressors 
optimized for the land properties of the Black Hills region. Further details on the 
harmonization approach are given in Section IV-3.1 and in Scheffler et al. (2020). 

The PRISMA sensor was launched in 2019 and acquires hyperspectral im-
agery with 240 spectral bands from 400 to 2500 nm. Each scene spans 30 km by 
30 km with a spatial resolution of 30 m (Cogliati et al., 2021). We used PRISMA 
Level-2C data that are provided as BOA reflectance including radiometric cali-
bration, geolocation and atmospheric correction (ASI, 2020; Loizzo et al., 2019). 
The images are acquired between 09/2019 and 07/2021 and partly cover the Black 
Hills and the surrounding regions, i.e., should encompass all regionally relevant 
land cover types. We chose datasets with acquisition dates across all seasons and 
with varying cloud coverage to maximize the spectral variability (including 
cloud and cloud shadow spectra) within the training data. 
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3 Methods 

Figure IV-2 provides an overview about our methodology. The following 
sections provide details about our processing and evaluation methods. 

Figure IV-2. Overview of the methodical workflow used in this study. 

3.1 Spectral harmonization and red edge prediction: Landsat to 
Sentinel-2 

Our spectral harmonization approach is based on multivariate linear regres-
sion wherein separate regressors are applied to individual groups of surface 
materials, which provides higher accuracy than existing harmonization tech-
niques (Scheffler et al., 2020). Most importantly, however, it allows to estimate 
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unilaterally missing spectral bands such as red edge bands that do not exist in 
native Landsat data. The assignment of an optimal per-pixel regressor relies on 
the spectral angle as a measure for spectral similarity between the individual 
pixel’s spectrum and the mean spectra of various previously trained material-
specific regressors (we used 50). The predicted spectrum is computed based on a 
k-nearest-neighbor (kNN) approach by a weighted average of the ten most simi-
lar regressors wherein a global regressor (which does not represent a specific 
surface material) is used as a fallback in case no suitable candidate was found 
(threshold of four degrees spectral angle). The chosen material-specific regres-
sors were trained with the above-mentioned PRISMA data (Section IV-2.2.3), 
spectrally clustered and down-sampled to the spectral domains of Landsat-5/7 
and Sentinel-2. The algorithm is implemented in the open-source Python package 
SpecHomo (https://git.gfz-potsdam.de/geomultisens/spechomo; Scheffler, 
2020a). The estimated Sentinel-2 data (L2Sen) contain ten spectral bands includ-
ing the three Sentinel-2 red edge bands at 704, 741 and 783 nm center wavelength. 

3.2 Generation of generic bi-temporal Landsat indices 

We computed eight bi-temporal indices (Table IV-1) based on previous stud-
ies that identify the NDVI, EVI, and NBR as suitable (Delcourt et al., 2021; 
Mallinis et al., 2018; Szpakowski and Jensen, 2019; Zheng et al., 2016), as well as 
selected red edge indices (Fernández-Manso et al., 2016). Bi-temporal indices are 
commonly used to detect fire-induced vegetation changes and are known to pro-
vide better accuracy than using mono-temporal indices (Fernández-García et al., 
2018; García-Llamas et al., 2019). We compute the bi-temporal indices dI by sub-
tracting the pre-fire index 𝐼𝑝𝑟𝑒 from the post-fire index 𝐼𝑝𝑜𝑠𝑡: 

𝑑𝐼 = 𝐼𝑝𝑜𝑠𝑡 − 𝐼𝑝𝑟𝑒 (1) 
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Table IV-1. Spectral indices used in this study to compute bi-temporal indices. 

Abbreviation Name Equation Sentinel-2 Reference 

NDVI 
Normalized Difference 

Vegetation Index 

NIR − Red

NIR + Red
Tucker (1979) 

EVI Enhanced Vegetation Index 2.5 ×
NIR − Red

NIR + 6 × Red − 7.5 × Blue + 1
Huete et al. (2002) 

NBR Normalized Burn Ratio 
NIR − SWIR 2

NIR + SWIR 2
Key & Benson (2006) 

NDre1 
Normalized Difference 

Red Edge Index 1 

Red Edge 2 − Red Edge 1

Red Edge 2 + Red Edge 1

Gitelson & Merzlyak 

(1994) 

NDre2 
Normalized Difference 

Red Edge Index 2 

Red Edge 3 − Red Edge 1

Red Edge 3 + Red Edge 1
Barnes et al. (2000) 

CIre Chlorophyll Index Red Edge 
Red Edge 3

Red Edge 1
− 1 Gitelson et al. (2003) 

NDVIre1n 
Normalized Difference Vegetation 

Index Red Edge 1 Narrow 

NIR − Red Edge 1

NIR + Red Edge 1
Fernández-Manso (2016) 

MSRren 
Modified Simple Ratio 

Red Edge Narrow 

NIR
Red Edge 1

− 1

√
NIR

Red Edge 1 
+ 1

Fernández-Manso (2016) 

Note that NDVIre1n and MSRren use the narrow version of the (synthesized) Sentinel-2 NIR band. 

We used a Landsat-5 image from 09 July 1999 and a Landsat-7 image from 
06 July 2001 as pre- and post-fire acquisitions. At these dates, the vegetation is 
usually very active and there was a cloud-free image pair available that covers 
the Jasper fire perimeter completely. Second, both images are acquired at a very 
similar day of the year and are thus expected to represent similar states in the 
phenological cycle. Although the post-fire image is acquired around one year 
prior to the CBI collection campaign (14th – 26th of Mai 2002), we could not find 
a negative impact on the correlation between bi-temporal indices and CBI data, 
which we attribute to the acquisition closer in time to the fire event where post-
fire damage is even more apparent. To compute the bi-temporal indices (Equa-
tion 1), we used the native Landsat Level-2 data for the generic indices and the 
synthesized Sentinel-2 data (denoted as L2Sen in Figure IV-2) for the red edge 
indices. 

3.3 Generation of bi-annual LSP metrics 

We computed bi-annual LSP metrics, which incorporate the spectral infor-
mation of an entire phenological year wherein the bi-annual versions are 
computed in the same manner as the bi-temporal indices by subtracting the pre-
fire from the post-fire state: 

𝑑𝐿𝑆𝑃 = 𝐿𝑆𝑃𝑝𝑜𝑠𝑡 − 𝐿𝑆𝑃𝑝𝑟𝑒 (2) 
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We used 1999 and 2001 as the pre-fire and post-fire years, with time series 
for these years comprising 102 and 150 Landsat images, respectively. Both native 
Landsat Level-2 data as well as estimated L2Sen data were used as input (Section 
IV-3.1; Figure IV-2). We used the time series analysis module implemented in 
FORCE (Frantz, 2019) to compute various LSP metrics (Table IV-2) from interpo-
lated time series of the spectral indices in Table IV-1. We configured FORCE to 
use weighted ensembles of Radial Basis Function (RBF) filters that adapt their 
kernel widths with regard to the actual data availability within each kernel 
(Frantz et al., 2022; Schwieder et al., 2016) to temporally interpolate and smooth 
the indices and to get an equidistant time series. Clouds, cloud shadows, and 
snow are masked so that the interpolated time series are as unaffected as possible 
in that regard. The LSP metrics either refer to specific phenological key events or 
to the entire growing season. Details on how the LSP metrics are computed can 
be found in Brooks et al. (2020) and Frantz et al. (2022). 

Table IV-2. LSP metrics used in this study (descriptions based on Brooks et al. 
(2020)) 

Abbreviation Name Description 

VBL Value of Base Level Value of the USI at the base-level-threshold of the season 

VGM Value of Green Mean Average value of the USI during the growing season 

VSS Value of Start of Season Value of the USI at the start-of-season-threshold 

VEM Value of Early Minimum Value of the USI at the early-season-threshold 

VMS Value of Mid of Season Value of the USI at the mid-of-season-threshold 

VPS Value of Peak of Season Maximum value of the USI during the growing season 

VLM Value of Late Minimum Value of the USI at the late-season-threshold 

VES Value of End of Season Value of the USI at the end-of-season-threshold 

USI = underlying spectral index 

3.4 Statistical assessment of the correlation performance 

We extracted all bi-temporal indices and LSP metrics at the CBI sample loca-
tions. We conducted a statistical analysis of the correlation performance between 
the field-based CBI measurements and the bi-temporal indices (Section IV-3.2) or 
bi-annual LSP metrics (Section IV-3.3). For linear relationships, the R² metric was 
used to quantify correlation performance and for non-linear relations Spearman-
Rho rs was used instead. Additionally, we fitted second polynomial regression 
lines using a least squares approach after filtering outliers via the Random Sam-
ple Consensus (RANSAC) algorithm (Fischler and Bolles, 1981) and computed 
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root mean squared errors (RMSE) and the mean absolute error (MAE) to charac-
terize the uncertainty. The derived regression coefficients were used to predict 
CBI maps (Section IV-4.3). 

4 Results and discussion 

4.1 Use of bi-temporal index data for burn severity estimation 

We found non-linear relations between the bi-temporal indices and the co-
located CBI ground truth data for all investigated spectral indices (Figure IV-3). 
For dNDVI, dEVI, and dNBR, we obtained rs values of 0.84, 0.71, and 0.82 (RMSE 
of 0.39, 0.53, and 0.40) suggesting a similar performance of dNDVI and dNBR, 
although dNDVI slightly outperforms dNBR. However, we observed even better 
correlations for red edge indices with rs values up to 0.89 in case of dNDre2 and 
0.88 with dNDre1 and dNDVIre1. RMSE values of these indices do not exceed 
0.34 indicating less variation around the fitted second order polynomial. This 
suggests that bi-temporal red edge indices provide an added value in terms of 
CBI and burn severity estimation. Since the shape of the fitted polynomial for 
dNDre2 does not allow an unambiguous estimation of CBI values above 2.6, we 
consider the dNDVIre1n and the dNDre1 as most suited for an accurate estima-
tion of CBI values from bi-temporal index data. 

Figure IV-3. Correlation between bi-temporal indices (pre-fire image: 
09.07.1999 (Landsat-5); post-fire image: 06.07.2001 (Landsat-7)) and CBI ground 
truth data. 
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4.2 Use of bi-annual LSP metrics for burn severity estimation 

Figure IV-4 shows two exemplary NDVIre1n time series covering the pre- 
and post-fire vegetation dynamics at positions outside and within the Jasper fire 
perimeter. The blue line represents the interpolated index time series (Section 
IV-3.3). Based on this line all subsequent LSP metrics were computed. The data 
gaps are caused by a lack of cloud- or snow-free Landsat images during winter. 

Figure IV-4. Landsat NDVIre1n time series and interpolation for two exem-
plary positions outside and within the Jasper fire perimeter. The time series 
within the Jasper fire perimeter is taken at a CBI sampling position where a CBI 
of 2.91 was measured (high burn severity). 

We also observed non-linear relations for all bi-annual LSP/CBI combina-
tions. Selected relations are shown in Figure IV-5 for VGM and VPS computed 
from NDVI, NBR, NDre2, and NDVIre1n. We observed the best correlation (rs) 
when using the red edge index NDre2 as the baseline for VGM computation, i.e., 
an rs of -0.89 is achieved indicating a very good burn severity estimation capabil-
ity. It outperforms the VGM metrics from NDVI (rs = -0.85) and NBR (rs = -0.83) 
and achieves a similar performance like NDVIre1n (rs = -0.88) with RMSE and 
MAE metrics showing the same pattern. The bi-annual VGM metrics computed 
from NDre2 and NDVIre1n show the smallest uncertainty (RMSE = 0.35, 
MAE = 0.27), however, in case of NDre2, the shape of the fitted regression line 
indicates a saturation effect, which prevents the estimation of CBI values >2.8. 
Consequently, the NDVIre1n-based VGM seems to be better suited for CBI esti-
mation as it covers the entire CBI value range and provides a similarly high 
performance. The VPS metric shows a similar trend but with a slightly weaker 
correlation. The NDVIre1n shows the best performance (rs of -0.87, RMSE of 0.35, 
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and MAE of 0.27) and mainly outperforms the estimation accuracy of the generic 
indices (rs of -0.84, and 0.75). 

Figure IV-5. Correlation between exemplary bi-annual LSP metrics (pre-fire 
year: 1999; post-fire year: 2001) computed from different spectral indices and 
CBI ground truth data. 

Other bi-annual LSP metrics show similar performance, especially VGM, 
VPS, and VES metrics when computed from NDre1, NDVIre1n, and MSRren 
(Figure IV-6). Comparing LSP metrics based on generic indices (NDVI, EVI and 
NBR, computed from native Landsat data) with the red edge-based LSP metrics, 
the latter provide better performances. Among the generic ones, the NDVI based 
LSP metrics provide the highest correlation (rs = -0.85; RMSE = 0.39 with the VGM 
metric), but still well below the red edge based LSP performance. 

Figure IV-6. Heatmap of rs (Spearman-Rho) and RMSE values for correlations 
between bi-annual LSP metrics (pre-fire year: 1999; post-fire year: 2001) as com-
puted from different spectral indices and CBI ground truth data. 
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The results demonstrate that bi-annual LSP metrics based on red edge indi-
ces provide a good correlation with CBI and outperform those based on generic 
indices such as the NDVI, EVI, and NBR. The VGM and VPS metrics based on 
NDre2 and NDVIre1n provide the best estimation. Nevertheless, also the NDVI 
performs remarkably well for many LSP metrics (e.g., rs of -0.85 in case of VGM 
vs. -0.89 with NDre2), which indicates that the effect of additional red edge bands 
is also intermingled or partly compensated by additional temporal information 
from dense multi-sensor time series. 

Bi-annual LSP metrics achieve similar but not superior performance as bi-
temporal indices, which, at first thought, might be a disadvantage of the LSP ap-
proach as it requires much more data processing. However, we note that in case 
of the bi-temporal index approach, we carefully selected the best suitable acqui-
sitions out of the Landsat time series, which provided the lowest possible cloud 
coverage, and which had a timely close and cloud-free pre- and post-fire equiv-
alent in terms of the day of the year. In our study, it was possible to fulfil these 
requirements due to a data basis with enough cloud-free acquisitions and a fairly 
small study area, but due to cloud coverage we had very limited flexibility to 
move the timings of the acquisitions closer to the fire event or farther away. In 
contrast, LSP metrics rely on an interpolated, smoothed time series on each image 
pixel where irregularly appearing data gaps due to partly clouded image data 
can be mitigated by a gap filling technique, which further reduces noise (e.g., 
undetected thin clouds) (see Figure IV-4), and therefore ensures an enhanced ro-
bustness of the LSP approach compared to the bi-temporal approach. Also, data 
gaps, such as those caused by the failed Landsat-7 Scan Line Corrector can be 
effectively filled. Although they only partly affected the time series in our study, 
this might be key for applications incorporating Landsat-7 data post 2003. In ad-
dition, using LSP metrics removes the need for manual selection of images, which 
is advantageous for automatic processing. 

4.3 Burn severity maps 

The CBI maps are shown in Figure IV-7A and B for the two cases discussed 
in Section IV-4.1 and IV-4.2: based on the best (A) bi-temporal index (dNDVI), 
and (B) bi-annual LSP metric (dNDVIre1n / VGM). 
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Figure IV-7. Comparison of burn severity maps estimated from bi-temporal 
NDVI (A) and the LSP metric “Value of Green Mean” (VGM) based on bi-an-
nual NDVIre1n time series (B); (C): Difference image between (A) and (B); (D): 
deviation scatter plot between (A) and (B); (E): Deviation scatter plot between 
measured ground truth CBI (positions marked in the CBI maps) and CBI values 
estimated from dNDVI (blue crosses) and VGM LSP metric based dNDVIre1n 
time series (red circles). 

The spatial patterns in the CBI maps (A and B) are very similar and also go 
in line with the CBI maps computed by Chen et al. (2011) for the same area. How-
ever, the estimated CBI values are differing with an RMSE of 0.29 from each other 
(Figure IV-7C-D). The CBI difference map shows no prominent dependency to 
the burn severity. However, there is a gradient in the CBI differences from south-
west to north-east (Figure IV-7C): lower CBI values are found with the bi-tem-
poral index in the south-western part of the Jasper fire perimeter (dark blue 
colors), which turns into higher values in the north-eastern part (yellow colors). 
Surface elevation changes in the same direction from ~1600 m to ~2100 m above 
sea level. Due to the strong dependency between altitude and the timing of phe-
nological key events, a single satellite image captures a variety of phenological 
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development stages on different elevations, which causes uncertainty that the re-
gression models cannot model appropriately. LSP metrics, however, extract the 
vegetation index at a standardized phenological key event, and hence are not 
subject to this spatial variability, as, e.g., shown in Frantz et al. (2022). It is noted, 
however, that we cannot absolutely proof which map is superior with the refer-
ence data at hand. The approach of comparing pre- and post-fire fractional 
vegetation cover at phenological key events also has the advantage that inter-
annual meteorological variations (which influence the timing of these key events) 
become less important for the prediction result. 

The largest CBI difference in Figure IV-7C (south-eastern corner, outside the 
Jasper perimeter) is caused by an incompletely masked cloud in the post-fire im-
age in case of the bi-temporal index approach. This clearly shows the 
vulnerability of this approach to data artefacts, whereas the LSP approach miti-
gates such effects through data smoothing and outlier detection. This is also 
visible at the data gap in the south-western corner of Figure IV-7A, which is filled 
when using the LSP approach. 

Regarding the estimation performance when comparing estimated CBI val-
ues with measured ground truth values (Figure IV-7E), the VGM based CBI 
values show a stronger correlation than those based on bi-temporal NDVI (R² of 
0.76 vs. 0.71 and RMSE of 0.35 vs. 0.39). This confirms our findings from Section 
IV-4.2 indicating both an advantage of LSP metrics over bi-temporal indices and 
an added value of using red edge indices as the baseline for LSP computation. 

5 Conclusion 

We investigated two approaches for improving burn severity estimation 
from multispectral, multi-sensor satellite images. First, we focused on the capa-
bilities of using Land Surface Phenology (LSP) metrics as a data-driven approach 
that aims to overcome the timing-related shortcomings of mono-or bi-temporal 
index data. Second, we investigated if there is an added value of incorporating 
red edge spectral information into the burn severity estimation. 

Our findings demonstrate that bi-annual LSP metrics generated from dense 
index time series show a superior correlation to CBI data and improve the ro-
bustness and stability of the derived burn severity maps. Additionally, they offer 
a solution to overcome the timing issues related with bi-temporal index data. 
Moreover, also the use of red edge spectral information was shown to improve 
estimation performances in both cases, when used as a bi-temporal index or as 
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the baseline index for computing bi-annual LSP metrics. The best estimation per-
formance was achieved with the NDVIre1n with similar correlation scores for the 
bi-temporal index and the LSP approach in case of the Value of Peak of Season 
(VPS) or the Value of Green Mean (VGM) metrics. Although the LSP approach is 
computationally more expensive, its robustness to short-term signal variations 
(clouds, shadows, etc.), altitude gradients, and data gaps overweighs the simplic-
ity of bi-annual indices. Our results are not only relevant when using satellite 
data with native red edge bands, such as Sentinel-2. They also suggest that back-
casting synthesized red edge spectral information to the vast Landsat data ar-
chive may help to improve accuracies of historic burn severity maps and in turn 
also the reliability of subsequent products like climate models. 

Future studies may further investigate the estimation performance of LSP 
metrics in frequently clouded or mountainous regions with even larger altitude 
gradients. Also using GeoCBI instead of CBI data may further improve estima-
tion performances. 
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Chapter V 

Synthesis 

1 Recap 

This thesis aims at providing a methodical contribution to the harmonization 
of multi-sensor, multispectral satellite image data. The focus is on the quantifica-
tion of existing geometric and spectral deviations, proposing two novel 
algorithms for (1) the detection and correction of spatial shifts (co-registration; 
Chapter II) and (2) the harmonization of sensor-specific spectral domains (Chap-
ter III). The efficiency of both algorithms is evaluated in several inter- and intra-
sensor use cases incorporating image data from widely used satellite sensors. 
Moreover, the added value of using a thoroughly harmonized multi-sensor time 
series for subsequent remote sensing applications is investigated by the example 
of estimating burn severity from space at a well-researched fire scar in South Da-
kota, USA (Chapter IV). The algorithms AROSICS and SpecHomo presented in 
Chapters II and III are published as open-source Python packages (Scheffler, 
2020b, 2020a). This enables the remote sensing community to integrate the algo-
rithms into existing workflows and thus to benefit from the key outcome of this 
thesis. 

The image co-registration algorithm proposed in Chapter II, AROSICS, is in 
its core based on phase correlation in the frequency domain and enables auto-
mated sub-pixel registration between a target and a reference image. Two main 
approaches are implemented: the global co-registration where only a single tie 
point is computed between the input images, and the local co-registration ap-
proach where the same algorithm is applied in a moving window manner to 
generate a dense grid of tie points, well distributed over the image overlap. In 
the latter case, the detected tie points are filtered through a three-stage cascaded 
outlier detection, which effectively masks false-positives. AROSICS provides ro-
bustness against the typical image registration difficulties arising from multi-
sensor, multi-temporal image data such as unequal ground sampling distances, 
projections, as well as different image acquisition and illumination geometries.  
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SpecHomo, the spectral harmonization approach presented in Chapter III, 
employs material-optimized multivariate regressors to transform the spectral in-
formation of a source sensor into the spectral domain of the target sensor. A 
particular focus is laid on the estimation of unilaterally missing bands. In this 
regard, Chapter III exemplarily investigates the transformation of the Landsat-8 
spectral information to Sentinel-2 and particularly evaluates the estimation per-
formance of the red edge bands and to what extent it can be enhanced by a set of 
separate material-optimized regressors. The analysis is conducted (1) using sim-
ulated data generated by spectral down-sampling from hyperspectral airborne 
images and (2) using timely-close acquisitions of native Landsat-8 and Sentinel-
2 data. 

In Chapter IV, the burn severity estimation performance is compared when 
computed from (1) bi-temporal index data and (2) bi-annual Land Surface Phe-
nology (LSP) metrics, which incorporate the information of an entire time series 
of spectral indices made available by means of sensor fusion. To assess the use of 
additional red edge information, synthetic red edge bands are estimated from 
Landsat-5 and -7 using the methodology presented in Chapter III. Regression 
models are built up between CBI ground truth data and both bi-temporal index 
data and bi-annual LSP metrics. The estimation performances are then compared 
for each approach, with and without incorporating red edge bands.  

2 Discussion and conclusions 

2.1 Discussion of the main results 

This section discusses the main results of the thesis with regard to the main 
research questions described in Section I-3. 

(1) What are the spatial deviations between multi-sensor satellite images 
and to what extent can they be corrected? 

The spatial misregistrations were characterized in Chapter II at the example 
of several inter- and intra-sensor use cases incorporating Landsat-8, Sentinel-2, 
RapidEye-5, and TerraSAR-X data. The results showed that both the magnitude 
and the spatial patterns of the misregistration vary depending on various factors. 
The largest inter-sensor shifts were measured between Sentinel-2 and Landsat-8 
(4.1 Sentinel-2 pixels; RMSE of 2.31 pixels). In this case, the misregistration was 
attributed to both the ESA-side pre-processing (as the Sentinel-2 global reference 
image was not yet available in 2016) and to errors in the Landsat Global Land 
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Survey (GLS) framework used as spatial reference for Landsat (Storey et al., 
2016). For the intra-sensor use cases, we measured rather small band-to-band dis-
placements for Sentinel-2, which were in range of the mission geometry 
requirements of 0.3 pixels at 3 σ confidence level (Clerc, 2015). However, in case 
of bi-temporal TerraSAR-X data, intra-sensor displacements up to 4.4 pixels were 
present. 

The spatial patterns of the detected shift lengths comprised linear gradients 
across the image overlap (Sentinel-2/Landsat-8; Figure II-4D), non-linear gradi-
ents (RapidEye-5/Landsat-8; Figure II-5C), regular and repetitive patterns 
(Sentinel-2 band-to-band, Figure II-6B), and rather static shift amounts (bi-tem-
poral TerraSAR-X, Figure II-7B). Potential reasons for the varying shift patterns 
are manifold, reaching from unequal spatial references, inaccurate sensor orien-
tation parameters, and orthorectification errors on the provider side, to micro-
vibrations during sensor movement. 

After correcting the detected misregistrations using the proposed algo-
rithm, registration accuracies in the sub-pixel domain could be achieved for both 
the optical and the radar image data, with RMSE values around 0.3 pixels or bet-
ter. This result demonstrates that the algorithm´s robustness to handle the typical 
image registration difficulties of heterogeneous multi-sensor satellite data. The 
co-registration accuracy depends on the density of the tie point grids and the re-
liability of the detected displacements. Limiting factors are primarily the ground 
sampling distance of the lower resolved input image, clouds, surface coverage 
changes, and the signal-to-noise ratio (SNR) of the images. 

Later studies (Cooper et al., 2020; Leach et al., 2019; Li et al., 2021) as well as 
personal conversations with users of the open-source software package ARO-
SICS (Scheffler, 2020b) confirmed these results and demonstrated the 
effectiveness of the algorithm when applied to high resolution satellite, airborne, 
and unmanned aerial vehicle (UAV) image data. However, it was found that pre-
dominantly in case of high-resolution data, additional challenges exist, which 
may affect the co-registration accuracies, require parameter tuning, or thorough 
image selection. On the one hand, the input images are often acquired off-nadir 
and are not properly orthorectified, i.e., showing ground objects being captured 
from different viewing angles. On the other hand, particularly in case of airborne 
and UAV data, the acquisition time of the target and reference images may 
greatly differ causing unequal shadow lengths and shadow cast directions (apart 
from radiometric differences due to BRDF effects). Although both sources of er-
ror diminish at resolutions of ~5 meters and coarser, they may still affect the tie 
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point detection accuracy at higher resolutions. This is because the algorithm op-
erates in the frequency domain and is depending on similar gray value patterns, 
which can hardly be detected where these issues persist. A possible solution is to 
carefully select the input image pairs with respect to similar acquisition daytimes 
and sensor viewing angles as done in Li et al. (2021) for a data basis of Plan-
etScope CubeSat images. Therein, an average residual error of 2.16 m (0.58 pixels) 
was achieved using this approach. However, it is noted that the AROSICS algo-
rithm as presented in Chapter II was explicitly designed for orthorectified 
satellite image data, which imposes some boundary conditions in terms of acqui-
sition and illumination geometry. 

(2) How large are the spectral deviations and to what extent can material-
specific prediction functions improve the estimation of homologous 
and unilaterally missing bands? 

The spectral deviations between multi-sensor satellite images were investi-
gated in Chapter III at the example of Landsat-8 and Sentinel-2. However, it is 
noted that the purely sensor-induced differences are only measurable in simu-
lated spectra and for spectrally overlapping bands. The differences measured in 
Chapter III were rather marginal with band-wise RMSE values below 0.3% BOA 
reflectance. These values could not be directly compared to previous studies be-
cause these were all based on timely close real-world images, i.e., contain 
additional biases due to unequal illumination and observation geometries or at-
mospheric conditions. For example, Flood (2017) reported BOA reflectance 
differences between 0.5% and 2.1%. 

Chapter III also provided a thorough evaluation of the residual deviations 
after the harmonization of Landsat-8 data to the spectral domain of Sentinel-2. 
This included the three red edge bands missing from Landsat-8 images. It was 
evident that the estimation performance clearly depends on the spectral wave-
length, with the smallest residuals at the spectrally overlapping bands. For the 
estimation of the unilaterally missing bands, i.e., the red edge bands, a transfor-
mation based on linear regression performed best compared to linear 
interpolation, quadratic regression, and random forest regression. Moreover, it 
turned out that using 50 material-specific regressors instead of a single global 
regressor substantially reduces the estimation errors for the red edge bands to 
from 1.7% to less than 1.2% BOA reflectance. This corresponds to a reduction of 
inter-sensor deviations in the red edge by around 30% compared to using a single 
global regressor. Also the spatial homogeneity of the error maps considerably 
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improved when using material-specific regressors. For the homologous bands, 
we saw similar trends, albeit with much smaller effects. This suggests that, also 
for these bands, there is an added value in terms of accuracy when material-spe-
cific multivariate regressors are preferred over the commonly used global 
univariate regression. 

(3) What is the quantitative and qualitative effect of using spatially and 
spectrally harmonized multi-sensor time series for parameter retrieval? 

The impact of a thoroughly harmonized multi-sensor time series on subse-
quent remote sensing applications was primarily investigated in Chapters III 
and IV. But additional conclusions can also be drawn from Chapter II. 

In Chapter II, significant spatial misregistrations between the analyzed 
multi-sensor and multi-temporal satellite images were revealed. If uncorrected, 
these misregistrations are also propagated to any kind of subsequently derived 
products like mono- or bi-temporal spectral indices or classification maps. Spa-
tially heterogeneous areas are particularly affected with the largest errors at 
edges of high contrast (Roy, 2000), e.g., transition zones between water and land. 
Misregistrations may also introduce noise into time series and thus affect prod-
ucts like Land Surface Phenology (LSP) metrics derived from them. Keystone 
effects or detector-misregistrations can have the same effect, albeit at lower in-
tensity. However, it is noted that the exact effect of spatial misregistrations on 
subsequent products was quantified in various studies in the past (e.g., Dai and 
Khorram, 1998; Roy, 2000; Townshend et al., 1992) and was therefore not further 
investigated in this thesis. Instead, Chapters III and IV focused on the added 
value of spectral harmonization and dense time series and used a data basis of 
well-aligned satellite data.  

In Chapter III, the deviations of the NDVI, EVI, and REIP computed from 
Landsat-8 and Sentinel-2 were investigated with and without spectral harmoni-
zation (Section III-4.3). On simulated data, the results revealed that the purely 
sensor-induced deviations of the NDVI could be reduced to 38% of the initial 
error when applying the presented harmonization approach using 50 material-
specific regressors. In case of the EVI, we observed a reduction to 43%. The red 
edge inflection point (REIP) was only made available through synthesized red 
edge information and could be estimated with an accuracy of 4.3 nm via a single 
global regressor. This could be further improved to 3.1 nm when using 50 mate-
rial-specific regressors. The estimated REIP also enabled the derivation of the leaf 
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area index (LAI) with an accuracy around 1.8. A follow-up experiment demon-
strated that the estimated LAI accuracy could be further improved to 0.35 when 
the harmonization source sensor provided a single additional red edge band. Re-
garding land cover classifications (Section III-4.4), the consistency of the 
classification result between Landsat-8 and Sentinel-2 could be improved from 
92.3% on average without spectral harmonization, to 96.3% using one global re-
gressor, to 97.3% using 50 material-specific regressors. On real-world data, we 
also found a clearly enhanced time series consistency between Landsat-8 and 
Sentinel-2 (Section III-4.5), which suggests that the improvements are not only 
evident in simulated but also in real-world data. This in turn means that also 
time-series-based products benefit from spectral harmonization, especially when 
the red edge spectral region is involved. 

The analyses in Chapter IV demonstrated both the added value of incorpo-
rating synthesized red edge information when estimating burn severity from 
space and the use of dense satellite image time series made available through 
sensor fusion. Regarding spectral harmonization, the focus was on the red edge 
region instead of spectrally overlapping bands. This approach was taken due to 
the finding from Chapter III that the spectral differences arising from different 
acquisition dates and conditions outweigh the purely sensor-induced differences 
in the spectrally overlapping bands. However, the red edge-based bi-temporal 
indices and bi-annual LSP metrics both showed superior burn severity estimation 
performances compared with those computed from generic indices. Specifically, 
the dNDVIre1n performed best among all indices, with Spearman-Rho values 
of -0.88 in both cases, when used bi-temporal index or as baseline index for LSP 
computation. This confirms the usefulness of synthesized red edge information 
in this context, as previously demonstrated with native Sentinel-2 red edge bands 
by Fernández-Manso et al. (2016). It indicates that the presented spectral harmo-
nization approach (Chapter III) contributes to a more reliable burn severity 
assessment from the vast Landsat archive by enabling the estimation of unilater-
ally missing red edge bands.  

When comparing bi-temporal indices with bi-annual LSP metrics, that incor-
porate the entire time series information, no remarkable quantitative difference 
was found in the correlation performance with CBI ground truth (Section IV-4.2). 
However, this should not be misunderstood as a disadvantage of the computa-
tionally expensive LSP metrics because the derived burn severity maps 
(Section IV-4.3) indicated a qualitative advantage of the LSP approach. This was 
due to short-term signal variations (clouds, shadows, etc.), altitude gradients and 
data gaps that affected the quality of the index-based result. LSP metrics rely on 
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interpolated and smoothed index time series, which mitigates irregularly appear-
ing data gaps, reduces noise and thus the dependence on cloud-free acquisitions. 
Moreover, it was found that using standardized phenological key events for pa-
rameter retrieval instead of fixed acquisition dates reduces parameter gradients 
due to altitude effects. 

2.2 Overall conclusions 

With respect to the results discussed above, the following overall conclusions can 
be drawn: 

The thesis demonstrates that geometric and spectral harmonization are cru-
cial steps towards the derivation of accurate remote sensing products from multi-
sensor, multi-temporal satellite data. Spatial misregistrations as well as differ-
ences in the spectral definitions of the underlying sensors both lead to 
inconsistencies between individual acquisitions and thus affect the potential to 
benefit from the synergies of multi-sensor data. Error patterns depend on various 
factors such as the sensors used, the pre-processing on the provider side, the 
spectral wavelength, the surface coverage, or topographic and atmospheric con-
ditions. However, if addressed thoroughly, the deviations can be effectively 
reduced to a minimum, which enables combining the data to long-term time se-
ries of frequent acquisitions. This not only allows an enhanced monitoring of 
quickly changing environmental processes but also enables employing parame-
ter retrieval techniques that remarkably benefit from the high information 
density of dense and consistent time series, such as LSP metrics. 

With the two presented open-source algorithms, AROSICS and SpecHomo, 
the thesis provides a methodical innovation to the current state of the art of spa-
tial and spectral harmonization and offers the remote sensing community an easy 
way to integrate a robust, automated, and operational harmonization solution 
into existing workflows. Both algorithms are provided as platform-independent 
Python packages, that are distributed under the Apache 2.0 license via estab-
lished channels – the Python Package Index (PyPI) and conda-forge. The original 
GPLv3 license of AROSICS was replaced in 2021 to ease the usage of the package 
within a Software-as-a-Service (SaaS). 

AROSICS is designed as an easy-to-use and computationally efficient ap-
proach to automatically detect and correct spatial misregistrations in the sub-
pixel-domain while providing the necessary robustness against the typical diffi-
culties of multi-sensor image registration. The underlying algorithm is described 
in Scheffler et al. (2017) along with performance evaluations that demonstrate its 
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effectiveness under different framework conditions. Software usage instructions 
are available at https://danschef.git-pages.gfz-potsdam.de/arosics/doc/. The soft-
ware is already well-used in the community, with download numbers recently 
passing the 200,000 mark on conda-forge (https://anaconda.org/conda-forge/aro-
sics). In addition to the Python API and the command line interface (CLI), 
AROSICS can also be used via a QGIS plugin recently developed within the user 
community (https://github.com/SMByC/Coregistration-Qgis-processing), which 
further simplifies its use for a broad audience. Potential application fields are not 
only limited to medium-resolution (Landsat-like) satellite images, for which 
AROSICS was originally developed, but also comprise airborne hyperspectral 
data (Cooper et al., 2020; Okujeni et al., 2018), high-resolution PlanetScope data 
(Doherty et al., 2022; Li et al., 2021), and even microscopic hyperspectral data 
without any geocoding (Atwood et al., 2019; Piehl et al., 2020 (both in cooperation 
with Mathias Bochow, personal communication, 25.5.2022)). Moreover, ARO-
SICS was used in Cogliati et al. (2021) for assessing the sensor performance of 
PRISMA and is currently being integrated into EnVAL, an automated validation 
software for EnMAP data developed at GFZ Potsdam (Brell et al., 2021). Experi-
mental feature-tracking studies were also conducted at GFZ Potsdam, e.g., in the 
context of landslides, or earthquakes. However, the limiting factor here is the re-
arrangement of the Earth's surface and the associated change in texture in the 
satellite image. Nevertheless, the variety of different applications, that go beyond 
the initially envisioned application fields of the algorithm, reinforces its broad 
applicability and effectiveness in many different scopes. 

With SpecHomo, the thesis provides a novel approach for spectral harmoni-
zation of multi-sensor, multispectral satellite data. The algorithm is described in 
Scheffler et al. (2020) and was thoroughly evaluated at the example of Landsat-8 
and Sentinel-2. Its main innovation is the use of multivariate, material-specific 
regressors, which outperform existing techniques, reduce the spatial inhomoge-
neity of harmonization errors and allow the estimation of unilaterally missing 
spectral information, e.g., in the red edge region. The open-source software is 
applicable to various multispectral sensors, such as Landsat-5/7/8/9, Senti-
nel-2A/B, RapidEye-5, and SPOT-4/5. It comes along with the regressors trained 
in the context of this thesis ensuring out-of-the-box applicability to worldwide 
study areas due to the high spectral variability of the underlying training spectra. 
Usage instructions are given at https://geomultisens.git-pages.gfz-pots-
dam.de/spechomo/doc/ including the functionality to train regionally-optimized 
material-specific regressors based on user-provided hyperspectral data. In addi-
tion to the standalone Python package, the algorithm was recently integrated into 

https://anaconda.org/conda-forge/arosics
https://anaconda.org/conda-forge/arosics
https://github.com/SMByC/Coregistration-Qgis-processing
https://geomultisens.git-pages.gfz-potsdam.de/spechomo/doc/
https://geomultisens.git-pages.gfz-potsdam.de/spechomo/doc/
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FORCE (Frantz, 2019), i.e., into an established software framework for generating 
analysis-ready Earth Observation image cubes and performing large-area time 
series applications (particularly on Landsat and Sentinel-2). This widens the user 
community of the presented approach and lowers the barrier to leverage spec-
trally harmonized satellite data in future remote sensing applications. 

Besides the newly developed algorithms and associated software compo-
nents, the thesis contributes to a deeper understanding of (1) existing geometric 
and spectral deviations among multi-sensor, multi-temporal satellite data, (2) the 
magnitude and complexity of possible corrections, and (3) their impact on sub-
sequent remote sensing applications. Although the presented algorithms were 
tested and evaluated at a limited number of use cases and sensor combinations, 
which prevents universally valid conclusions, it is noted that the sensor and site 
selection followed the idea of the widest possible user community and the most 
diversified and representative locations. Especially, Landsat and Sentinel-2 be-
long to the most widely used Earth observation satellites and together provide 
an image archive spanning nearly five decades. 

Regarding geometric misregistrations, the thesis demonstrates that there 
may be remarkable spatial shifts between multi-sensor satellite images or even 
between multi-temporal data acquired by the same sensor. Therefore, a thorough 
investigation and correction is highly recommended prior to subsequent anal-
yses, except that the co-registration accuracy is already far in the sub-pixel range, 
so that the pixel value alteration induced by resampling would overweigh the 
benefit from co-registration. However, combining the co-registration step with 
the unification of unequal pixel grids (as done in AROSICS) eliminates the need 
for further resampling. 

Whether it is worth to employ material-specific regressors for spectral har-
monization depends on the specific use case and its requirements to spectral 
consistency and computational load. In case only spectrally overlapping bands 
are required for subsequent analyses, it might be sufficient to either use univari-
ate regression with global (band-to-band) transformation coefficients (Chastain 
et al., 2019; Flood, 2014, 2017; Mandanici and Bitelli, 2016) or to build the analysis 
on already harmonized data, such as the Harmonized Landsat Sentinel-2 (HLS) 
product (Claverie et al., 2018). This requires less computational power and im-
plementation effort while still maintaining a reasonable level of spectral multi-
sensor consistency. However, especially in the context of vegetation-related stud-
ies, which benefit from the use of the red edge spectral region, the estimation of 
unilaterally missing spectral bands may be needed, as in the example of Landsat 
and Sentinel-2. For this purpose, multivariate regression represents an attractive 
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solution, particularly in combination with material-optimized regressors applied 
to separate spectral clusters of the input image. As shown in Chapter III, this 
technique provides superior estimation performances and remarkably reduces 
areas of high estimation errors caused by inappropriate transformation coeffi-
cients. 

An exemplary application benefiting from synthesized red edge information 
is the estimation of burn severity from multi-sensor satellite data as investigated 
in Chapter IV based on Landsat-5/7 and Sentinel-2 data. This study demonstrates 
added value of both incorporating additional synthesized red edge information 
and the use of dense time series boosting the effectiveness of LSP metrics for burn 
severity estimation. It shows that temporal back-casting of this red edge infor-
mation to the vast Landsat archive offers a high potential to improve existing 
parameter maps, which may indirectly also improve the accuracy of, e.g., climate 
models. 

3 Outlook 

Beyond the objectives of this thesis, there are several aspects worth to be in-
vestigated in future work. This section therefore provides a broad overview 
about remaining research gaps and outlines potential future perspectives. 

3.1 Remaining research gaps 

Starting with AROSICS, i.e., the presented co-registration approach (Chap-
ter II), it is first noted that the software was already actively further developed 
after the publication of the research article. This led to the implementation of var-
ious additional features and improvements, some of them in response to user 
requests from the community. An example is the additional compatibility to im-
age datasets without geocoding information. This was already suggested as a 
potential future improvement in Section II-6 and its later implementation ena-
bled the applicability of the algorithm to, e.g., remote sensing data provided in 
sensor geometry or any other kind of unprojected image data. However, in this 
case, an equal pixel size is assumed, which in turn means that a completely free 
image registration (unequal image origin and spatial scaling) is currently not 
supported. At least the geocoding information is needed to establish an initial 
link between the reference and the target image. This also affects the registration 
in case of very large spatial shifts between geocoded input images. For medium-
resolution satellite images, this is usually not an issue, but it may become relevant 
for high resolution airborne or UAV-based data. A possible solution might be to 
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first estimate an initial guess of the misregistration by applying the global regis-
tration approach to spatially down-sampled data. 

Apart from that, further robustness is needed against more complex distor-
tions like image rotations or spatial artifacts due to inaccurate orthorectification. 
The underlying phase correlation technique offers only little tolerance to such 
distortions (Long et al., 2016). Therefore, the combination with other registration 
techniques like the Fourier–Mellin transform (Chen et al., 1994; Keller et al., 2005) 
or feature-based techniques might be helpful. Further improvements are also 
needed with regard to unequal acquisition and illumination geometries, albeit 
this is mostly relevant for high-resolution data where different shadow cast di-
rections and viewing angles greatly change the image content. Also in this case, 
a combination with feature-based techniques or a thorough selection of image 
pairs may be beneficial. 

Regarding SpecHomo, i.e., the presented spectral harmonization approach 
(Chapter III), future research should investigate the transferability of the algo-
rithm to other geographical regions. The material-specific regressors trained in 
the context of this thesis are based on a rather small spectral library, which might 
lead to larger harmonization errors when applied to different (“unknown”) land 
cover types (Flood, 2017). This can be improved by training regionally optimized, 
material-specific regressors (as done in Chapter IV), which, however, requires 
local hyperspectral data. To further simplify the usage of the algorithm, this train-
ing process could be automated for various regions around the world while 
incorporating freely available hyperspectral images like PRISMA or future 
EnMAP data. In this manner, a global database of regionally-optimized, material-
specific regressors could be generated and made available along with the open-
source Python package to further improve the harmonization accuracies on a 
global scale. The geographic positions of the underlying hyperspectral data 
should be selected with respect to regional land cover types and ecological con-
ditions. 

Further room for improvement of the algorithm is seen in the achieved har-
monization accuracies, in particular at dark surfaces like water and asphalt. 
Possible solutions lie in the inclusion of additional training data covering their 
spectral variability as well as in the investigation of alternative spectral similarity 
measures, which are not only sensitive to the shape of the spectra but also respect 
brightness differences. Promising metrics were, e.g., evaluated by Ding et al. 
(2015). 

Also with regard to Chapter IV, there are several points that should be fur-
ther researched to validate our findings about burn severity estimation from bi-
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temporal indices and bi-annual LSP metrics. First, the comparison of the index 
and LSP approach should be repeated in a more frequently clouded region. 
There, it is expected that the LSP approach, which leverages the information of 
dense (harmonized) multi-sensor time series, outperforms the index approach 
due to its higher robustness against short-term radiometric variations as caused 
by clouds. This particular robustness of the LSP approach should not only apply 
to burn severity assessments but also to many other applications investigating 
highly dynamic surface coverage types. Moreover, a more detailed comparison 
of LSP-based and index-based burn severity maps is needed to better assess in 
which topographical and phenological circumstances the LSP approach outper-
forms the index-approach. This was only briefly addressed in Section IV-4.3 but 
specific correlations, e.g., against surface elevations or plant species were omit-
ted. However, this requires highly accurate and comprehensive ground truth 
data. Another matter worth investigating in more detail is the regional transfer-
ability of the derived regression coefficients between CBI ground truth and bi-
temporal indices or bi-annual LSP metrics. Since spectral indices directly depend 
on local conditions like plant species or soil moisture, deviations are also ex-
pected in subsequently derived metrics, which could lead to regionally differing 
burn severity estimations. Regarding the use of additional, synthesized red edge 
information, further insight is needed into its added value in other remote sens-
ing applications, e.g., in distinguishing specific plant species in agriculture or 
forestry. 

3.2 Future perspectives of harmonization techniques 

It can be expected that in future, new sensors will further raise the level of 
available spatial, spectral, and temporal resolutions. Sensor fusion techniques 
will continue to play an essential role for bringing the wealth of EO data together 
and to benefit from their synergetic use. Therefore, open and easy-to-use algo-
rithms are a crucial basis for researchers to generate multi-sensor time series of 
well-harmonized data according to their individual needs. This is where this the-
sis could make a substantial contribution. 

However, due to technological advances, the data volumes will also continue 
to grow significantly, leading to ever-increasing demands on computational 
power and storage resources. On the one hand, future developments will likely 
improve the efficiency and usability of existing approaches, not least also thanks 
to contributions from the community. This will offer users even more flexibility 
to generate high-quality ARD data individually and as needed. But on the other 
hand, a vast potential is also seen in embedding such sensor fusion algorithms 
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into new cloud-based computation architectures, e.g., based on technologies like 
Google Cloud Run, Google Earth Engine, Kubernetes, or Amazon Web Services. 
This allows the processing effort to be moved from decentralized machines to the 
cloud, which in turn improves the scalability of computational workload, cost 
efficiency, and processing speed. If combined with intuitive web-based user in-
terfaces, no implementation effort remains to the user, which further greatly 
simplifies the use of multi-sensor, multi-temporal satellite data. It allows to gen-
erate harmonized products on demand and with respect to the specific use case 
requirements of the end users. 

Pioneering projects pursuing this approach are already in development, for 
example the FINDR project (Fast and Intuitive Data Retrieval for Earth Observa-
tion; https://fernlab.gfz-potsdam.de/projektseite-findr.html), which builds up a 
platform for generating geometrically and spectrally harmonized ARD products 
from optical multi-sensor, multi-temporal remote sensing data (Beamish et al., 
2021). The processing backend implements the two algorithms developed in the 
frame of this thesis and is embedded into a Kubernetes infrastructure running on 
Google Cloud. The current state of the development integrates the Landsat and 
Sentinel-2 sensors. Support for further multispectral sensors is planned and the 
integration of hyperspectral data as well as the generation of Level-3 products 
based on the harmonized data is being considered. Another example is the de-
velopment of the HeatR platform (Laun et al., 2022) in cooperation with 
ConstellR, a German spin-off from Fraunhofer EMI (https://constellr.space). The 
platform aims at the on-demand generation a harmonized multi-sensor thermal 
data product and utilizes the Google Cloud Run cloud infrastructure. 

https://fernlab.gfz-potsdam.de/projektseite-findr.html
https://constellr.space/
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Appendix 

A.1 Supplements of Chapter III 

Figure A-1. Band-wise variation of harmonization errors among the test da-
tasets used in this study in case of Sentinel-2A data as predicted by LR and QR 
harmonization from Landsat-8. Variation is plotted as standard deviation of 
RMSE values. 

Figure A-2. REIP accuracy for vegetation pixels only compared between Senti-
nel-2A (reference) and RapidEye-5, spectrally harmonized to Sentinel-2A using 
LR. Left: without sub-clustering; right: with 50 spectral clusters. 
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