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Abstract

The United Nations (UN) reported in ’The World′s Cities in 2018’ that 55.3% of the pop-
ulation on Earth lived in urban settlement in 2018 and an estimation of this number

is 60% for the year of 2030. Urban settlement is so relevant to human development that
the UN listed urban sustainable development as one its 17 sustainable development goals
(SDGs) in 2015. To accomplish the urban sustainable development, it is of great importance
to retrieve strategic urban geographic information to support urban development.

Remote sensing technologies appear as solutions of retrieving urban geographic informa-
tion on a large scale with timely updates. Current state-of-the-art remote sensing products
that map urban settlements on a global scale are Global Urban Footprint (GUF), Global
Human Settlement Layer (GHSL), and World Settlement Footprint 2015 (WSF). The avail-
ability of these layers have invaluable contributions on providing crucial urban information.
However, these products only have a binary urban/non-urban scheme. The simple scheme
is universally applicable because of a high generalization, but detailed information inside
urban areas is missing. The urban layer of the next generation shall have a classification
scheme that provides detailed information inside urban areas and is universally applicable
at the same time. Regarding data sources, the GUF is derived from synthetic aperture radar
(SAR) data, the GHSL is derived from optical data, and the recent WSF applies both data.
Future products will take advantages of both data sources as WSF. Among different types of
optical data, hyperspectral data carry a rich spectral information and is an ideal optical data
for classification tasks. And polarimetric SAR (PolSAR) data is often the choice among SAR
data for classification tasks. Therefore, this dissertation aims at urban classification tasks of
a finer scheme than urban/non-urban categorization and utilize both optical and SAR data,
mainly hyperspectral and PolSAR data.

Regarding the topic of fusing optical and SAR data for the purpose of urban classification,
some of the major challenges are posed by, (1) the severe difference between optical and SAR
data; (2) the high dimension of remote sensing data; and (3) the lack of data annotations.
Manifold-based data fusion techniques is a promising solution to the topic with respect to
the listed three challenges. First, the technique is capable of bridging gaps crossing data
domains which is helpful for dealing the difference between optical and SAR data. Second,
the intrinsic low-dimensional property of the manifold theory is ideal to handle high di-
mensional remote sensing data. At last, the semi-supervised manifold alignment associates
the labeled and unlabeled data samples via manifold structures so that the semantic in-
formation carried by annotations is implicitly propagated to unlabeled data. It eventually
amplifies the impact of the data annotations. Therefore, the methodological goal of this dis-
sertation is to explore manifold-based techniques for data fusion and classification of urban
areas.

Four methodological objectives were achieved in the dissertation. They are listed as follows.

A data fusion algorithm, named MIMA, was developed for the purpose of fusion and clas-
sification of optical and SAR data in urban areas. MIMA is a semi-supervised manifold data
fusion algorithm that finds a latent space where the data sources are fused. During the
fusion procedure, it simultaneously considers annotated data and explores data structures
using topological data analysis. According to comprehensive evaluations under multiple cir-
cumstances, MIMA outperforms the state-of-the-art manifold-based data fusion algorithms
up to 2.5% in terms of classification accuracy. For the three data sets used for evaluations
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in this dissertation, this improved percentage corresponds to approximately 350, 600, and
8000 data samples, respectively. Importantly, MIMA shows better performance on these
cases where the amount annotated data occupy a small proportion of data for inference.

A comparative review of manifold-based algorithms for fusing hyperspectral and PolSAR
data on urban classification tasks was conducted. Two important questions were discussed
in this study: (1) where should the data fusion procedure be carried out, in data domain
or manifold domain? (2) which supervision strategy is more efficient, supervision, semi-
supervision, or un-supervision? Extensive experiments showed that the data fusion should
be carried out in manifold domain, and the semi-supervision is the most efficient supervi-
sion strategy.

A classification pipeline encapsulating MIMA was developed to deal with a classification
task of 42 major cities around the world. MIMA in this pipeline is a modified version which
is dedicated to fuse and classify Sentinel-1 and Sentinel-2 data. To tackle the practical is-
sue of hyperparameter tunning, this dissertation comes up with an ensemble solution. This
classification pipeline outperforms other state-of-the-art large scale pipelines according to
the evaluations over cities of Munich, Mumbai, and New York.

An urban pattern analysis was carried out in this dissertation. Based on the maps pro-
duced by the classification pipeline and a global population data, the urban morphological
patterns of 42 major cities around the world are studied. Eight different urban patterns
were identified in terms of their morphological formations and population distributions.
The eight urban patterns are super compact, compact, compact-green, open, open-green,
open-informal, informal, and industrial.

Keywords Heterogeneous data fusion, Human settlement, Hyperspectral data, Large scale
urban classification, Local climate zone, Manifold learning, MIMA, Multispectral data,
Optical data, Polarimetric SAR (PolSAR), Semi-supervised manifold learning, Sentinel-1,
Sentinel-2, Synthetic aperture radar (SAR), Topological data analysis (TDA)
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Zusammenfassung

Laut dem Bericht The World′s Cities in 2018 der Vereinten Nationen (UN) lebten 2018
55,3% der Weltbevölkerung in urbanen Gebieten. Sie erwarten, dass diese Zahl bis

2030 auf 60% ansteigen wird. Die Ansiedlung in urbanen Gebieten ist für die Entwicklung
der Menschheit so wichtig, dass die UN die nachhaltige, urbane Entwicklung als eines ihrer
17 nachhaltigen Entwicklungsziele (engl. Sustainable Developement Goals, SDGs) erklärt
hat. Um dieses Ziel zu erreichen, sind strategische, geografische Informationen notwendig,
die die Planung für die Zukunft unterstützen.

Mit Hilfe von Erdbeobachtungstechnologien lassen sich aktuelle, weitreichende Geoinfor-
mationen von urbanen Gebieten erstellen. Stand heute gibt es drei globale Produkte aus der
Erdbeobachtung, die die urbanen Gebiete weltweit kartografieren: der Global Urban Foot-
print (GUF), der Global Human Settlement Layer (GHSL) und der World Settlement Foot-
print 2015 (WSF). Die Verfügbarkeit dieser Produkte leistet einen unschätzbaren Beitrag
zur Bereitstellung wichtiger, urbaner Informationen. All diesen Produkten ist gemein, dass
ihnen ein binäres Schema (urban, nicht urban) zu Grunde liegt. Dieses einfache Schema
lässt sich universell einsetzen, da es sehr generell ist, aber andererseits fehlen detaillierte
Informationen über die inneren Strukturen der urbanen Gebiete. Die nächste Generation
der urbanen Karten sollte ein Klassifikationsschema aufweisen, das detaillierte Informatio-
nen über die innere Struktur widerspiegelt und gleichzeitig universell anwendbar ist. In
Bezug auf die Datenquellen basiert der GUF auf Daten von synthetischem Aperturradar
(SAR), während der GHSL aus optischen Daten berechnet wurde und der aktuelle WSF auf
Daten aus beiden vorher genannten Quellen zurückgreift. Zukünftige Produkte werden wie
der WSF die Vorteile beider Datenquellen vereinen. Im Hinblick auf optische Datenquellen
bieten Hyperspektraldaten eine große Bandbreite an Informationen und eignen sich daher
ideal für Klassifikationsfragestellungen. Bei Radardaten ist polarimetrisches SAR (PolSAR)
die häufigste Wahl für Klassifikationsaufgaben. Vor diesem Hintergrund zielt diese Dis-
sertation auf urbane Klassifikationsaufgaben ab, denen ein detaillierteres Klassifikationss-
chema als ein binäres Schema zu Grunde liegt. Dabei werden sowohl optische, insbesondere
Hyperspektraldaten, als auch PolSAR Daten verwendet.

Bezüglich der Fusion von optischen und SAR-Daten zum Zweck der urbane Klassifikation
sind einige der größten Herausforderungen, (1) die drastischen Unterschiede zwischen op-
tischen und SAR-Daten; (2) die hohe Dimension von Fernerkundungsdaten; und (3) der
Mangel an gekennzeichneten Daten. Manifoldbasierte Verfahren für die Datenfusion sind
eine vielversprechende Lösung hinsichtlich der drei aufgeführten Herausforderungen. Er-
stens, ist das Verfahren in der Lage die Lücke zwischen Datendomänen zu überbrücken,
was hilfreich ist die Unterschiede zwischen optischen und SAR-Daten zu adressieren.
Zweitens, die intrinsische Eigenschaft der Manifoldtheorie niedrige Dimensionalität zu
bevorzugen ist ideal um hochdimensionale Fernerkundungsdaten zu verarbeiten. Zuletzt,
die teilüberwachte Manifoldangleichung assoziiert gekennzeichnete und ungekennzeich-
nete Datensample mittels Manifoldstrukturen, wodurch die semantische Information der
Kennzeichnungen implizit zu ungekennzeichneten Daten propagiert wird. Dies verstärkt
letztendlich den Einfluss der Datenkennzeichnung. Daher ist das methodologische Ziel
dieser Dissertation manifoldbasierte Techniken der Datenfusion und zur Klassifikation ur-
baner Gebiete zu untersuchen.

Im Rahmen der Dissertation wurden die folgenden vier methodologischen Ziele erreicht.

Ein Datenfusionsalgorithmus namens MIMA wurde entwickelt, mit dem Zweck der Fusion
und Klassifikation von optischen und SAR-Daten in urbanen Gebieten. MIMA ist ein semi-
überwachter Datenfusionsalgorithmus der einen latenten Raum findet in dem all Daten-
quellen fusioniert sind. Während des Fusionierungsprozesses berücksichtigt er gekennze-
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ichnete Daten und erkundet Datenstrukturen mittels topologischer Datenanalyse. Eine um-
fassende Analyse unter verschiedenen Bedingungen zeigt, dass MIMA eine 2.5% höhere
Klassifikationsgenauigkeit erreicht als state-of-the-art manifoldbasierte Datenfusionsalgo-
rithmen. Für die drei Datensätze, die im Rahmen der Evaluierung in dieser Dissertation
verwendet wurden, entspricht dieser verbesserte Prozentsatz jeweils ungefähr 350, 600,
beziehungsweise 8000 Datensamples. Insbesondere zeigt MIMA eine verbesserte Leistung
in der Inferenz für jene Fälle, wo gekennzeichnete Daten nur einen geringen Anteil aus-
machen.

Ein Vergleich von manifoldbasierten Algorithmen für die Fusion von hyperspektralen
und PolSAR-Daten mit der Aufgabe der urbanen Klassifikation wurde durchgeführt.
Zwei wichtige Fragen wurden in dieser Studie diskutiert: (1) wo soll die Daten-
fusion durchgeführt werden, in der Daten- oder der Manifolddomäne? (2) welche
überwachungsstrategie ist effizienter, überwacht, teilüberwacht, oder unüberwacht? Um-
fassende Experimente zeigten, dass die Datenfusion in der Manifolddomäne ausgeführt
werden sollte, und das Teilüberwachung die effizienteste überwachungsstrategie ist.

Eine Klassifikationspipeline die MIMA beinhaltet wurde entwickelt um 42 Großstädte,
verteilt über die gesamte Welt, zu klassifizieren. In dieser Pipeline wird eine modifizierte
Version von MIMA eingesetzt, deren Aufgabe es ist Sentinel-1 und Sentinel-2 Daten zu fu-
sionieren und zu klassifizieren. Um das konkrete Problem des Hyperparametertunings zu
lösen, schlägt diese Dissertation einen Ensembleansatz vor. Diese Klassifikationspipeline
übertrifft andere state-of-the-art großflächige Pipelines laut der Evaluierung für die Städte
München, Mumbai und New York.

Eine urbane Musteranalyse wurde in dieser Dissertation durchgeführt. Basierend auf
den Karten, die von der Klassifikationspipeline produziert wurden und Daten der Welt-
bevölkerung, wurden die urbanen morphologischen Muster von 42 Großstädten auf der
gesamten Welt untersucht. Acht unterschiedliche Muster wurden identifiziert bezüglich
ihrer morphologischen Anordnungen und Bevölkerungsverteilung. Diese acht urbanen
Muster sind superkompakt, kompakt, kompakt-grün, offen-grün, offen-informell, in-
formell, und industriell.
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1 Introduction

1.1 Motivations and Objectives

S ustainable development is a strategic guidance for the development of human kind.
The United Nations (UN) has been working on this subject for about three decades. It

was started with Agenda 21 in June 1992. In 2000, the UN announced Millennium Devel-
opment Goals (MDGs) that is a schedule of sustainable development ought to be achieved
in 2015. In the year of 2015, the UN started a new round of 15-years schedule, Sustainable
Development Goals (SDGs). It is a major challenge to implement the SDGs globally, timely,
and evaluate them objectively. Remote sensing techniques step on stage at this point and
exhibit an unbiased, affordable, and timely global solution of providing relevant geographic
information.

As reported in UN’s report of world’s city (UN, 2018), 55.3% of the world’s population lived
in urban area in 2018, which is estimated to be 60% in 2030. Therefore, urban sustainable
development has an impact on daily lives of more than half of the Earth inhabitants and
their descendants. The tremendous influence makes urban sustainable development itself a
major topic in UN’s SDGs. This topic has also drawn a lot of attention of the remote sensing
community.

To provide relevant geographic information for urban sustainable development, the remote
sensing community started to provide global urban maps in early 1990s (Klotz et al., 2016).
The state-of-the-art global urban maps are Global Urban Footprint (GUF) (Esch et al., 2013)
and Global Human Settlement Layer (GHSL) (Pesaresi et al., 2013). GUF is a 12 meter reso-
lution binary map of built-ups which is produced from synthetic aperture radar (SAR) data.
GHSL is a ten meter resolution world map of the density of built-ups that was derived from
optical remote sensing data (Melchiorri et al., 2019). Both GUF and GHSL provided invalu-
able urban map that benefits urban anaylsis on a global scale. For example, Taubenböck
et al. (2019) analyzed global urban development by using GUF data of about 1700 cities.
Melchiorri et al. (2018) analyized global urbanization using GHSL for last decades. Moti-
vated by the significant role of urban areas in future and demands of strategic urban geoin-
formation, this dissertation mainly focuses on studies of urban area.

GUF and GHSL have demonstrated the great potential on providing strategic information,
but both products categorize the Earth surface as built-up and non-built-up. The catego-
rization is not fine enough to provide information within a city. Therefore, the next gener-
ation global urban layer should have a finer categorization of urban regions. This disserta-
tion works towards this direction and mainly focuses on land cover land use classification
schemes within cities. Those schemes describe morphological structures and functionality
types of urban blocks.

From the perspective of data sources, GUF utilized SAR data, and GHSL was produced based
on optical data. Studies (Zhang, 2010; Joshi et al., 2016; Schmitt and Zhu, 2016; Hu et al.,
2019) have highlighted that the complementarity of heterogeneous data sources motivates a
fusion of them for producing future remote sensing products. As a type of optical data, hy-
perspectral data has been proven as an ideal optical data source for classification tasks (Gu
et al., 2017; Ghamisi et al., 2017). Thanks to recently missions, such as DESIS and EnMAP,
accessing hyperspectral data is becoming convenient. For the choice of SAR data, polarimet-
ric SAR data was often selected for classification tasks in literature (Lee and Pottier, 2009;
Wurm et al., 2017). This dissertation mostly focuses on the fusion of hyperspectral data and
PolSAR data for urban classification tasks.
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To summarize a literature review on fusing optical and SAR data for classification tasks,
which is discussed in Chapter 3, the current state-of-the-art practice extracts features from
both data sources, fuses features, feeds them to classifiers, and delivers classification results.
In terms of methodology, statistical models often very powerful, but might fail to describe
complex remote sensing data; kernel models and ensemble models are current state-of-the-
art models; deep learning models have not been fully explored due to limited amount of
annotated data. To the author’s knowledge, manifold models had never been explored for
fusing optical and SAR data before this dissertation, although it has been proven excel-
lent for data fusion in general (Wang and Mahadevan, 2011; Tuia et al., 2014). Moreover,
semi-supervised manifold models do not require a large amount of annotated data as deep
learning models, and amplifies the impact of annotated data. Such properties suit the back-
ground of this dissertation well.

Motivated by above-mentioned facts, this dissertation aims to explore manifold model for
the fusion of optical and SAR data and apply the fusion on urban region classification tasks.
Four important objectives of this dissertation are listed as follows:

� Development of fusion algorithm: this dissertation shall develop a data fusion algorithm
that is able to accomplish fusion and classification of multi/hyper-spectral and PolSAR
data for urban area. Due to limited access to these data and specially labeled data, an
algorithm of unsupervision or weak supervision is preferred.

� Evaluation of the developed algorithm: this dissertation shall carry out a comprehensive
evaluation. Besides showing a state-of-the-art performance of the developed algorithm,
the evaluation shall be also enable a profound discussion regarding a wide cover of related
fusion algorithms.

� Deployment of the developed algorithm: this dissertation shall develop a functional clas-
sification system that is based on developed fusion algorithm. This classification system
should be deployed on a large scale classification task of urban areas.

� Demonstration of a large scale application: this dissertation shall demonstrate that urban
classification maps produced by the deployed system are able to supply strategic geoin-
formation to interested stakeholders.

1.2 Dissertation Outline

This is a publication based dissertation whose work is summarized in five peer-reviewed
journal papers (Four as first author, and one as second author). Three of them are published
and two are under reviewing process. The papers are attached in the appendix of this dis-
sertation. Chapter 2 summarizes basic knowledge for works of this dissertation. Chapter 3
provides an overview of the state of the art. Chapter 4 summarizes works have been done
within this dissertation. And chapter 5 concludes this PhD project and provides opinions
on future works.
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2 Basics

T argeting at readers who are already in the research field of remote sensing, necessary
basics are included in this chapter.

2.1 Remote Sensing Data

Remote sensing is a science and technology that measures properties of an object of inter-
est without a physical contact (Khorram, 2012; Pohl and Van Genderen, 2017). It generally
refers to the technology of observing the Earth by sensors mounted on airborne or space-
borne vehicles. These sensors record electromagnetic signals that are reflected or emitted
by the object of interest on the Earth. With the recorded data, scientists are able to retrieve
geophysical information without an on-site investigation.

2.1.1 Optical data
Around eight minutes and twenty seconds, electromagnetic radiations (EMR) emitted by
the Sun reach the Earth. The EMR travels through the Earth atmosphere, interacts with the
Earth surface, and travels back to outer space through the atmosphere again. During the
travelling of the EMR, it is either absorbed or scattered. On its way back to outer space, an
optical sensor measures the radiance that reaches its lens and records the radiance as a dig-
ital number (Alparone et al., 2015). The digital number is converted to top-of-atmosphere
radiance, ground-level radiance, and surface reflectance by radiometric calibration, atmo-
spheric correction, and surface correction in a sequential processing (Bioucas-Dias et al.,
2013). The surface reflectance is the ratio of the reflected to the incident EMR. Its value
relates to physical properties of the illuminated object. Optical sensors work on the elec-
tromagnetic waves whose wavelength range from 400 nm to 3000 nm, including visible
light, near infrared, and short-wavelength infrared. Within this wavelength range, radiance
recorded by optical sensors is mainly EMR reflected by the Earth surface instead of a ther-
mal emission (Alparone et al., 2015).

Two important concepts in optical data are spatial resolution and spectral resolution. The
spatial resolution is expressed as a distance. Objects in image can be distinguished only if
they are located further than the distance (Alparone et al., 2015). The spectral resolution
is the width of the wavelength range within which the photons are collected to form a sin-
gle spectral band, such as red, or green. According to (Alparone et al., 2015; Grohnfeldt,
2017), an optical data could be categorized as panchromatic, multispectral, superspectral,
hyperspectral, and ultraspectral imagery, in terms of different spectral resolutions.

� panchromatic, a unique broadband typically ranges from 400 nm to 1000 nm.
� multispectral, the number of bands is smaller than 10, including visible bands.
� superspectral, the number of bands is larger than 10.
� hyperspectral, the spectral resolution is higher than 10 nm.
� ultraspectral, the spectral resolution is at the magnitude of 1 nm.

Due to unique physical property and status, a material reflects EMR differently on each of
these spectral bands, which results a spectral signature that can help identifying this mate-
rial. Therefore, the higher the spectral resolution, the more complete the recorded spectral
signature. However, due to limited photon, it is a technically challenge to achieve both high
spatial and spectral resolutions.
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2.1.2 SAR data
SAR sensor emits a frequency modulated pulse, a ’chirp’, towards a target, and records
the back scattered signals. After a series of digital processing, SAR data is presented as a
complex-valued range-azimuth image (Cumming and Wong, 2005). Each complex number
describes the amplitude and phase of a received echo that is scattered by the illuminated
targets. The amplitude and phase of a SAR image reflect the geometric shape and surface
roughness of the illuminated targets.

Polarimetric SAR (PolSAR) is a SAR technique that utilizes the polarization state of emit-
ted signals. A PolSAR sensor is able to emit horizontally or vertically polarized EMW, and
measures either the horizontal or the vertical components of the received signal. A 2 by 2
scattering matrix (2.1) describes PolSAR data, where H and V indicate horizontal and ver-
tical polarization, respectively; and in Sij , i indicates the polarization of the received signal
and j indicates it of the emitted signal.

S =

SHH SHV

SVH SVV

 (2.1)

Being able to emit horizontally and vertically polarized signals enables observing the tar-
gets’ reaction to signals of different polarization. Measuring the horizontal and the vertical
components of reflected signals fully recovers the polarization states of a reflected signals.
Therefore, comparing to single polarized SAR data, PolSAR data enables analyzing the re-
sponse of observed objects in terms of polarization. More specifically, via polarimetric de-
composition (Cloude and Pottier, 1997; Yamaguchi et al., 2006; Lee and Pottier, 2009), one
can look into the scattering mechanisms, such as surface scattering, volume scattering, dou-
ble bounce, and helix scattering. By comparing to a single polarized SAR data, PolSAR data
is more capable of extracting geo/bio-physical parameters for forest, agricultural, and urban
applications (Neumann et al., 2009; Hajnsek et al., 2009; Moreira et al., 2013; Xiang et al.,
2015).

2.1.3 Imaging geometry of optical and SAR data
The different imaging principles of SAR and optical sensors result in the most important dif-
ference between an optical image and a SAR image, namely the geometry. Taking the lens of
an optical sensor as an originate, objects locating within minimum distinguishable azimuth
and elevation angles will be imaged into one resolutions cell. It is convenient to interpret
an optical image since people observe this kind of images in daily life. On the other hand,
a resolution cell of a SAR image records signals that reflected by objects whose distances
to the sensor are the same. As shown in the right plot of Fig. 2.1, due to the side-looking
imaging geometry of a SAR sensor, objects that have the same distances to the sensor would
seldom locate close by. They often have a difference on elevation. It makes the interpretation
of a SAR image challenging. As the example in Fig. 2.1, the section D in the optical image
represents the ground; however, the corresponding section in the SAR image includes sig-
nals reflected by the ground, the facade of the lower building, and the roof of the lower
building. All these contributors of the section D of the SAR image have the same distances
to the sensor, but are not located close by.

Due to different imaging principles, contents of an optical image and a SAR image are very
different from each other. A visual example is shown in Fig. 2.1. Thanks to SAR imaging
principles, the difference would be larger if the resolution getting higher or variations of the
height in the observed region getting larger.
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Fig. 2.1. A sketch of the imaging geometry of an optical image (left) and a SAR image (right) [Inspired by (Palubinskas,
2012)]. A resolution cell in the sketch is bounded by a pair of dashed line. The sketch supposes the optical image and the
SAR image have the same size of resolution cell. The bottom sketch compares imaged contents of the optical image and
the SAR image in every section: A: trees in the optical image, ground in the SAR image; B: trees in both image; C: ground
in both image; D: ground in the optical image, ground, facade of the lower building, and roof of the lower building in the
SAR image; E: roof of the lower building in the optical image, ground and facade of the lower building in the SAR image;
F: roof of the lower building in the optical image, shadowing in the SAR image; G: roof of the lower building in the optical
image, facade and roof of the higher building in the SAR image; H: ground in the optical image, roof of the higher building
in the SAR image; I: facade of the higher building in the optical image, shadowing in the SAR image; J: roof of the higher
building in the optical image, shadowing in the SAR image.

Fig. 2.2. A visualization of an optical image and a SAR image of the same scene, the city of Augsburg, Germany. The optical
image is a Sentinel-2 image with red-green-blue channels. The SAR image is a Sentinel-1 intensity image in dB.

2.1.4 Complementarity of optical and SAR data
Two aspects, illumination source of the EMW and wavelength range of the EMW, are the
reasons for the complementarity of optical and SAR data.

The illumination source of an optical data is the Sun (passive remote sensing). Therefore,
weather condition has a significant impact on collecting optical data. As a result, it poses
limitations for certain regions, such as tropic areas frequently covered by cloud, or certain
applications, such as rapid disaster response. On the other hand, a SAR sensor has its own
illumination source (active remote sensing) so that it can collect data day and night. Thanks
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to the different illumination sources, a part of the complementarity is that SAR data could
be collected at some time or regions that an optical data can not be acquired.

Regarding the wavelength range of applied EMW, an optical sensor operates on the wave-
length ranging from 400 nm to 3000 nm. However, SAR sensors normally operate on the
wavelength range of centimeters to meters. Another part of the complementarity is that
EMW of different wavelength ranges reveal different properties of a target. Moreover, since
the microwave is capable of penetrating a cloud, SAR images can still be acquired over
cloudy areas.

2.2 Manifold Learning for Data Fusion

For the term of manifold learning in this dissertation, it means a group of machine learning
techniques that assume an underlying manifold laying in a sampled data, attempt to retrieve
the manifold, and utilize the manifold for a certain goal.

Fig. 2.3. Points A, B, and C locate on the surface of the sphere which is a 2 dimensional manifold embedded in a 3 dimen-
sional space. The black point is the center of the sphere, and the black ellipse is the equator of the sphere. Solid curves
lay on the surface facing the reader, and dashed curves lay on the surface of the other side. The orange dashed edges are
inside the sphere. If two data points are local, such as A and B, a Euclidean distance (orange dashed edge) can be used to
approximate the distance on manifold (solid blue curve connecting A and B). If two data points are not local, such as A
and C, a Euclidean distance is not a valid approximation for the distance on manifold (solid blue curve connecting A and
C).

2.2.1 Topological interpretation of manifold
A manifold is a smooth hyperplane. It is embedded in a Euclidean space which has a higher
dimension than the manifold. As a simple example in Fig. 2.3, the surface of a sphere is a
2-dimensional manifold that is embedded in a 3-dimensional Euclidean space. Apart from
the intuitive example for explanation, manifolds are often too complex to be described by
an analytic formulation. It is not mathematically convenient to represent a manifold.

From topological point of view, a local region on a manifold and a hyperplane having the
same dimension as the manifold are homeomorphic to each other (Edelsbrunner, 2014,
p.58), (Ghrist, 2014, p.10). An intuitive interpretation is that a local region on a manifold
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is a hyperplane that has a same dimension as the manifold (Edelsbrunner and Harer, 2010,
p.32). With the sphere example, it means that an ant standing on a point of a sphere would
see its surrounding as a flat ground. Therefore, it brings a mathematical convenience that
the local property of a manifold can be approximated by local measures in a Euclidean
space. This local property provides an access of approximating a manifold, as explained in
Fig. 2.3.

2.2.2 Manifold dimension reduction
Given a data set X = {x ∈ Rn| x1,x2, ...,xN } that is measured in an n-dimensional space, di-
mension reduction is a task to find a representation Y = {y ∈ Rl | y1,y2, ...,yN } of X where
l << n so that the amount of data is reduced while the essential information should be pre-
served. The most classical technique is principal component analysis (PCA). PCA linearly
transfers the data X into an orthogonal Euclidean space where axis sequentially account
largest variance of the data. With a predefined percentage of variance to be preserved, PCA
accomplishes dimension reduction by ignoring the dimensions with lowest variances.

Manifold learning technique, however, has a more intuitive mathematical theory than PCA
for dimension reduction. Because of the mathematical definition that a manifold M is a
lower dimensional space that embedded in a higher dimension space, finding the underly-
ing manifold is naturally a procedure of dimension reduction. Because real world data is
often measured by an over-parameterized system, the assumption of existing an underly-
ing manifold often holds (Bengio et al., 2013). The manifold-based dimension reduction has
drawn a lot of attention and been intensively studied.

Fig. 2.4. On the left plot, blue points are data points lay on an l dimensional manifold (bold ellipse) that is embedded in an n
dimensional space. The red lines represent local adjacent properties of data points. Manifold dimension reduction projects
those data points into an l dimensional space (l << n), while the local adjacent properties are all preserved. Different
models focus on different local properties to be preserved.

Highlighted as the red edges in Fig. 2.4, the key point in this technique is how to approx-
imate the underlying manifold via the local structures of the original space. Among exist-
ing studies, Roweis and Saul (2000) represented a data point as a linear combination of its
neighbors, and find a lower dimensional manifold where the data point is the same linear
combination of the same neighbors. The local linear relationship stayed unchanged while
the number of dimensions decreased. Tenenbaum et al. (2000) estimated manifold distances
of every data pair. If the two data points are neighbors, their manifold distance is estimated
by the Euclidean distance. If the two data points are not neighbors, their manifold distance
is estimated by adding the Euclidean distances of edges that form a shortest path between
them. Therefore, a global structure of the manifold can be measured by local Euclidean dis-
tances, and the global structure is preserved while reducing the dimension. He and Niyogi
(2004) designed a dimension reduction technique locality preserving projection (LPP) that
only preserves local connectivity and ignored non-local structure of the original data. Many
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other similar studies accomplish manifold-based dimension reduction with different strate-
gies of modelling local structures (Belkin and Niyogi, 2002; He et al., 2005; Lin and Zha,
2008).

The LPP introduced by He and Niyogi (2004) is a representative manifold algorithm for
dimension reduction. The technical detail is briefly introduced in this section. LLP estimates
local connectivity of data points in its manifold M ∈ Rl by calculating local connectivity
in its original space X ∈ Rn. This connectivity property is preserved while decreasing the
number of dimensions. He and Niyogi (2004) defined the connectivity of two data points xi
and xj by either ||xi − xj ||2 < ε or xi is among the κ nearest neighbors of xj . Both ε and k are
predefined. The local connectivity property of X can be represented by an N by N adjacent
matrix A, where Aij = 1 if xi and xj are connected, and Aij = 0 elsewhere. One can further
model the strength of the connection between xi and xj with a weight as in matrix W

Wij = Aije
−
||xi−xj ||2

σ (2.2)

Optionally, the weight matrix W can be identical to the adjacent matrix A. Therefore, with
the matrix A or W, the local connectivity of the underlying manifold can be modeled.

To achieve data representation on the manifold, a projection f should be found to link X and
Y by yi = fxi . To preserve the local connectivity in the underlying manifold, a loss function
is designed as Eq. 2.3.

L =
∑
ij

(yi − yj)
TWij =

∑
ij

(fxi − fxj)
TWij (2.3)

Minimizing the loss function encourages data points that are neighbors in the original space
staying as neighbors in the pursued manifold. Having been proven in (He and Niyogi, 2004),
the solution of minimizing L is given by eigenvectors corresponding to smallest eigenvalues
achieved from the generalized eigenvalue problem (2.4).

XLXT f = λXDXT f, (2.4)

where D is the degree matrix that Dii =
∑N
j=1 Wij and Dij = 0(i , j), and L is the Laplacian

matrix L = D−W. Therefore, the optimized projection f is capable of projecting data X into
its lower dimensional manifoldM so that the dimension reduction is accomplished.

Manifold dimension reduction can also be applied for remote sensing data fusion. Liao et al.
(2014) stacked hyperspectral data and LiDAR data resulting a high dimension data cube,
applied a manifold-based dimension reduction technique similar to LPP, and accomplished
dimension reduction and data fusion at the same time.

2.2.3 Manifold alignment
Manifold alignment attempts to match two manifolds so that the information or knowledge
crossing domains can be retrieved or combined. It has been successfully applied to accom-
plishing challenging tasks, such as querying images that are semantically identical but very
different in contents (images of different illumination) (Pei et al., 2012, 2013), finding simi-
lar documents of different languages (Wang and Mahadevan, 2008), and so on.

To achieve the alignment of manifolds, the correspondences cross domains have to been
known. The colors in Fig. 2.5 represent the correspondences. With or without prior infor-
mation of the correspondence separates the manifold alignment techniques into supervised
manifold alignment or unsupervised manifold alignment.
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Fig. 2.5. This figure demonstrates the principle of the manifold alignment with an example of two data sets.M1 andM2
represent the manifolds of two data sets. The colors stand for the correspondences of data points cross manifolds. Both
data sets are projected into a latent space where data correspondences are preserved. Therefore, the two manifolds are
aligned.

Intuitively, for unsupervised manifold alignment, the main task is to find the correspon-
dence. Most existing studies focus on developing similarity measures of data samples cross-
ing domains. Wang and Mahadevan (2009b) introduced a distance that measures the sim-
ilarity of two local structures. Therefore, they were able to find local correspondences be-
tween domains and accomplish manifold alignment. Pei et al. (2012) introduced a similarity
measure of two manifold which is able to find the correspondence even with the presence of
small local distortions. Escolano et al. (2011) applied a symmetrized normalized-entropy-
square variation as a dissimilarity measure of different manifolds with which they accom-
plished an alignment. Pei et al. (2013) introduced a manifold-to-manifold distance so that a
query pattern could be compared to reference patterns. Wang and Mahadevan (2013) mea-
sure two samples of different domains by utilizing a sample of correspondence as a middle
point of the edge linking the two samples. With the correspondence-based measure, it ac-
complished the alignment between manifolds.

Due to extra effort required to provide a prior correspondence cross domains, there is a
only a handful of studies of supervised manifold alignment. Wang and Mahadevan (2008)
accomplished manifold alignment by first applying manifold-based dimension reduction
on multiple data sources, and then aligned the multiple lower dimensional data via rotating
and shifting the subsets which have correspondence. Tan et al. (2014) applied manifold
alignment to match the networks on different social media platforms, such as Facebook and
Twitter. The correspondence between networks is built by matching usernames.
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Besides image query and cross-lingual retrieval, various applications have been accom-
plished by manifold alignment techniques. Majeed et al. (2015) utilized a manifold align-
ment technique for indoor localization. Schneider et al. (2014) accomplished appearance
estimation with manifold alignment. In remote sensing, Yang and Crawford (2015) applied
manifold alignment for multitemporal hyperspectral image classification. Liao et al. (2016)
realized visualizing hyperspectral data as a natural image via manifold alignment.

According to existing literature, manifold alignment is an intuitive solution for data fu-
sion problems. One can assume that there exist an underlying manifold in each of the
data sources to be fused. Aligning these manifolds is a natural procedure of data fusion.
Additionally, the low dimension essence of the manifold is able to tackle ’curse of dimen-
sion’ (Donoho et al., 2000) which is often problematic for real world data.

2.3 Topological Data Analysis (TDA)

Topological data analysis (TDA) is a mathematical tool of applied topology. It attempts to
derive relevant information that is associated to the shape of the data.

One TDA working pipeline aims to detect prominent structures hidden in the data shape by
a concept of persistent homology. Its general procedure follows three steps (Ghrist, 2008):
(1) organizing a data set as a point cloud with a pairwise similarity measurement; (2) rep-
resenting the topological space of the point cloud with simplicial complex; and (3) deriving
prominent topological structures via the persistence. For details, please refer to (Edelsbrun-
ner et al., 2000; Zomorodian and Carlsson, 2005; Edelsbrunner and Harer, 2010; Edelsbrun-
ner, 2014). This pipeline ranks the prominence of topological structures of data by using the
persistence. The most prominent structures in data often carry relevant information. Ghrist
(2008) applied this pipeline on a natural image data set and found three closed circular
structures within in the data. They found out the circles indicate patterns of image intensity
change, line orientations, and strip structures. Erden and Cetin (2017) utilized the persistent
homology to detect periodic signals in a respiratory rate measurement.

Another TDA pipeline is MAPPER. It is designed to derive a guided topological structure
of a data set (Singh et al., 2007). The technical details of MAPPER is introduced in sec-
tion 4.2.2. This section discusses its applications in other research fields. MAPPER has been
applied to reveal valuable knowledge in multiple studies by interpreting the shape of data
sets. Nicolau et al. (2011) applied MAPPER on analyzing breast cancer transcriptional data
and found a sub-group of Estrogen Receptor-positive (ER+) breast cancers. 100% survival
and no metastasis have been found among patients suffering this sub-type of cancer. Niel-
son et al. (2015) analyzed the data of preclinical traumatic brain injury (TBI) and spinal cord
injury (SCI) by using MAPPER. They found a previously unknown pattern of co-occurring
TBI and SCI, as well as an unknown harmful effect of a drug treatment. Li et al. (2015) ana-
lyzed medical records of patients suffering from type 2 diabetes (T2D) using MAPPER, and
identified a sub-group of T2D that is unknown to doctors. Among these studies, MAPPER
helped discovering invaluable knowledge which helps future practice.

Topological data analysis is a branch of data analysis focusing on studying relevant knowl-
edge from the topological structure of data. It is an art of simplification for ignoring massive
information in data, but focusing on the prominent topological structure and the guided
topological representation.
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3 State-of-the-art in Optical and SAR Data Fusion

This chapter provides an overview of current research status for the topic of fusing opti-
cal and SAR data from five aspects: (1) fusion terminology, (2) fusion visions, (3) fusion

levels, (4) fusion techniques, and (5) fusion applications. And at the end of this chapter, the
author provides a summary.

3.1 Fusion Terminology

The author found that terms, such as multi-sources, multi-modal, multi-sensory, and so on,
often appear in the titles of data fusion articles. These terms suits various fusion topics, such
as the fusion of panchromatic data and multispectral data, the fusion of hyperspectral data
and LiDAR data, or the fusion of optical data and SAR data. However, since each of these fu-
sion topics poses different challenge and fuses different data contents, arbitrarily using those
terms with general correct sense would not help constructing a systematic understanding of
data fusion in remote sensing. With a hierarchical structure of remote sensing data sources,
this dissertation attempts to use these terms in terms of data contents to be fused and sensor
configurations.

Fig. 3.1. A hierarchical structure of remote sensing data sources.

As shown in Fig. 3.1, this dissertation first divides remote sensing data sources into optical
data, SAR data, LiDAR data, and others. This level is categorized by principles of data ac-
quisition and data contents. For example, optical data provide spectrum information; SAR
data provide information of shape, roughness, and dialectic properties; and LiDAR data
provide height information. This dissertation treat them as heterogeneous data sources. For
SAR data, an extra fold of the heterogeneity is that its imaging geometry result in a huge
differences of data representation comparing to optical data and LiDAR data. In this dis-
sertation, the fusion of heterogeneous data sources is named as multi-source data fusion or
heterogeneous data fusion. Within each of these data sources, they differ from each other
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by resolutions, sensors, acquisition times, and view angles. Respectively, this dissertation
would name them as data fusion of multi-scale, multi-sensory, multi-temporal, and multi-
view.

From this perspective, this dissertation focuses on fusing optical data and SAR data, which
falls in the range of a multi-source data fusion problem.

3.2 Fusion Visions

This section starts reviewing the state-of-the-art by summarizing strategic or high level
opinions on the research topic of fusing optical and SAR data that are provided in related
review articles. Those options cover various aspects including motivations, current status,
methodology, and future directions.

Regarding the motivation of fusing optical and SAR data, multiple studies (Gómez-Chova
et al., 2015; Mura et al., 2015; Schmitt and Zhu, 2016) highlighted the complementarity of
optical and radar data sets. Furthermore, fusing the two data sources is capable of solving
ambiguities and conflicts in applications. And spatial and spectral information from both
data sources could cooperate with each other.

To summarize existing developments, Zhang (2010) had reviewed the status of multi-source
remote sensing data fusion in the year of 2010, and claimed that studies had mainly focused
on new feature extraction, knowledge representation and classifier combination. A recent
review article (Joshi et al., 2016) summarized about 100 articles and pointed out some is-
sues. For example, studies typically focused on small regions, universal strategy of adequate
evaluation was missing, and concrete justification of methodologies was often lacking.

Some other researchers paid special attentions to the processing of data sources. Palubin-
skas (2012) focused on understanding of the data sources for fusion and listed a number of
related details that might have potential influence, such as speckle reduction of SAR data,
imaging geometry of both data sets, high dimensionality, and so on. Similarly, Lahat et al.
(2015) highlighted that successful data fusion is based on concrete understanding of indi-
vidual data source. Oloyede and Hancke (2016) had summarized fusion strategies from bio-
metric field. Apart from the different input data, general methodology is very similar to the
ones in remote sensing. It reminds us that more attention might be required on how charac-
teristics of remote sensing data should be handled while applying general fusion models.

On the side of methodology, Gómez-Chova et al. (2015) pointed out that manifold align-
ment could be applied on data fusion. Salentinig and Gamba (2015) preferred maximum
likelihood classifier and neural network. And Schmitt and Zhu (2016) emphasised the esti-
mation theory and machine learning. Baltrus̆aitis et al. (2019) reviewed the data fusion by
deep learning from a general perspective, which has a great value of advisory for remote
sensing applications on methodology. Both Zhu et al. (2017) and Reichstein et al. (2019)
emphasised that deep learning is a promising methodology for remote sensing applications
and argued that it is important for remote sensing experts to integrate physical knowledge
of this field into the design of deep learning structure.

Looking into the future as a remote sensing expert, Zhu et al. (2019) recently pointed out
the data fusion should not be limited in traditional remote sensing applications, such as
land cover land use classification, but aim at future application, such as urban 3D structure
reconstruction.

To summary, fusing optical and SAR data is motivated by complementarity of being het-
erogeneous data; current issues are lacking of generalization and understanding of data
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sources; manifold alignment, machine learning, and deep learning are promising method-
ologies; and deep learning coping with field knowledge will be developed for complex ap-
plications in the future.

3.3 Fusion Level

Fusion level considers where the data fusion technically takes place. Its categories might
vary slightly from one researcher to another. Generally, it is a consensus that fusion level
can be divided into: data level fusion, feature level fusion, and decision level fusion, as shown in
Fig. 3.2. This categorization is not only found in remote sensing field (Zhang, 2010; Salen-
tinig and Gamba, 2015; Schmitt and Zhu, 2016), but also in biometric (Oloyede and Hancke,
2016) and machine learning (Lahat et al., 2015; Baltrus̆aitis et al., 2019).

3.3.1 Data level fusion
Data level fusion joins physical measures of different sensors.

Li et al. (2017b) fused normalized difference vegetation index (NDVI) of LandSat and in-
tensity (dB) of ENVISAT ASAR data. Haas and Ban (2017) fused measures of spectral bands
from Sentinel-2 data and intensity of Sentinel-1 data. Carreiras et al. (2017) fused surface
reflectance of LandSat-5 and gamma nought (γo) of ALOS PALSAR. Baumann et al. (2018)
fused measures of spectral bands from LandSat data and σ0 value of Sentinel-1 data. And
Lin et al. (2019) fused measures of WorldView-2 data, GeoEye-1 data, TerraSAR-X data, and
LiDAR data.

Generally, data level fusion only requires necessary data pre-processing such as image
coregistration. It makes the fusion practically straightforward and simple. However, it posts
bigger challenges to the fusion models, especially for fusing optical and SAR data. For ex-
ample, the fusion model has to deal with the geometric differences, the noise differences,
and differences of data unit (reflectance and SAR intensity). As shown in Table. 1, about
10% articles that are reviewed in this dissertation carried out their fusion at data level.

3.3.2 Feature level fusion
Feature level fusion joins representations of data sources.

A variety of feature extractors were developed (Haralick et al., 1973; Cloude and Pottier,
1997; Benediktsson et al., 2001). They are designed to extract certain physical information
from the data sources. For example, texture information is often extracted by the gray-level
co-occurrence matrix GLCM (Bruzzone et al., 1999; Zhu et al., 2012; Bechtel et al., 2016;
Erinjery et al., 2018; Zhou et al., 2018b; Tabib Mahmoudi et al., 2019) and wavelet transfor-
mations (Wang et al., 2016; Pereira et al., 2018). Spatial information was extracted by the
morphological profile (Aravena Pelizari et al., 2018). Geometric information was extracted
by using edge detection (Tupin and Roux, 2003) and objects based parameters, such as area
and perimeters (Kussul et al., 2016; Aravena Pelizari et al., 2018). Polarimetric information
was extracted by decomposition (Baghdadi et al., 2016; Yang et al., 2017; He et al., 2017;
Demuzere et al., 2019; Zhang et al., 2019a). SAR coherence feature was applied in (Wegner
et al., 2010; Zhou et al., 2018b). More similar representations are physical content index,
such as NDVI, Normalised Difference Snow Index (NDSI), and Normalised Difference Wa-
ter Index (NDWI) (Ward et al., 2014; Robson et al., 2015; Baghdadi et al., 2016; Zhang et al.,
2019b). These hand-craft feature extractors are chosen to directly provide relevant physical
information for targeted applications.



14

  

Fig. 3.2. The data fusion workflow has generally two procedures: feature extraction from physical data sets (green arrow)
and decision from extracted features (blue arrow). The plus sign and black arrow indicate where the fusion takes place in
the workflow. From top to bottom: data level fusion, feature level fusion, and decision level fusion.

Besides these feature extractors which are driven by deriving representations of physical
information, neural network extracts and fuses representations that are directly driven by
the loss functions (Serpico and Roli, 1995; Bruzzone et al., 1999; Vaglio Laurin et al., 2013;
Baghdadi et al., 2016; Kussul et al., 2016; Zhang et al., 2019a).

Apparently, feature extraction is a crucial part in a data fusion workflow. For the conven-
tional hand-designed feature extraction, it is a challenge to find out a set of informative
features from endless combinations of numerous feature operators. The recent advanced
deep learning technique is able to extract powerful features in an end-to-end fashion, yet
heavily relies on large amount of training data. Comparing to data level fusion, feature level
fusion is less demanding on the fusion models since the fused features are more informative
in terms of targeted applications. Two thirds of the reviewed articles carried out the fusion
in the feature level, which makes it the most frequently practiced fusion strategy among all.

3.3.3 Decision level fusion

Decision level fusion combines decisions of different data sources.

Since optical and SAR data measure different physical quantities, physical models were nat-
urally employed in the decision fusion strategy (Ban et al., 2010; Taubenböck et al., 2012;
Gamba and Aldrighi, 2012; Qin et al., 2015; Chen et al., 2017; Tong et al., 2018). Apart from
fusing optical and SAR data using physical model, statistical fusion is also a commonly prac-
ticed technique. Such statistical fusion is usually done by modeling the relation between the
individual decisions of the two data sources and the final decision. Often applied models
are Bayesian model (Solberg et al., 1994; Lehmann et al., 2012; Reiche et al., 2018), evi-
dence model (Hegarat-Mascle et al., 1997), joint distribution (Qin et al., 2017; Yousif and
Ban, 2017; Guo et al., 2019), or sequential model (Revill et al., 2013). About a quarter of
reviewed literature carried out the fusion at this level.

The decision fusion often supported by a strong expert knowledge. It appears as a empirical
decision in physical models and as predefined distributions in statistical models.
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3.4 Fusion Techniques

To summarize technical developments of the fusion of optical and SAR data, Table. 1 demon-
strates an statistical investigation result of recent research articles that are published in sev-
eral journals, such as Remote Sensing of Environment, IEEE Transactions on Geoscience and
Remote Sensing, and so on. Mainly six types of fusion models are found in literature. This
part briefly summarizes these fusion models.

Fusion Level

Data Level Feature Level Decision Level Total number

Fusion

Technique

Physical model 2 9 11 22

Feature model - 5 - 5

Statistical model 4 9 11 24

Kernel model 1 10 1 12

Ensemble model 1 14 1 16

Neural network model - 7 - 7

Summary 8 54 24 86

Table 1. This table summarizes 86 reviewed research papers for the topic of fusing optical data and SAR data from the
fusion level and the fusion technique.

3.4.1 Physical model
The physical fusion model summarizes fusion techniques whose fusion procedure is pow-
ered by either a data characteristic, a knowledge based rule, a model of physical procedures,
or a model of natural phenomenon.

Some studies are motivated to accomplish the fusion of optical and SAR data because of the
different data characteristics. Lin et al. (2019) classified non-shadowed areas with optical
data, SAR data, and LiDAR data, and classified shadowed areas mainly with SAR data and
LiDAR data. This fusion procedure explicitly considered the fact that SAR and LiDAR data
are independent from Sun illumination. Spröhnle et al. (2017) utilized the fact that SAR data
has a strong reflected signal for man-made structures so that it detected edges from SAR data
which were used as seeds for detecting dwelling objects in optical data. It helped to differ
close-standing dwellings that can not be separated in optical data. Similarly, Iannelli and
Gamba (2019) extracted seeds from SAR data which were applied in optical data to detect
urban extent. Ban et al. (2010) applied a decision rule to fuse crop classification results by
considering class-wise classification performance of optical data and SAR data, respectively.

Powered by knowledge and experiences, remote sensing experts are often able to link phys-
ical meaning of data to a phenomenon under study. After detailed analysis of optical data
and SAR data in terms of glaciers, Robson et al. (2015) developed a classification scheme that
explicitly utilizes physical information carried by NDVI, NDWI, NDSI, DEM, and PolSAR
coherence for detecting glacier. Tabib Mahmoudi et al. (2019) considered physical content
of SAR and optical data, such as texture contrast, vegetation coverage, and spectral con-
tent, and developed an object classification scheme. Tupin and Roux (2003) detected linear
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structures in optical and SAR data, and fused those features to outline buildings, with a
geometric regularization.

Some objects or phenomenon under study can be mathematically modeled. For example,
Zheng et al. (2017) estimated snow thickness on sea ice by using optical data, SAR data,
and a snow melting model. Tao et al. (2019) estimated the soil moisture by developing a
backscattering model that use both SAR and optical data.

Some studies fused data sources in a way which simply suits facts. Chen et al. (2017) de-
rived sea water body from SAR data, and mangrove forest from optical data. It fused both
information to derive a better mangrove forest due to a fact that mangrove grows with sea
water. Qin et al. (2015) applied MODIS derived NDVI as a mask to a PALSAR derived forest
map so that non-vegetation land cover that is similar to the forest in PALSAR data can be
eliminated from the forest map. Dong et al. (2013) combined a phenology feature of rubber
tree that derived from optical data with a forest map derived from SAR data by intersec-
tion. Gessner et al. (2015) derived vegetation land cover with MODIS data, urban cover
with TanDEM-X and TerraSAR-X data, and water body with ASAR data, finally fused all
information to achieve a land cover classification. To detect an area impacted by flood, an
intuitive way is to detect the water body before and after a flooding event and to find the
difference. Tong et al. (2018) derived water maps of before and after flooding event by using
optical data and SAR data, respectively. Flooded area is achieved by differing water maps.
Taubenböck et al. (2012) extracted urban extent using optical data and SAR data of different
time, and detected change of urban extent along times. Similarly, Lehmann et al. (2015) de-
rived a temporal monitoring of forest areas by using optical data and SAR data of sequential
times.

Fusion studies with a physical model are often designed for a very specialized application,
such as flood detection, snow thickness detection, dwelling detection, and soil moisture es-
timation. It requires not only the knowledge of remote sensing techniques, but also a rich
expertise of the associated application. And those models often employ simple techniques,
such as thresholding and logic operations, which are empirical operations resulted from
strong expertise. On the other hand, those fusion models have a poor power of generaliza-
tion. They can barely be applied to other applications. Even with the same application of a
different region, these models often have to be re-studied to deliver an acceptable result.

3.4.2 Feature model
Feature fusion models extract or select a new set of features from data sources to be fused in
terms of designed objectives. Typical techniques are principal component analysis (Pearson,
1901), canonical correlation analysis (Härdle and Simar, 2007), locality preserving projec-
tions (He and Niyogi, 2004), and so on.

Pereira et al. (2018) fused PALSAR-1 data and LandSat data via multiple feature analysis
models (wavelet-based models, principal components analysis, Brovey transformation, and
Ehlers fusion), and classified these feature for agricultural land classification. Yang et al.
(2017) extracted about 150 features out of PolSAR and multispectral data which have con-
crete physical meaning in a sense of SAR polarimetry or spectrum, optimized the feature se-
lection procedure with a goal of minimizing intra-class variance and maximizing inter-class
variance, and finally classified the selected features with a kernel based classifier, multi-
class relevance vector machine. Wang et al. (2016) fused data features with discrete wavelet
transforms, extracted objects afterwards, and classified the objects with random forest and
support vector machine. Yang et al. (2016) fused SAR and optical data by representing them
in an orthogonal system via Gram-Schmidt algorithm, and classified those extracted features
with a support vector machine. Liu et al. (2018) fused optical and SAR data of different time
into a latent space to accomplish change detection.
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Fusion studies with a feature model often attempt to derive informative features that joins
complementarity of data sources under the guidance of a loss function. The loss function
is of key importance and often directly related to a targeted application. For example, a
loss function of feature extraction for a classification task often aims at maximize inter-
class variance and minimize intra-class variance. For this kind of fusion model, some details
could have a great influence, such as normalization, number of dimension for each data
source, and so on.

3.4.3 Statistical model
Statistical models fuse optical and SAR data with a statistical assumption which could be
a distribution of data noise, distributions of data in classes, or statistical connection along
time. Prendes et al. (2015) statistically modeled a homogeneous area as a joint distribu-
tion of optical and SAR data, and sovled it with a weighted maximum likelihood estimator.
Wan et al. (2019) applied a joint conditional posterior probability model to fuse optical data
and SAR data. Guo et al. (2019) fused decisions of the two data sources via a statistical
model. Reiche et al. (2018) accomplished a temporal forest monitoring task with a Bayesian
model using previous results as prior and future results as evidence for each time point.
Zhang et al. (2019b) trained a kernel ridge regression (KRR) model to find the relation be-
tween forests that were derived from SAR and optical data respectively, and predicted a
SAR-derived forest for 2011 to 2014 when SAR data was not accessible. Næsset et al. (2016)
fused multi-sources remote sensing data by applying a multivariate regression model for
estimating above ground biomass and utilized a logistic regression model to predict a for-
est area. Wang et al. (2017) carried out a statistical analysis on multiple remote sening data
sources of training areas, and decided some thresholds that were statistically significant for
the detection of red cedar. Lucas et al. (2014) statistically analyzed a landSat-derived foliage
projective cover (FPC) and PALSAR data corresponding to training areas, and located sta-
tistical significant thresholds for mapping forest. Similar ideas can be found in (Qin et al.,
2017)

Fusion studies with a statistical model often have a strong assumption, such as the noise
distribution and class data distributions. It often works well if the assumption is valid.
However, it might be difficult to find a concrete statistical assumption for certain remote
sensing applications.

3.4.4 Kernel model
Kernel models project data from its feature space where a linear algorithm is not able to
solve a targeted problem to another high-dimensional space where the problem is linearly
solvable (Cortes and Vapnik, 1995). The practical power of a kernel model is that, instead of
projecting all data into an unknown high-dimensional space, the only thing that is required
in the model is how to calculate a dot product of the unknown space (Camps-Valls et al.,
2008). The solution is a kernel. A kernel takes a data pair from the original feature space
and outputs a dot product of another space for the data pair. Regarding data fusion, data
fused at the feature level often results in a complex feature space where linear models fail.
Projecting those features into a high-dimensional space where linear models work is an
efficient procedure of data fusion. A typical kernel method is support vector machine (SVM).
It finds a decision boundary which has maximum distances to the training samples.

As SVM has been proven efficient in remote sensing data fusion (Camps-Valls et al., 2008;
Mountrakis et al., 2011; Huang and Zhang, 2013), it is frequently applied in the fusion of
optical data and SAR data. It was reported in urban applications (Haas and Ban, 2017; Ban
and Jacob, 2013; Xu et al., 2017), forest monitoring (Wang et al., 2016; Rajah et al., 2018,
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2019), agricultural classification (Waske and Benediktsson, 2007), snow detection (He et al.,
2017), and land cover land use classification (Sukawattanavijit et al., 2017; Xiao et al., 2016).
In stead of SVM, Sun et al. (2019) developed a multiple kernel learning for urban impervious
surface mapping. And Yang et al. (2017) applied a multiclass relevance vector machine on
rice phenology estimation. The kernel based fusion model was compared to other fusion
models. Zhang et al. (2015) compared different fusion models, including a neural network,
a kernel model (SVM), statistical models (maximum likelihood and minimum distance), for
an urban classification task, and concluded that SVM had the best performance.

The kernel fusion model was widely utilized in the fusion of optical data and SAR data,
mostly on classification task with SVM. It often performs quite well. However, practically,
its shortage lays at high computational cost caused by a grid searching of hyper-parameters.
It became very noticeable when dealing with large data sets. And pre-setting of a hyper-
parameter grid is also crucial for the final performance.

3.4.5 Ensemble model
Ensemble models joint a number of models to increase the performance of final predic-
tion (Rokach, 2010). A typical algorithm of ensemble model is the random forest (Breiman,
2001). A random forest trains a group of tree structures which utilize randomly different
subsets of features and randomly different subsets of training samples. Fusing decisions of
those tree structures often deliver an improved result comparing to the ones provided by
individual tree structure. The underlying power of an ensemble model roots from the sta-
tistical principle of Law of Large Numbers which leads a model a robust performance and
avoiding overfitting. Since the tree structures in random forest utilize randomly different
subsets of features, it means random forest implicitly carries out a feature selection. When
multiple data sources were put into random forest, the algorithm automatically carries out
a data fusion mechanism by trying out different feature combinations. Practically, it often
works well. Villa et al. (2015a) compared different fusion models on the fusion of LandSat-8
data and TerraSAR-X data, including a statistical model (classification and regression trees),
an ensemble model (random forest), a kernel model (support vector machines), and a neu-
ral network model (multilayer perceptron), and concluded the random forest had the best
performance. Zhou et al. (2018b) also reported a superior performance of random forest by
comparing to SVM, on a task of urban land cover mapping.

Since random forest has a stat-of-the-art performance and low computational cost, it was
widely applied on the fusion of optical data and SAR data. It was applied on forest map-
ping (Carreiras et al., 2017), urban land cover land use classification (Stefanski et al., 2014;
Bechtel et al., 2016; Forget et al., 2018; Zhou et al., 2018a), impervious surface estima-
tion (Zhang et al., 2014; Tan et al., 2015; Aravena Pelizari et al., 2018), and agriculture
application (van Beijma et al., 2014; Villa et al., 2015b; Erinjery et al., 2018).

3.4.6 Neural Network model
Neural network models have been proven successful machine learning methods that sur-
pass human capability (Krizhevsky et al., 2012a; He et al., 2016). These models are capa-
ble of learning very complicated nonlinear relationship, but depends on a large amount of
training data set. However, in the fusion of optical data and SAR data, less than 10% of the
studies employed a neural network model, according to our survey in Table. 2. Among a
small proportional studies, Serpico and Roli (1995) and Bruzzone et al. (1999) started stud-
ied of neural network for agriculture classification tasks in 1990s. Baghdadi et al. (2016)
and Kussul et al. (2016) have recently applied the model on agriculture applications. It
was also employed on urban applications (Pacifici et al., 2008; Villa et al., 2015a; Zhang
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et al., 2015, 2019a) and forest (Vaglio Laurin et al., 2013). Zhang et al. (2015) compared a
neural network model with other fusion models, and reported that SVM had the best perfor-
mance. Villa et al. (2015a) also reported a neural network model, multilayer preceptron, is
not comparable to random forest regarding classification accuracy. Their conclusions might
be a result of the neural network models applied in their studies were not a stat-of-the-art
structure. And lacking of training data set could also be a reason why neural network was
not performing well. It is very expensive to label remote sensing data for a high demand of
expert knowledge, especially for the SAR data. In order to fully apply the power of neural
network, one problem needs to be solved is to produce large amount of labeled data set of
optical and SAR data pairs.

Fusion Level

Data Level Feature Level Decision Level Total number

Fusion

Application

Agriculture 2 14 6 22

Forest 3 9 6 18

Flood detection - 3 1 4

Snow detection - 2 1 3

Glacier monitoring - 1 1 2

Urban 3 25 9 37

Summary 8 54 24 86

Table 2. This table summarizes 86 reviewed research papers for the topic of fusing optical data and SAR data from the
fusion level and the application.

3.5 Fusion Applications

Applications are the fundamental driving power of fusing optical and SAR data. Among
summarized research articles, roughly six different applications are involved, which are:
agriculture, forest, flood detection, snow detection, glacier monitoring, and urban, as shown
in Table. 2. The three most popular applications in the reviewed articles are urban applica-
tions, agriculture applications, and forest applications, which are 37 (43.02%), 22 (25.58%),
and 18 (20.93%), out of 86 articles, respectively. These percentages somehow reflect the
distribution of demands in the remote sensing field.

In urban applications, more specific tasks are urban expansion (Taubenböck et al., 2012; Li
et al., 2017b), change detection (Qin et al., 2017; Wan et al., 2019; Demuzere et al., 2019),
classification (Ban et al., 2010; Haas and Ban, 2017; Tabib Mahmoudi et al., 2019), urban
extent detection (Iannelli and Gamba, 2019; Forget et al., 2018), and impervious surface
estimation (Zhang et al., 2019a; Sun et al., 2019). In forest applications, popular tasks are
classification (Carreiras et al., 2017; Cremon et al., 2014; Erinjery et al., 2018; Pereira et al.,
2018; Vaglio Laurin et al., 2013; Lehmann et al., 2012), monitoring (Reiche et al., 2015;
Lehmann et al., 2015; Lucas et al., 2014; Zhang et al., 2019b; Reiche et al., 2018; Qin et al.,
2015), detection (Baumann et al., 2018; Wang et al., 2017; Chen et al., 2017; Dong et al.,
2013), and biomass estimation (Næsset et al., 2016). In agricultural applications, studies
focus on classification (Bendjebbour et al., 2001; Ramsey et al., 2014; Bruzzone et al., 1999;
Kussul et al., 2016; Gessner et al., 2015; Waske and Benediktsson, 2007; Hegarat-Mascle
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et al., 1997), soil moisture retrieve (Baghdadi et al., 2016; Tao et al., 2019), detection (Rajah
et al., 2018; van Beijma et al., 2014; Guo et al., 2019), crop monitoring(Villa et al., 2015b;
Yang et al., 2017; Veloso et al., 2017; Revill et al., 2013). Among these tasks, classification
and detection are the most frequently studied cases.

3.6 Summary

For the fusion of optical data and SAR data, according to the survey shown in Table. 1 and 2,
this dissertation concludes that: (1) most studies fused data sources at the feature level; (2)
the urban, agriculture, and forest are three most popular applications among literature; and
(3) random forest was the mostly used technique and reported good performance. According
to author’s latest literature survey, hyperspectral data is baraly studied for the fusion with
the SAR data.
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4 Summary of the Work

T he objectives of this dissertation are addressed in four published peer-reviewed jour-
nal papers and one peer-reviewed journal paper under review. This chapter gives a

summary of these papers including the following main contributions:

� A comprehensive research on feature engineering of Sentinel-1 dual-Pol SAR data is pre-
sented in Appendix A and summarized in Section 4.1 which targeted on an LCZ classifi-
cation task of 29 major cities around the world.

� A manifold data fusion algorithm (MIMA) is proposed in Appendix B and summarized in
Section 4.2 which incorporates a recently developed mathematical tool, topological data
analysis, with a semi-supervised manifold alignment technique to accomplish fusion and
classification of optical and SAR data.

� A comprehensive comparison of manifold-based data fusion algorithms for the fusion
and classification of hyperspectral and PolSAR data is presented in Appendix C and Sec-
tion 4.3 which mainly discussed the impacts of fusion domains and supervision strategies,
and secondarily served as an intensive evaluation of MIMA.

� A classification system was developed based on MIMA with an ensemble strategy tackling
the practical issue of hyperparameter tuning in Appendix E. Its classification performance
was evaluated over three cities, Munich, Mumbai, and New York. It outperformed three
other state-of-the-art large scale classification systems.

� An urban analysis of 42 major cities around the world was carried out in Appendix D and
Appendix E. Combined with a global population data set, 42 produced urban classifica-
tion maps were applied for analyzing the urban morphological structures and its related
population distributions. Eight urban patterns were identified from the 42 cites.

4.1 A Demonstration of Data Complementarity

This section discusses a fundamental question: ’why should one fuse optical and SAR
data?’. This question has been theoretically discussed in Section 2.1.4. In the following,
benefits of the fusion is demonstrated by experiments of a land cover land use classification
task.

4.1.1 Feature engineering
Feature engineering is a crucial prerequisite to data fusion for three reasons.

Power of discrimination. Feature engineering extracts features from a data source which
improves the representation capability of the original data for a certain purpose. It is the
discriminating power for classification tasks. This procedure has a vital influence on the
final performance of a classification and data fusion task.

Number of dimensions. Feature engineering should provides an appropriate number of
features. A small number of features might lead to insufficient discriminating power of
features. A large number of features leads to a well known problem of ’curse of dimensional-
ity’ (Donoho et al., 2000).

Credit of fusion. A data fusion strategy should demonstrate its superior performance
against single data usage. Therefore, the feature engineering of both cases should be identi-
cal for the purpose of comparison. Moreover, it should also grantee that the usage of single
data is at least close to its upper limit in terms of the feature design. In this case, it is persua-
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sive that the final superiority is contributed by the fusion strategy but not by the unexplored
potential of individual data set.

Due to above-mentioned reasons, before answering the question: ’why should one fuse op-
tical and SAR data?’, this part attempts to construct a persuasive baseline by carrying out
a reasonable feature engineering for each of the optical and SAR data.

4.1.1.1 Feature engineering of Sentinel-1 data
Feature engineering of Sentinel-1 data was comprehensively analyzed in Appendix A in
terms of a land cover land use classification scheme named local climate zone (Stewart and
Oke, 2012). The study was carried out on 29 major cities which locate on different conti-
nents, in different cultural regions, and in different environments.

Four types of features that are often reported in literature are investigated in this work. They
are polarimetric features, local statistical features, texture features, and morphological features.

Polarimetric features were reported being able to retrieve information of shapes, orientations,
dielectric properties and scattering procedures (Lee and Pottier, 2009; Moreira et al., 2013;
Schmitt et al., 2015). The ones employed in this study are intensity of VH (|SVH |2), intensity
of VV (|SVV |2), relative phase of VH and VV (actan2(〈SVHS∗VV 〉)), and normalized coherence
γ of VH and VV (Eq. 4.1),

γ =
〈SVHS∗VV 〉√
〈|SVH |2〉〈|SVV |2〉

, (4.1)

where SVV and SVH are the VV and VH complex elements in Eq. 2.1, and (∗) denotes complex
conjugate.

local statistical features, such as mean and variance, have been derived from remote sensing
images as features describing local neighborhood. It has been proven efficient in terms of
local climate zone classification in (Bechtel and Daneke, 2012; Yokoya et al., 2017). There-
fore, this work investigated a group of statistical indicators. They are: maximum, minimum,
mean, standard deviation, and median of a local neighborhood of 100 meter by 100 meter.
All these indicators are derived from each of the four polarimetric features.

Texture features were derived by GLCM. It has been proven efficient in SAR classification
in multiple studies (Zhu et al., 2012; Geng et al., 2015; Bechtel et al., 2016; Zhou et al.,
2018b; Tabib Mahmoudi et al., 2019). Therefore, GLCM statistical features including con-
trast, dissimilarity, homogeneity, angular second moment, maximum probability, entropy,
mean, variance, and correlation, are employed in this study.

Morphological features were extracted by morphological profile (MP) which was applied in
literature of optical classification (Benediktsson et al., 2005; Ghamisi et al., 2014), SAR
classification (Wurm et al., 2017), and classification of their fusion (Aravena Pelizari et al.,
2018). This study also took it into consideration.

As shown in Fig. 4.1, the combination of statistical features and morphological profiles had
the best performance. Therefore, this dissertation concludes from this study that the combi-
nation of statistical features and morphological profiles is a reasonable feature combination
of Sentinel-1 data which could be applied in further data fusion.

4.1.1.2 Feature engineering of hyperspectral data
Feature engineering of hyperspectral data is a well studied topic in literature. Among them,
spectral-spatial feature extraction is the most efficient and frequent practice (Fauvel et al.,
2012; Ghamisi et al., 2013; Zhao and Du, 2016; Zhang et al., 2016). In this dissertation, in
order to prepare a reasonable feature combination of hyperspectral data for further data
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Fig. 4.1. This chart demonstrates LCZ classification overall accuracy that are achieved by classifying indicated feature
combinations of Sentinel-1 data. The employed classifier is a canonical correlation forest (CCF). Training samples are
collected from 20 cities, and testing samples are collected from the other 9 cities.

fusion, it follows the well-proven spectral-spatial feature extraction strategy. More specifi-
cally, the feature engineering of hyperspectral data in this dissertation follows the strategy
appeared in (Ghamisi et al., 2013, 2014; Rasti et al., 2017). It carried out a dimension reduc-
tion on hyperspectral data to tackle the problem of ’curse of dimensionality’, meanwhile the
dimension-reduced data preserves the spectral information. It then derived spatial features
from the dimension-reduced data as a representation of spatial information. For joining
both information, they concatenated the dimension-reduced data and the derived spatial
features as a data cube. To follow this strategy, this dissertation applies a PCA-based dimen-
sion reduction and derives the morphological profiles as the spatial features.

This strategy is tested over the hyperspectral data of a scene for the city Berlin, Ger-
many (Okujeni et al., 2016). As shown in Table. 3, spectral-spatial feature combination had
the best performance in terms of overall accuracy and had a reasonable number of dimen-
sions. The experiment result supported the conclusions in multiple studies (Ghamisi et al.,
2013, 2014; Rasti et al., 2017). Therefore, this feature combination of the hyperspectral data
is applied in this dissertation for further fusions.

Table 3. This table demonstrates performance of feature combinations in terms of classification accuracy for the hyperspec-
tral data of the scene in the city Berlin, Germany (Okujeni et al., 2016). A random forest was employed as the classifier. HSI:
original hyperspectral data; HSI-PC: principal components of hyperspectral data; HSI-PC-MP: principal components of
hyperspectral data and derived morphological profiles. The number in the bracket parendissertation indicates the number
of features.

RF HSI [244] HSI-PC [4] HSI-PC-MP [28]

OA 0.6881 0.6704 0.7021

KAPPA 0.5283 0.5018 0.5437

4.1.2 Data complementarity
Having confirmed the feature engineering strategies, this part attempts to answer the ques-
tion ’why should one fuse optical and SAR data?’ by classification experiments over two
real world data sets.

The experiment classifies a land cover land use scheme over two scenes, one in the city
Berlin, Germany, and the other in the city Augsburg, Germany. Both data sets include
Sentinel-1 data and simulated space-borne hyperspectral data. The classification outcomes
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Table 4. This table demonstrates classification accuracy of using PolSAR data, hyperspectral data, and both data, on a
scene of city Berlin, Germany. Five classifiers were employed. The joint usage of two data sources outperforms usages of
individual data source, in terms of kappa coefficient, average accuracy, and overall accuracy, of every classifier and also
the mean overall accuracy.

Data Classifier Forest
Residential

Area

Industrial

Area

Low

Plants
Soil Allotment

Commercial

Area
Water KAPPA AA OA

Mean

OA

1NN 40.64 57.67 25.14 32.94 56.88 32.19 30.37 33.85 0.2927 38.71 48.92

56.76

LSVM 33.02 77.92 13.85 36.46 72.6 40.64 32.23 37.68 0.4012 43.05 60.94

PolSAR KSVM 34.36 69.94 20.38 30.61 68.27 38.62 32.79 42.82 0.3566 42.23 55.76

RF 35.61 72.3 25.63 28.66 66.38 43.9 37.87 45.39 0.3789 44.47 57.61

CCF 37.96 76.87 24.87 30.69 64.72 38.82 36.88 41.34 0.4035 44.02 60.56

1NN 68.78 63.87 30.01 57.58 90.73 55.76 32.86 73.89 0.4599 59.18 61.64

70.14

LSVM 69.2 82.5 18.55 65.7 79.06 53.59 44.77 72.81 0.585 60.77 73.48

HSI KSVM 72.58 78.68 35.43 63.74 74.18 56.87 31.58 74.29 0.5625 60.92 71.34

RF 66.65 79.64 30.25 57.44 75.33 47.77 35.17 78.1 0.5437 58.79 70.21

CCF 71 81.86 31.54 68.95 81.36 53.47 38.35 74.81 0.597 62.67 74.03

1NN 64.83 69.7 32.89 65.27 83.81 54.77 34.59 63.51 0.4975 58.67 65.44

73.73

LSVM 66.57 86.24 30.48 75.3 79.61 53.52 40.12 76.11 0.6329 63.49 76.93

HSI & PolSAR KSVM 67.27 80.93 41.78 64.02 72.37 57.58 33 74.6 0.5764 61.44 72.36

RF 63.46 84.99 37.79 74.38 82.72 56.26 40.61 82.09 0.6266 65.29 76.26

CCF 71.51 86.27 34.05 72.03 83.24 56.3 44.33 77.7 0.6445 65.68 77.67

are demonstrated in Table. 4 and 5. PolSAR data (PolSAR), hyperspectral data (HSI), and a
concatenation of both data (HSI & PolSAR), are classified by five different classifiers.

For both scenes, a classification based on two data sources outperforms classification us-
ing individual data source with all five classifiers, in terms of kappa coefficient, average
accuracy, and overall accuracy. The mean value of overall accuracy over the five classifiers
provides the same outcome.

Based on the intensive experiment, it is obvious that the data complementarity is benefiting
the classification application. Therefore, this dissertation provides the answer to the ques-
tion ’why should one fuse optical and SAR data?’ by a theoretical analysis in section 2.1.4
and an experiment demonstration in this section. The conclusion and experiments are parts
of the work represented in Appendix C.

Table 5. This table demonstrates classification accuracy of using PolSAR data, hyperspectral data, and both data, on a scene
of city Augsburg, Germany. Five classifiers were employed. The joint usage of two data sources outperforms usages of an
individual data source, in terms of kappa coefficient, average accuracy, and overall accuracy, of every classifier and also
the mean overall accuracy crossing classifiers.

Data Classifier Forest
Residential

Area

Industrial

Area

Low

Plants
Allotment

Commercial

Area
Water KAPPA AA OA

Mean

OA

1NN 64 35.88 38.8 55.02 22.54 38.9 18.66 0.2897 39.11 39.11

48.21

LSVM 86.93 46.44 39.15 73.17 25.37 44.29 21.8 0.3952 48.16 48.16

PolSAR KSVM 86.51 64.49 31.41 81.98 22.39 41.98 19.12 0.4131 49.7 49.7

RF 81.88 63.44 47.76 88.46 28.88 38.71 14.63 0.4396 51.97 51.97

CCF 82.29 61.85 47.8 88.37 30.34 38.07 16.1 0.4414 52.12 52.12

1NN 27.9 52.49 61.1 78.2 60.66 24.9 55.24 0.4341 51.5 51.5

51.33

LSVM 25.44 50.22 75.93 67.46 38.32 15.15 57.93 0.3841 47.21 47.21

HSI KSVM 31.2 65.2 70.71 86.37 55.98 20.8 54.63 0.4748 54.98 54.98

RF 25.59 58.29 70.29 84.34 40.41 15.98 52.98 0.4131 49.7 49.7

CCF 27.29 64.56 75.71 84.68 48.29 16.54 55.66 0.4546 53.25 53.25

1NN 34.76 58.17 55.93 84.56 57.73 34.9 54.88 0.4682 54.42 54.42

56.71

LSVM 31 65.95 73.29 83.85 36.9 25.07 42.85 0.4315 51.28 51.28

HSI & PolSAR KSVM 40.59 67.83 67.07 92.59 45.24 27.1 55.78 0.4937 56.6 56.6

RF 61.27 73.88 70.1 94.98 47.51 25.63 59.17 0.5542 61.79 61.79

CCF 46.07 75.63 78.05 95.51 58.07 18.49 44.22 0.5267 59.44 59.44
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4.2 A TDA Guided Manifold Alignment Data Fusion — the
MIMA algorithm

The previous section demonstrated the complementarity of optical and SAR data, namely
hyperspectral and PolSAR data. This section summarizes Appendix B which investigated the
fusion of optical and SAR data using manifold-based techniques and introduced a new semi-
supervised data fusion algorithm, Mapper-Induced Manifold Alignment (MIMA). MIMA
utilized recently emerged topological data analysis to model the underlying manifold of
data sets and accomplished the fusion by aligning those derived manifolds.

4.2.1 Semi-supervised manifold alignment
Wang and Mahadevan (2011) introduced a semi-supervised manifold alignment (SSMA) for
the task of data fusion. It retrieves the underlying manifold for each of the data sources
by using local connectivity, and pursues a latent space where the manifold of each data
source is preserved while manifolds are aligned by the guidance of annotated data. Tuia
et al. (2014) applied this idea on the fusion of multiple optical remote sensing images. Tuia
and Camps-Valls (2016) later upgraded SSMA with a kernel technique which is capable of
dealing complicated nonlinear alignment. The technique has been proven to be efficient for
data fusion. However, according to the author’s literature review, it has never been studied
for the fusion of optical and SAR data. Therefore, it is worthy to study the topic of fusing
optical and SAR data using manifold alignment techniques.

4.2.1.1 SSMA merits for the fusion
Optical and SAR data have a severe difference due to their imaging geometry and physical
measures. As mentioned in section 2.2.3, manifold alignment is capable of bridging gaps
between data domains, such as cross-lingual gap (Wang and Mahadevan, 2008). Therefore,
manifold alignment based technique is promising for the fusion in terms of bridging the
difference of optical and SAR data.

Thanks to the low dimensional essence of a manifold, manifold-based techniques are capa-
ble of finding a low dimensional representation of a high dimensional data. Moreover, the
technique is attractive for solving the fusion of optical and SAR data, because remote sens-
ing data often have a redundantly high dimension, especially for the hyperspectral data.

A manifold essentially represents relations of data samples in a data set, including samples
with and without annotation. Therefore, the semantic information carried by the labels is
propagated to samples without annotation via the manifold structure. It implicitly amplifies
the effect of annotated data. It is well known in remote sensing that labeled data is expensive
to access. Therefore, in terms of making the most usage of annotated data, semi-supervised
manifold alignment is also a promising option for the methodology.

4.2.1.2 An intuitive interpretation of SSMA
SSMA aims to optimize projections that map multiple data sources into a latent space. While
optimizing the projections, SSMA attempts to accomplish three goals: (a) pulling data of
the same label together; (b) pushing data of different label apart; and (c) preserving the
manifold structure of individual data source. These are three properties pursued for the
fused data. Targeting at (a) and (b) is equivalent to maximizing inter-class variance and
minimizing intra-class variance which benefits classification tasks. Targeting at (c) preserves
the intrinsic manifold of each data source, and implicitly propagates label information to
unlabeled data via connections of the labeled and unlabeled data. The following paragraphs
introduce SSMA in detail.
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4.2.1.3 The technical detail of SSMA
K data sources are {Xk ∈ Rnk | xk1,x

k
2, ...x

k
i , ...,x

k
Nk
} where {k = 1,2, ..., k, ...,K}, xki is an nk by 1

vector representing the ith data point of the kth data source, and Nk is the number of data
points in Xk. A subset of the kth data source Xks ⊂ Xk is equipped with labels Bk where bkj ∈ Bk

is the label of jth data point xks,j . Manifold alignment extracts an Nk by Nk adjacency matrix

Ak for Xk where Ak(i, j) = 1 if xki and xkj are connected, otherwise Ak(i, j) = 0. The adjacency

matrix Ak is interpreted as a representation of topological structure for Xk. A combined
adjacency matrix Ãt can be formed as (4.2) to represent topological structures of all data
sources.

Ãt =


A1 0 0

0 ... 0

0 0 AK

 (4.2)

Furthermore, with given labels, one can construct a similarity matrix (4.3) and a dissimilar-
ity matrix (4.4).

Ãs =


A1,1
s ... A1,K

s

... ... ...

AK,1
s ... AK,K

s

 (4.3)

where Ak,k′
s (i, j) = 1 if xki and xk

′

j have the same label, otherwise Ak,k′
s (i, j) = 0

Ãd =


A1,1
d ... A1,K

d

... ... ...

AK,1
d ... AK,K

d

 (4.4)

where Ak,k′

d (i, j) = 1 if xki and xk
′

j do not have the same label, otherwise Ak,k′

d (i, j) = 0

Intuitively, Eq. 4.2 represents topological structures of all K data sources in a combined
matrix, Eq. 4.3 connects data samples within a data source and across data sources as long
as they share a common label, and Eq. 4.4 marks data samples within a data source and
across data sources as long as they don’t share a common label.

Within the manifold alignment fusion, a projection fk maps data Xk into a joint manifold
while attempting to accomplish the three properties. Therefore, three terms are further for-
mulated.

A =
K∑
k=1

K∑
k′=1

Ni∑
i=1

Nj∑
j=1

‖fkxki − fk′x
k′
j ‖

2Ak,k′
s (i, j). (4.5)

Minimizing Eq. (4.5) pulls data of the same class together in the latent space, which meets
property (a).

B =
K∑
k=1

K∑
k′=1

Ni∑
i=1

Nj∑
j=1

‖fkxki − fk′x
k′
j ‖

2Ak,k′

d (i, j). (4.6)

Maximizing Eq. (4.6) pushes data of different classes apart, which suits property (b).
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C =
K∑
k=1

Ni∑
i=1

Nj∑
j=1

‖fkxki − fkxkj ‖
2Ak

t (i, j). (4.7)

Minimizing Eq. (4.7) preserves the topological structure of individual data set, correspond-
ing to property (c). To simutanously achieve these three goals, a cost function is formulated
as Eq. (4.8) to be minimized.

L(f1, ..., fK ) = (A+ C)/B, (4.8)

Proven in (Wang and Mahadevan, 2009a, 2011), the solution f1, ...,fK that minimizing the
cost function L(f1, ...,fK ) is the eigenvectors corresponding to smallest non-zero eigenvalues
of the generalized eigenvalue decomposition of (4.9).

Z(µLt + Ls)Z
T f = λZLdZT f, (4.9)

where Z =


X1 ... 0

... ... ...

0 ... XK

, L is the Laplacian matrix Lu = Ãu−Du , u ∈ {s,d, t}, and D is the degree

matrix Du(i, i) =
∑N1+N2+...+NK
j=1 Ãu(i, j) and Du(i, j) = 0 when i , j.

As long as projections f1, ...,fK are achieved, K data sources can be projected onto the fused
manifold.

4.2.2 Topological method of data analysis — MAPPER
Singh et al. (2007) introduced MAPPER as a mathematical tool of data analysis. It attempts
to reveal relevant information by analyzing the shape of data from a topological perspective.
MAPPER mainly consists of three parts. To summarize MAPPER for an acceptable interpre-
tation, this part provides an intuitive explanation, a mathematical explanation, and a high
level interpretation, with an intuitive example shown in Fig. 4.2.

4.2.2.1 An intuitive explanation

� Filter function. Filter function emphasises one aspect of a data, such as geometric shape,
physical insight, and so on. MAPPER observes topological structure of the data from the
perspective of selected filter function. For the data in Fig. 4.2, the filter function is the
horizontal distance to the wrist. Fig 4.2 (B) colorized data points using filtered values.

� Data separation. Given an overlap percentage and a number of intervals, MAPPER divides
the filtered values into sequential overlapped intervals as in Fig. 4.2 (C). Correspondingly,
data points are assigned to sequential overlapped data intervals as shown Fig. 4.2 (D).
Data in intervals have the same dimension as the original data.

� Clustering and visualization. Data in each interval are clustered. Clusters might include
common data points due to overlapping. MAPPER constructs a graph where a node rep-
resents a cluster, and an edge links two clusters sharing data points. The graph serves as
a topological structure of the data. For example, the graph in Fig. 4.2 (E) is a topological
structure of a human hand data that is derived by MAPPER.
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Data space X Filtering space Z 

f: X     Z  

f-1(Uα) Covering of X 

Clustering 

Z 

U 

p: U     Z 

U: Covering of Z 

f-1(U) 

(A) (B) 

(C) 

(D) 

(E) 

Fig. 4.2. MAPPER Workflow of deriving topological structure of data with an example of a human hand data. (A): Data
space X, point cloud data of a human hand; (B): Filtered space Z, points colorized by the filter value; Filter function f :
assigning data points with their horizontal distances to the right end; (C): U covering of Z, overlapped intervals of the
filtered value; (D): f −1(Uα) covering of X, separating original data into bins according to intervals in (C), data in bins
remain their original dimension; (E) f −1(Uα) covering of X, achieved by clustering bins of data. Modified from (Lum et al.,
2013).

4.2.2.2 A theoretical explanation
First of all, the concept of covering in topology has to be explained. Munkres (2014) ex-
plained it as: let p : U → Z be continuous and surjective. If every point z of Z has a neigh-
borhood C that is evenly covered by p, then p is called a covering map, and U is defined
to be a covering space of Z, then p is a local homeomorphism of U with Z. It means that,
in terms of function p, the preimage in U and the image in Z share the same topological
properties locally.

� Filter function. A continuous function f : X → Z projects space X to another space Z, as
from Fig. 4.2 (A) to Fig. 4.2 (B).

� Data separation. The space Z in Fig. 4.2 (B) is equipped with a covering space U in
Fig. 4.2 (C). Assuming that covering space U is a k-simplex spanned by a set {α1,α2, ...,αk}
so that U = {Uα}, since f is continuous, f −1(Uα) forms a covering of space X and could be
used to represent topological space X of given data, as Fig. 4.2 (D).

� Clustering and visualization. The set {α1,α2, ...,αk}, as the vertices of k-simplex, are k con-
nected components in topological space X which are separated clusters. Thus, f −1(Uα) is
achieved to represent data space X, as shown in Fig 4.2 (E).

For readers interested in more mathematical details, please refers to (Singh et al., 2007) and
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Appendix B.

4.2.2.3 A high level interpretation
Topology is an art of simplification. It ignores complicated content in a data but focuses on
one specific aspect. As in conventional manifold learning, modelling topological structure
mainly focuses on the aspect of local properties. However, MAPPER puts an emphasis on an
additional aspect which is pointed by the selected filter function.

4.2.3 MAPPER-Induced Manifold Alignment — MIMA
In SSMA, local property is derived by a κ nearest neighborhood (Wang and Mahadevan,
2011). The value of κ is reported as a choice of empirical trials (Tuia et al., 2014). Apart
from the fact that no optimal strategy is available for choosing a value of κ, the κ itself is
a hard threshold that would be applied to the whole data. However, MAPPER derives local
structures by clustering. Especially, a modified version of MAPPER in the proposed MIMA
algorithm applied spectral clustering (Von Luxburg, 2007) for deriving local structures. The
spectral clustering have been proven as an optimized graph-cut that is capable of unbiased
grouping (Shi and Malik, 2000) and have an eigen-gap strategy of deciding the number of
clusters (Ng et al., 2002). Therefore, the local structure derived by MIMA is a data-driven
and optimized local structure.

Besides local structures, MAPPER analyzes the data from an perspective defined by a given
filter function. It provides a technical interface for cooperating field knowledge.

At the last, with the help of sequential overlapping data intervals, MAPPER derives a
regional-to-global topological structure. For the complex remote sensing data, especially SAR
data, MIMA derived structure is more robust to outliers than one derived by κ nearest neigh-
bor.

In MIMA, a MAPPER derived topological structure is embedded into SSMA to accomplish
the fusion of optical and SAR data. The topological structure of data source Xk derived by
MAPPER can be represented as a Nk ×Nk matrix Ak

m, where Nk is the number of instances
in Xk, and Ak

m(i, j) = 1, when data instances xki and xkj are in the same cluster or in linked

clusters, otherwise, Ak
m(i, j) = 0. In MIMA, the topological matrix Ãt in equation (4.2) is

replaced by Ãm (4.10).

Ãm =


A1
m 0 0

0 ... 0

0 0 AK
m

 . (4.10)

The detailed steps of MIMA are summarized in Algorithm 1 in which OLR, NBI , and f
represent overlapping rate, number of intervals, and a selected filter function.

4.2.4 Evaluation of MIMA for classification tasks
To evaluate the performance of MIMA, it was tested with two data fusion and classification
tasks. Two real world data sets were applied. They are a scene of the west part of the city
Berlin for a land cover land use (LCLU) classification (Fig. 4.3), and a scene of the whole city
Berlin for a LCZ classification (Fig. 4.4).
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Forest Residential Industrial Low Plants soil Allotment Commercial Water

area area area

Fig. 4.3. A land cover land use classification data set of a scene in the west of city Berlin, Germany. From left to right:
RGB components of simulated EnMAP data (Okujeni et al., 2016); A false RGB image of Sentinel-1 dual-Pol data; LCLU
training set; LCLU testing set.
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Low plants

Bare soil or sands

Water

Fig. 4.4. A LCZ classification data set of a scene for the city Berlin, Germany. From left to right, first row: RGB components
of LandSat-8 data; RGB component of Sentinel-1 dual-Pol data; second row: LCZ training set; LCZ testing set.
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Algorithm 1 MIMA Algorithm

1: procedure MAPPER(Xk; OLR; NBI ; f )
2: finding the parameter space Xkf
3: dividing Xkf into NBI intervals with OLR% sequential overlapping
4: dividing X into correspoinding intervals
5: for all data in NBI intervals do
6: Spectral clustering (Ng et al., 2002)
7: end for

8: Ak
m(i, j) =


1, if xki and xkj in the same cluster;
1, if xki and xkj in the linked clusters;
0, otherwise.

9: Return Ak
m

10: end procedure
11: procedure MIMA({(Xk ,Bk)|(k = 1,2, ...,K)}; OLR; NBI ; f )
12: for all k ∈ {1,2, ...,K} do
13: {Xk ,Bk} → Ãs similarity matrix E.q. (4.3)
14: {Xk ,Bk} → Ãd dissimilarity matrix E.q. (4.4)
15: MAPPER(Xk; OLR; NBI ; f )→ Ãm MAPPER topology E.q. (4.10)
16: end for
17: Constructing loss function E.q. (4.8) with Ãs,Ãd , andÃm
18: Optimizing projections {f1,f2, ...,fK } by solving E.q. (4.9)
19: for all k ∈ {1,2, ...,K} do
20: X̃k = Xkfk
21: end for
22: Return {X̃k |(k = 1,2, ...,K)}
23: end procedure

4.2.4.1 Algorithms for Comparison
In this evaluation, MIMA is compared to COSPACE (Hong et al., 2019a), LeMA (Hong
et al., 2019b), LPP (He and Niyogi, 2004), Semi-supervised version of LPP (LPP-SE), and
SSMA (Tuia et al., 2014). The concept of all these algorithms fall into the categoriy of man-
ifold learning, yet they can be categorized into three sub-groups, (1) joint dimension re-
duction fusion (LPP and LPP-SE), (2) label-driven manifold alignment fusion (COSPACE
and LeMA), and (3) partial label-driven manifold alignment fusion (SSMA and MIMA). The
joint dimension reduction fusion stacks data as a high dimension data and applies a dimen-
sion reduction. The label-driven manifold alignment carries out data fusion based on the
guidance of existed label. As a result, the label has a strong impact. The partial label-driven
manifold alignment considers data structures and label information at the same time.

A quantitative comparison is demonstrated by classification performance in terms of overall
classification accuracy. Three different classifiers are employed in the experiments which
are κ nearest neighbor classifier (KNN), a linear support vector machine (LSVM), and a
Gaussian kernel support vector machine (KSVM).
4.2.4.2 Results and Discussion

Fig. 4.5 demonstrates classification overall accuracy achieved by applying three classifiers
on fused data of different algorithms. First, it is obvious that MIMA performs the best. Sec-
ond, the partial label-driven manifold alignment outperforms the other two fusion strate-
gies, it means a combination of data structures and label information is beneficial to LCLU
classification.
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Fig. 4.5. Classification performance in terms of overall accuracy (OA) for the experiments applied on the Berlin LCLU data
set. Charts show classification results of three classifiers, from left to right, KNN, LSVM, and KSVM.

Fig. 4.6. Classification performance in terms of overall accuracy (OA) for the experiments applied on the Berlin LCZ data
set. Charts show classification results of three classifiers, from left to right, KNN, LSVM, and KSVM.

Fig. 4.6 demonstrates the LCZ classification accuracy. It is obvious that LeMA performs
the best and MIMA has the second best performance. LCZ is a challenging classification
scheme (Hu et al., 2018; Demuzere et al., 2019) with a comparatively strong semantic con-
tent. Therefore, data structures is less helpful than label information. On this regard, LeMA
has a strategy of selecting pseudo-label which have a high probability to be correctly la-
beled. In classification evaluation of LeMA, those correct-prone pseudo-label were also used
for training classifiers. In the case of evaluatioin of LCZ task, among original classification
setting of 3170 training samples and 18205 testing samples, 1231 samples out of the test-
ing samples were given pseudo-label by LeMA and were utilized for training classifiers. It
increased training samples by 38.83% and occupied 6.76% of the testing data for valida-
tion. The author believes that this change in classification setting had a big contribution
to the fact that LeMA outperforms the other algorithms with a considerable margin in the
experiment of LCZ data set.

To sum up, according to the evaluation, it proves that MIMA is practically powerful on effi-
ciently combining data structures and label information for data fusion and classification.

4.3 A Comparative Review of Manifold Data Fusion Algo-
rithms

This section is mainly a summary of Appendix C. It comparatively reviewed manifold-based
data fusion techniques in terms of their performance on the fusion and classification of
hyperspectral and PolSAR data. It mainly discussed the impacts of two important factors
regarding manifold data fusion: fusion domains and supervision strategies. The review also
included proposed algorithm MIMA in the comparison. This section can be also treated as a
comprehensive evaluation of MIMA.
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4.3.1 Land cover land use data sets

Two data sets consisting of hyperspectral data and dual-Pol SAR data are used for the com-
parison of algorithms. One of them is the Berlin LCLU data set that is shown in Fig. 4.3.
The other data set is a scene for the city of Augsburg, Germany, as shown in Fig. 4.7. Both
data sets consist of simulated space-borne hyperspectral data, Sentinel-1 dual-Pol data, and
ground reference data of land cover land use classes.

Forest Residential Industrial Low Allotment Commercial Water

area area plants area

Fig. 4.7. The Augsburg LCLU data set. From left to right, top to bottom: RGB components of the hyperspectral image;
Sentinel-1 dual-Pol data; The training data; The testing data.

4.3.2 Fusion domain and supervision strategy

I implemented 14 variants of four data fusion algorithms which embrace two important re-
search questions in manifold-based fusion of hyperspectral and PolSAR data: (1) in which
domain should the fusion procedure be carried out — data domain or manifold domain; and
(2) how to make use of existing labeled data when formulating a graph to represent a man-
ifold — supervision, semi-supervision, or un-supervision.
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Table 6. Quantitative performance comparison on the Berlin data, in terms of class-specific accuracy, kappa coefficient,
average accuracy, overall accuracy, and mean overall accuracy. The mean overall accuracy is calculated from five overall
accuracy achieved by using different classifiers. Hyperparameter selection is achieved by grid searching. The kappa coef-
ficient, average accuracy, and the overall accuracy that larger than 0.66, 65%, and 79% are marked in bold. And the three
highest mean overall accuracy are also marked in bold. The SU, SE, and UN following abbreviations of algorithms repre-
sent supervision, semi-supervision, and un-supervision, respectively. Algorithm MIMA used principal component as filter
function, while MIMAD used data density as filter function.

Algorithm Classifiers Forest
Residential

Area

Industrial

Area

Low

Plants
Soil Allotment

Commercial

Area
Water KAPPA AA OA

Mean

OA

HSI+POL

1NN 64.83 69.7 32.89 65.27 83.81 54.77 34.59 63.51 0.4975 58.67 65.44

73.73

LSVM 66.57 86.24 30.48 75.3 79.61 53.52 40.12 76.11 0.6329 63.49 76.93

KSVM 67.27 80.93 41.78 64.02 72.37 57.58 33 74.6 0.5764 61.44 72.36

RF 63.46 84.99 37.79 74.38 82.72 56.26 40.61 82.09 0.6266 65.29 76.26

CCF 71.51 86.27 34.05 72.03 83.24 56.3 44.33 77.7 0.6445 65.68 77.67

1NN 69.53 69.07 34.56 66.09 80.27 57.51 32.18 64.56 0.5009 59.22 65.65

74.18

LSVM 70.1 87.05 32.52 70.97 79.26 58.88 36.48 72.61 0.6354 63.48 77.27

LPP UN KSVM 71.19 85.77 41.43 70.95 82.36 53.97 30.77 72.68 0.6297 63.64 76.69

RF 56.2 85.87 28.9 69.28 76 49.9 38.64 67.07 0.5874 58.98 74.25

CCF 68.41 86.68 34.35 71.96 80.07 54.07 37.54 75.93 0.6325 63.63 77.04

1NN 63.86 67.04 34.79 71.42 79.06 54.39 28.17 72.32 0.4817 58.88 64.25

71.26

LSVM 64.41 81.51 34.12 70.1 81.56 56.74 29.1 71.38 0.578 61.11 72.9

LPP SU KSVM 67.06 81.6 43.96 72.17 82.34 57.81 25.04 69.69 0.5908 62.46 73.77

RF 64.71 80.89 30.98 65.55 72.26 55.27 32.9 69.36 0.5596 58.99 71.67

CCF 64.25 81.99 33.72 74.47 75.59 55.89 33.77 69.76 0.5883 61.18 73.7

1NN 68.22 72.17 38.92 73.21 73.43 58.09 30.65 74.02 0.5327 61.09 68.26

73.52

LSVM 64.68 85.37 38.15 74.36 79.63 59.18 29.75 77.41 0.6194 63.57 76.04

LPP SE KSVM 69.02 81.93 41.67 70.74 77 59.76 30.77 76.17 0.6001 63.38 74.15

RF 66.96 83.15 29.66 72.12 66.45 56.39 34.17 74 0.5919 60.36 74.03

CCF 64.86 85.09 34.63 71.85 66.83 56.05 34.33 75.05 0.6044 61.09 75.12

1NN 69.28 71.37 36.65 66.54 83.51 56.94 31.34 63.82 0.5186 59.93 67.17

75.31

LSVM 68.11 88.76 34.14 76.11 79.29 54.93 36.54 75.14 0.655 64.13 78.7

GGF UN KSVM 72.18 84.64 37.08 70.29 81.88 57.25 34.49 74.44 0.6254 64.03 76.15

RF 68.97 86.55 29.13 70.39 81.23 49.45 41.85 62.88 0.6242 61.31 76.58

CCF 70.53 87.51 31.29 76.34 70.86 51.95 42.06 67.95 0.6448 62.31 77.98

1NN 65.57 69.99 37.73 68.89 80.13 51.96 28.71 76.62 0.5013 59.95 66.05

71.59

LSVM 63.6 82.87 36.49 69.8 82.34 56.58 29.62 76.22 0.5906 62.19 73.77

GGF SU KSVM 69.99 80.63 46.43 60.43 77.21 53.92 25.15 78.77 0.5695 61.57 71.98

RF 62.01 81.42 32.09 67.3 74.08 53.3 38.83 65.17 0.5678 59.28 72.17

CCF 65.54 83.4 31.38 70.58 72.26 51.15 37.02 68.24 0.5906 59.95 74

1NN 66.96 70.63 36.07 69.65 80.62 55.65 29.49 76.35 0.5119 60.68 66.77

72.40

LSVM 63.06 83.52 37.69 73.01 81.94 55.48 29.11 79.87 0.6007 62.96 74.54

GGF SE KSVM 70.19 82.26 41.52 67.92 80.35 54.38 31.22 82.51 0.5988 63.79 74.19

RF 65.27 80.56 34.49 67.01 75.85 54.57 38.72 66.98 0.5716 60.43 72.21

CCF 60.15 83.94 35.07 74.18 74.3 51.22 35.51 68.64 0.5942 60.37 74.29

1NN 69.83 73.8 38 75.68 69.64 60.09 29.41 72.27 0.5474 61.09 69.54

76.40
LSVM 65.49 86.97 37.63 79.08 80.06 55.63 34.46 73.37 0.6445 64.09 77.77

SSMA SE KSVM 69.38 85.81 37.49 78.3 80.54 55.42 33.29 73.21 0.6405 64.18 77.39

RF 64.5 90.08 30.25 77.68 65.58 49.41 36.85 67.95 0.644 60.29 78.45

CCF 66.66 89.12 33.05 79.51 68.95 54.91 39.47 71.01 0.6557 62.84 78.89

1NN 68.46 69.61 32.87 72.87 78.51 54.88 34.76 67.95 0.5159 59.99 66.68

75.13

LSVM 66.86 87.58 35.97 77.55 78.59 55.44 36.3 76.15 0.649 64.3 78.1

SSMA UN KSVM 70.55 85.61 36.23 74.18 79.83 57.57 35.55 73.14 0.6346 64.08 76.97

RF 58.91 87.37 26.35 69.77 80.7 53.14 41.94 60.71 0.6079 59.86 75.74

CCF 67 88.05 33.05 74.11 81.85 55 41.91 70.52 0.6467 63.94 78.14

1NN 69.88 71.34 34.87 68.69 71.01 57.88 32.38 73.52 0.5199 59.94 67.21

75

LSVM 67.56 86.73 38.76 79.67 77.21 56.87 32.27 75.45 0.6457 64.31 77.85

SSMA SU KSVM 71.6 83.96 35.72 75.92 61.57 59.59 37.1 72.65 0.6204 62.26 75.84

RF 60.53 87.82 33.22 77.13 70.16 52.42 38.82 63.66 0.6242 60.47 76.94

CCF 64.09 88.37 30.57 76.73 62.56 51.86 36.99 59.9 0.6257 58.89 77.14
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Table 6. Cont.

Algorithm Classifiers Forest
Residential

Area

Industrial

Area

Low

Plants
Soil Allotment

Commercial

Area
Water KAPPA AA OA

Mean

OA

1NN 69.91 70.2 33.39 69.63 61.94 53.49 35.07 68.62 0.5055 57.78 66.26

76.22
LSVM 67.76 84.97 36.22 78.36 79.08 57.74 38 70.25 0.6328 64.05 76.85

MIMA KSVM 71.06 84.24 41.01 76.11 69.87 55.82 32.97 68.97 0.6233 62.51 76.11

RF 65.1 90.31 32.54 80 82.77 50.79 35.08 71.01 0.6642 63.45 79.6

CCF 70.86 88.06 36.54 80.42 76.88 57.21 39.61 73.21 0.667 65.35 79.36

1NN 72.57 68.39 35.96 70.18 79.27 62.58 30.73 67.41 0.513 60.89 66.25

75.85

LSVM 68.21 88.59 36.62 74.6 80.79 55.87 29.86 76.08 0.6495 63.83 78.29

MIMA UN KSVM 71.78 87.1 36.85 73.13 82.31 58.05 31.79 73.14 0.6449 64.27 77.81

RF 67.92 88.44 27.36 77.22 81.32 50.9 35 61.04 0.6417 61.15 78.08

CCF 71.06 88.19 29.72 77.55 79.81 55.71 39.99 69.67 0.658 63.96 78.86

1NN 71.31 72.3 35.31 74.51 76.66 57.37 33.48 71.84 0.5423 61.6 68.92

76.75
LSVM 67.59 86.85 36.8 81.07 78.3 56.4 38.97 75.88 0.6549 65.23 78.38

MIMA-D KSVM 70.01 85.33 36.79 78.84 78.52 56.83 36.44 76.08 0.6425 64.86 77.37

RF 67.02 89.85 33.09 80.46 83.21 50.61 37.95 74.27 0.6698 64.56 79.81

CCF 68.91 89.18 34.79 78.63 75.48 51.74 39.85 69.45 0.6628 63.5 79.28

1NN 72.57 68.39 35.96 70.18 79.27 62.58 30.73 67.41 0.513 60.89 66.25

75.52

LSVM 68.21 88.59 36.62 74.6 80.79 55.87 29.86 76.08 0.6495 63.83 78.29

MIMA-D UN KSVM 71.78 87.1 36.85 73.13 82.31 58.05 31.79 73.14 0.6449 64.27 77.81

RF 67.92 88.44 27.36 77.22 81.32 50.9 35 61.04 0.6417 61.15 78.08

CCF 71.06 88.19 29.72 77.55 79.81 55.71 39.99 69.67 0.658 63.96 78.86

Table 7. Quantitative performance comparison on the Augsburg data, in terms of class-specific accuracy, kappa coefficient,
average accuracy, overall accuracy, and mean overall accuracy. The mean overall accuracy is calculated from five overall
accuracy achieved by using different classifiers. Hyperparameter selection is achieved by grid searching. The kappa coef-
ficient, average accuracy, and the overall accuracy that larger than 0.56, 62.5%, and 62.5% are marked in bold. And the
three highest mean overall accuracy are also marked in bold. The SU, SE, and UN following abbreviations of algorithms
represent supervision, semi-supervision, and un-supervision, respectively. Algorithm MIMA used principal component as
filter function, while MIMAD used data density as filter function.

Algorithm Classifiers Forest
Residential

Area

Industrial

Area

Low

Plants
Allotment

Commercial

Area
Water KAPPA AA OA

Mean

OA

1NN 34.76 58.17 55.93 84.56 57.73 34.9 54.88 0.4682 54.42 54.42

56.71

LSVM 31 65.95 73.29 83.85 36.9 25.07 42.85 0.4315 51.28 51.28

HSI+POL KSVM 40.59 67.83 67.07 92.59 45.24 27.1 55.78 0.4937 56.6 56.6

RF 61.27 73.88 70.1 94.98 47.51 25.63 59.17 0.5542 61.79 61.79

CCF 46.07 75.63 78.05 95.51 58.07 18.49 44.22 0.5267 59.44 59.44

1NN 44.9 60.61 53.29 86.56 61.37 34.76 56.32 0.4963 56.83 56.83

57.42

LSVM 28.17 64.93 76.63 81.54 38.27 17.88 53.93 0.4356 51.62 51.62

LPP UN KSVM 40.98 67.98 73.49 92.32 45.49 22.68 53.66 0.4943 56.66 56.66

RF 73.66 66.15 65.8 89.54 51.24 25.78 55.17 0.5456 61.05 61.05

CCF 59.63 70.71 72.8 92.2 51.9 22.78 56.51 0.5442 60.93 60.93

1NN 31.93 55.83 56.95 78.51 49.07 33.98 42.76 0.415 49.86 49.86

52.97

LSVM 40.85 63.1 63.29 87.46 49.17 32.61 36.05 0.4542 53.22 53.22

LPP SU KSVM 54.24 63.93 66.32 87.2 45.05 28.49 29.41 0.4577 53.52 53.52

RF 44.46 60.93 62.78 90.07 44.15 30.95 41.88 0.4587 53.6 53.6

CCF 52.07 62.15 64.66 90.17 44.24 28.88 40.51 0.4711 54.67 54.67

1NN 49.76 59.15 53 85.05 60.98 40.05 55.15 0.5052 57.59 57.59

56.06

LSVM 43.49 65.51 77.22 85.07 40.76 20.8 41.05 0.4565 53.41 53.41

LPP SE KSVM 37.66 71.27 75.22 93.22 48.44 20.54 45.49 0.4864 55.98 55.98

RF 27.17 63.22 72.2 91.78 54.46 26.54 55.66 0.485 55.86 55.86

CCF 47.2 66.46 73.22 90.93 56.07 23.27 45.17 0.5039 57.47 57.47
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Table 7. Cont.

Algorithm Classifiers Forest
Residential

Area

Industrial

Area

Low

Plants
Allotment

Commercial

Area
Water KAPPA AA OA

Mean

OA

1NN 41.37 57.22 49.68 82.63 61.61 38.2 56.32 0.4784 55.29 55.29

55.81

LSVM 29.17 63.76 74.83 82.12 36.54 19.71 56.71 0.438 51.83 51.83

GGF UN KSVM 34.51 69.22 73.71 92.34 45.32 23.9 59.61 0.4977 56.94 56.94

RF 60.22 65.61 61.29 89.73 46.46 31.78 56.56 0.5194 58.81 58.81

CCF 47.9 70.9 72.22 92.44 43.34 23.05 55 0.5081 57.84 57.84

1NN 31.93 55.83 56.95 78.51 49.07 33.98 42.76 0.415 49.86 49.86

53.36

LSVM 40.85 63.15 63.29 87.46 49.2 32.61 36.05 0.4543 53.23 53.23

GGF SU KSVM 51.17 64.07 65.46 86.78 44.37 30.9 31.49 0.4571 53.46 53.46

RF 44.93 61.05 60.15 89.93 42.88 32.68 45.02 0.4611 53.8 53.8

CCF 51.2 62.61 66.93 90.24 46.78 28.76 48.59 0.4918 56.44 56.44

1NN 44.8 58.17 63.32 84.54 56.05 32.95 46.83 0.4778 55.24 55.24

56.19

LSVM 53.02 66.54 66.95 84.61 47.27 29.41 31.88 0.4661 54.24 54.24

GGF SE KSVM 67.54 68.24 66.8 87.12 41.32 23.98 24.41 0.4657 54.2 54.2

RF 42.88 64.9 68.07 92.56 56.68 26.63 56.54 0.5138 58.32 58.32

CCF 47 65.83 67.88 92.51 57.29 27.07 55.15 0.5212 58.96 58.96

1NN 30.88 58.68 61.39 82.05 77.27 27.78 54.02 0.4868 56.01 56.01

57.52
LSVM 26.22 66.63 78.2 72.44 42.9 16.1 55.27 0.4296 51.11 51.11

SSMA SE KSVM 31.44 69.54 78.8 93 59.05 17.73 53.76 0.5055 57.62 57.62

RF 75.34 72.15 64.66 91.61 48.88 30.12 43.24 0.5433 60.86 60.86

CCF 65.85 73.24 72.61 93.61 55 23.8 50.05 0.557 62.02 62.02

1NN 31.61 56.85 57.29 80.71 73.98 26.61 54.83 0.4698 54.55 54.55

56.54

LSVM 26.51 67.12 76.8 73.78 41.07 15.71 55.83 0.428 50.98 50.98

SSMA UN KSVM 32.56 68.2 74 89.29 58.63 18.88 55.32 0.4948 56.7 56.7

RF 75.15 67.93 63.17 87.93 44.29 31 50.83 0.5338 60.04 60.04

CCF 75.27 69.07 60.95 89.83 50.07 32.41 45.56 0.5386 60.45 60.45

1NN 26.71 52.78 61.15 80.22 69.93 26.07 54.46 0.4522 53.05 53.05

54.53

LSVM 25.2 57.2 77.56 70.29 36.85 16.68 53.76 0.3959 48.22 48.22

SSMA SU KSVM 28.68 60.68 74.83 87.9 56.2 17.46 50.39 0.4602 53.74 53.74

RF 49.76 67.1 67.12 91.9 47.27 28.85 54.32 0.5105 58.05 58.05

CCF 64.07 69.12 66.78 92.41 52.39 27.63 44.63 0.5284 59.58 59.58

1NN 27.68 57.07 62.56 81.39 72.17 26.46 55.51 0.4714 54.69 54.69

58.01
LSVM 23.61 71.93 78.63 79.98 44.29 13.76 54.51 0.4445 52.39 52.39

MIMA KSVM 34.15 68.12 72.9 92.27 53.51 22.07 59.34 0.5039 57.48 57.48

RF 66.22 76.88 65.51 92.8 47.78 26.27 59.02 0.5575 62.07 62.07

CCF 76.78 77.49 65.12 92.73 50 28.78 53.15 0.5734 63.44 63.44

1NN 34.34 55.24 54.85 80.76 71.41 28.44 53.39 0.4641 54.06 54.06

56.56

LSVM 28.39 67.78 76.05 74.17 40.73 19.22 53.02 0.4323 51.34 51.34

MIMA UN KSVM 31.9 68.12 74.78 90.78 59.44 20.1 57.9 0.505 57.57 57.57

RF 58.95 66.54 71.76 89.68 51.68 25.24 42.68 0.5109 58.08 58.08

CCF 83.71 67.61 68.07 89.73 57.98 27.68 37.37 0.5536 61.74 61.74

1NN 28.76 57.63 62.68 80.22 74.83 24.98 55.49 0.4743 54.94 54.94

56.5

LSVM 25.27 67.44 78.46 73.29 39.85 15.41 52.17 0.4198 50.27 50.27

MIMA-D KSVM 33.12 68.95 70.41 92.8 55.8 20.05 60.59 0.5029 57.39 57.39

RF 52.54 72.27 73.56 92.24 49.83 24.29 47.71 0.5207 58.92 58.92

CCF 55.51 73.66 72.98 92.85 53.61 24.05 54.22 0.5448 60.98 60.98

1NN 34.93 56.02 56.54 80.46 75.29 26.39 54.41 0.4734 54.86 54.86

60.29
LSVM 87.22 55.24 48 57.41 36.2 41.95 54.41 0.4674 54.35 54.35

MIMA-D UN KSVM 35.27 67.93 77.54 91.83 66.56 17.37 54.73 0.5187 58.75 58.75

RF 82.95 65.17 58.12 88.41 54.32 34.05 56.63 0.5661 62.81 62.81

CCF 78.54 72.29 65.85 92.63 49.88 26.68 53.56 0.5657 62.78 62.78
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4.3.2.1 Fusion domain
Manifold data fusion algorithms that are chosen in this work are LPP (He and Niyogi, 2004),
generalized graph fusion (GGF) (Liao et al., 2014), SSMA (Wang and Mahadevan, 2011; Tuia
et al., 2014), and MIMA (Hu et al., 2019). The LPP and GGF concatenate different data as
one high dimensional data and execute a dimension reduction. Essentially, they assume an
underlying manifold existing in the concatenated data. Therefore, the fusion procedure is
carried out in data domain. On the other hand, the SSMA and MIMA assume each data set
having an underlying manifold. They first extract a manifold from each of the data sets, and
fuses the derived manifolds. The fusion procedure is carried out in manifold domain.

4.3.2.2 Supervision strategy
When approximating a manifold underlying a data, one can model it by only using la-
bels (supervision), only using data structures (unsupervision), or jointly using labels and data
structures (semi-supervision). The implemented 14 variants of the four fusion algorithms
enables discussing the impacts of the three supervision strategies.

4.3.3 Result and discussion
In the experiments, all algorithms were tested on the two data sets. Five different classifiers
were employed for the LCLU classification. They are nearest neighbor classifier (Friedman
et al., 1976), linear SVM (LSVM) (Cristianini et al., 2000; Scholkopf and Smola, 2001), Gaus-
sian kernel SVM (KSVM) (Cristianini et al., 2000; Scholkopf and Smola, 2001), random
forest (RF) (Breiman, 2001), and canonical correlation forest (CCF) (Rainforth and Wood,
2015).

Regarding fusion domain, as mean OAs demonstrated in Table. 6 and Table. 7, manifold
domain fusion (SSMA and MIMA) generally outperform data domain fusion (LPP and GGF).
It refers that manifold domain fusion is more suitable for the fusion of hyperspectral and
PolSAR data. The reason might be that, for this data fusion, it is more reasonable to fuse
manifolds of data sets than assuming the concatenated data has an underlying manifold.
Due to the severe difference of the two data, a joint manifold might be too complicated to
approximate. Therefore, fusing hyperspectral and PolSAR data at an early stage is not an
appropriated fusion strategy.

Regarding supervision strategy, according to mean OAs in Table. 6 and Table. 7, impact
of supervision strategy has an obvious pattern. For the fusion in data domain (LPP and
GGF), by sorting in a decreasing order in terms of classification performance, the super-
vision strategies have an sequence of un-supervision, semi-supervision, and supervision.
For manifold domain fusion, by the same sorting, the sequence is semi-supervision, un-
supervision, and supervision. The discussion mainly focus on the case of manifold domain
fusion since it is more reasonable for the fusion of the dual-Pol SAR data and hyperspec-
tral data. The semi-supervision is better because it utilizes both label information and data
structures. Implicitly, the label information is able to propagate to unlabeled data via the
local connections in derived data structures.

For conclusion, data domain fusion has a poorer performance than manifold domain fusion,
and it is not able to efficiently cooperate label information and data structure. It might be
too complicated for a data domain fusion model to deal with gaps among hyperspectral
data, PolSAR data, and label information simultaneously. On the other hand, manifold do-
main fusion is able to efficiently cooperate information from both data sources and label
information at the same time.
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4.4 An Automatic Classification System based on MIMA

This section summarizes parts of contents in Appendix D and E. An automatic classifica-
tion system is developed based on a modified version of MIMA. And an ensemble strategy
is deployed in the system for solving the practical issue of hyper-parameter tuning. The
performance of the system is evaluated over three cities, Munich, Mumbai, and New York.
Having confirmed its superior performance, the system was deployed on a task of LCZ clas-
sification for 42 urban areas around the world.

Fig. 4.8. An automatic classification system developed based on MIMA

4.4.1 Classification system
The workflow of the designed classification system is shown in Fig. 4.8. It takes Sentinel-1
data, Sentinel-2 data, and ground reference data as input, fuses data by MIMA, and pro-
duces classification maps for urban areas by an ensemble classification scheme.

4.4.1.1 A modified MIMA
To adapt MIMA for fusing Sentinel-1 and Sentinel-2 data and accomplishing LCZ classifica-
tion, one of the three objectives in MIMA was eliminated, namely ”pushing data of different
labels apart”. Because it is found that MIMA empirically has a better performance on the
task without this objective. Optimizing the three objectives is over-modeling for the LCZ
classification with Sentinel-1 and Sentinel-2 data. The solution of the modified MIMA boils
down from generalized eigenvalue decomposition of Eq. (4.9)) to of Eq. (4.11).

Z(Lt + Ls)Z
T f = λZ(Dt + Ds)Z

T f, (4.11)

4.4.1.2 A Topological Enhanced Ensemble Classification System (TEEC)
The random forest is chosen as the classifier of this classification system. The reasons of
using it are: (1) it has a state-of-the-art performance; (2) it doesn’t require parameter tuning;
(3) its high computational efficiency, and (4) it has been proven efficient in both large scale
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classification tasks (Hu et al., 2018; Li et al., 2017a) and local climate zone classification
tasks (Bechtel et al., 2015; Yokoya et al., 2017; Demuzere et al., 2019).

Random forest aims at improving classification performance by combining multiple deci-
sion tree classifiers. It predicts a label for an instance by counting predictions of a number
of decision trees. In avoid all decision trees provide identical predictions, random subset
of features and random subset of training samples are utilized to train each of the decision
trees. Therefore, every single decision tree considers slightly different information for the
classification task and predicts different labels for an instance. This configuration creates
a diversity that empowers random forest. The diversity makes the random forest statisti-
cally follow the Law of Large Numbers so that it has robust performance, avoids overfitting
that the decision tree suffers, while preserving the computational efficiency of the decision
tree (Breiman, 2001; Elghazel et al., 2011; Rainforth and Wood, 2015).

Hyper-parameter tuning is often a troublesome issue for a system of production. As shown
in Algorithm 1, there exist hyper-parameters in MIMA which do not show a pattern or a
statistical significant optimum in terms of classification performance (Hu et al., 2019). The
author found that varying values of the hyper-parameters in MIMA leads to achieve topo-
logical structures of slight differences, as shown in the zoomed-in parts of MIMA module
Fig. 4.8. Inspired by the Law of Large Numbers concept in random forest, this work fuses
Sentinel-1 and Sentinel-2 data with varying hyper-parameters and ensembles classification
results of each fusion. Therefore, the variations of topological structures introduce a diver-
sity on an additional dimension of data topology.

4.4.2 Evaluation of classification system
To demonstrate the performance of the classification system (TEEC), three other classifi-
cation systems are chosen for comparison. They are: (1) classifying Sentinel-1 data using
random forest (S1); (2) classifying Sentinel-2 data using random forest (S2); (3) classifying
the concatenation of Sentinel-1 and Sentinel-2 data using random forest (CON). The three
classification systems are chosen for comparison because similar strategies have appeared
on large scale classification tasks in literature (Zhu et al., 2012; Ban et al., 2015; Yokoya
et al., 2017; Li et al., 2017a; Lisini et al., 2017; Esch et al., 2017; Demuzere et al., 2019). For
all of the four classification systems, they are all operated in an automatic way.

Fig. 4.9. Evaluation of four classification systems, S1, S2, CON, and TEEC. Training samples are block-wise selected. The
x-axis depicts the percentages of ground reference that is used as training samples, TR10: training samples occupies 10%
data of ground reference data; TR50: 50%; TR90: 90%. The y-axis denotes a mean overall accuracy of ten overall accu-
racy which are achieved by 10-folds cross-validation evaluation. From the left to right, charts are result of city Munich,
Germany; Mumbai, India; and New York, United States.

As shown in Fig. 4.9, the proposed classification system (TEEC) outperforms the other sys-
tems in terms of the mean overall accuracy of a 10-fold cross-validation evaluation, under
all scenarios of different training sets and for all three cities. More importantly, by compar-
ing accuracy differences of systems, one can find that the proposed system is specially good
at those cases where the amount of testing data is much larger than the amount of training
data (TR10). This is exactly the real case in remote sensing practice. With the sophisticated
evaluation strategy, the author concludes the proposed classification system is a good option
among state-of-the-art techniques to accomplish the task of classifying 42 cities.
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4.4.3 So2Sat LCZ42 dataset

With current developing of machine learning, accessing label data is of great importance.
Although deep learning had been already studied several decades before, it exhibited its
power only after the available of computational power and large labelled data set (Deng
et al., 2009; Krizhevsky et al., 2012b). It is a concrete and persuasive historical event re-
minding researchers how important label data set is. At the time when this project started,
there was no available labeled data set for the fusion of hyperspectral data and PolSAR data.
It was because of limited access to hyperspectral and PolSAR data, and annotating remote
sensing data is a very costly task on both expense and labor. With recent satellite missions,
such as Sentinel missions of European Copernicus Program, it is more and more conve-
nient to fetch remote sensing data. However, annotating remote sensing data is different
from identifying cat and dog. It requires expert knowledge. Some cases are even difficult for
experts, such as annotating SAR data.

Fig. 4.10. The geographic locations of 42 cities in So2Sat LCZ42 data set.

The author participated in a collaborative work of creating an annotated remote sensing
data set, named So2Sat LCZ42. It provides about half a million LCZ labeled data pairs
of Sentinel-1 and Sentinel-2 data which are dual-Pol SAR and multispectral data, respec-
tively. It includes data samples that spatially distribute over 42 major cities around the
world whose distribution is shown in Fig. 4.10. The data set is described in Appendix D.

The developed classification system was deployed to produce classification maps for the 42
urban areas. The resulting classification maps of urban areas are taken as input data set
for a study of analyzing urban patterns. Details about this study is summarized in the next
section.

4.5 An Urban Pattern Analysis over 42 Cities

This section summarizes a study of urban pattern analysis over 42 major cities around the
world. The analysis is based on LCZ classification maps produced by the classification sys-
tem described in previous section and a global data of population distribution that is pro-
vided by Joint Research Center (JRC) of European Commission. This section summarizes
contents in Appendix E.
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4.5.1 A global population data
The population data used in this paper is a spatial raster data set depicting the distribution
of global population of the year 2015 at a resolution of 250 meters (Schiavina et al., 2019). It
was dis-aggregated from census or administrative population data to grid cells, constrained
to the distribution of built-up that mapped in the Global Human Settlement Layer (GHSL)
global layer (Freire et al., 2016).

4.5.2 Urban clustering

4.5.2.1 Feature extraction
The classification system produced classification maps for these 42 cities. These maps cate-
gorized the urban areas as compact built-up, open built-up, light weight built-up, industrial
structure, or one of the seven natural types. It is important to note that all seven natural
types of LCZ are grouped into one nature class in this urban pattern analysis.

As shown in Fig. 4.11, the analysis first extracts shares of the five urban land consumption
types within a city. The water body was excluded here. These percentages describes how a
city is formed in terms of morphological characteristics of land. On the side of population, it
extracts the percentages of population that distributes on each of the five land consumption
types. These population percentages describes how population distribution is related to the
urban morphology. Therefore, it results in ten features to represent one city. The complete
list of the features is shown in Table. 8.

Regarding the population data, we need to point out that, the state-of-the-art population
distribution data is produced by census data and remote sensing human settlement layer.
Population census data were evenly distributed over the human settlement layer with con-
straining to administrative boundaries. It results a strong correlation between the amount
of population and the area of built-up types. Nevertheless, there still some interesting phe-
nomenon could be found.

To sum up, for each city, in total ten features are extracted for upcoming clustering.

4.5.2.2 Clustering
To chose the clustering algorithm and the number of clusters, the error sum of squares (SSE)
was applied as a quantitative indicator. SSE is the sum of squared error between each data
record and the mean center of its cluster, SSE =

∑N
i=1(Ci − C̃)2, where N is the number of

data instances, Ci is a 10 by 1 vector representing the feature of the ith city, C̃ is the mean
center of the cluster that Ci belongs (Jain et al., 1999). When the number of clusters is fixed,
the smaller value of SSE, the more concentrate of these clusters.

Regarding deciding the number of clusters, there are generally two strategies among lit-
erature. First, the number of clusters is an input parameter of a clustering algorithm.
Such as K-mean clustering (Arthur and Vassilvitskii, 2007), spectral clustering (Ng et al.,
2002; Von Luxburg, 2007), and agglomerating clustering. Second, the number of clusters
is decided by a given criteria, such as DBSCAN (Ester et al., 1996), mean shift (Comani-
ciu and Meer, 2002), modified spectral clustering (Zelnik-Manor and Perona, 2005), and
persistence-based clustering (Chazal et al., 2013).

For the sake of simplicity, the author chose the K-mean clustering, spectral clustering, and
the agglomerating clustering as candidate algorithms. They are evaluated by the indicator
SSE with the number of clusters given as 2 to 42. With the same clustering algorithm, the
larger the number of clusters, the smaller the SSE. However, a large number of clusters
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Fig. 4.11. The workflow of the clustering module. Upper block: feature extraction based on LCZ maps and population data;
Bottom left: three clustering algorithms with number of clusters as input parameter are chosen as candidate clustering
algorithms; Bottom right: the SSE is applied as an indicator for choosing algorithm and deciding number of clusters.

means over-clustering. A simple way of choosing the number of clusters is named as the
rule of elbow (Jain et al., 1999). It infers the point where increasing the number of clusters
brings un-interestingly small reduction of SSE. Depending on the experiment results shown
in Fig. 4.11, the K-mean clustering has a better performance in terms of SSE so that it was
chosen as the clustering algorithm. The number of clusters equals to 8 according to the rule
of elbow.

4.5.3 Urban morphology analysis

Table 8. This table presents feature values of ten mean cluster centers for the eight morphological clusters. The unit of
numbers is percentage (%).

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8

Share of compact area 63 10 5 31 15 50 29 13

Share of open area 8 27 35 11 55 11 10 40

Share of lightweight area 0 0 0 9 0 0 0 5

Share of industrial area 17 31 8 2 8 12 6 12

Share of natural area 12 31 52 47 22 27 55 30

Share of population in compact area 79 18 9 40 24 69 64 25

Share of population in open area 5 35 59 5 59 9 14 38

Share of population in lightweight area 0 0 0 43 0 0 0 13

Share of population in industrial area 13 36 14 3 9 12 8 16

Share of population in natural area 4 12 18 8 8 9 14 7

The first cluster concludes a group of cities which has a super compact urban morphology.
This cluster has on average 63% of land having been consumed as compact built-up. And
79% of their population resides within the compact built-up area. The second cluster repre-
sents an industrial urban morphology. It includes cities whose 31% of land are occupied by
industrial structure. Seven out of the total nine cities in this cluster are from China. By cross
check with optical images, the industrial structures are mostly large and low buildings func-
tioning as factories and warehouses. For the city of Amsterdam, tanks and warehouses near
the harbor were also identified. The third cluster mainly includes European cites that has an
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Fig. 4.12. Visualization of LCZ classification maps for 42 cities. These maps are produced by proposed classification system
and organized in clusters.

open and green urban morphology. They are characterized by having more than 50% of land
as natural cover and nearly 60% population is distributed in open areas. The fourth clus-
ter has the morphological characteristics that a large portion of informal settlement exists.
With the 42 cities, it includes only the city of Islamabad which has 9% of land constructed
as light weight built-up and has 43% of population residing in light weight built-ups. Ac-
cording to our labeling experiences and visual inspection, the light weight built-up mostly
reflects the distribution of informal settlements. 9% is a very high percentage among the
selected 42 cities. The 9% land area of light weight build-up in Islamabad is home to 43%
of the population in this city, which makes those areas heavily populated. The fifth cluster
owns an open urban morphology. This cluster includes eight cities whose 55% of land were
constructed into open built-ups. A very interesting point is that all those eight cities in this
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cluster are the capital city to eight different countries. The sixth cluster has a compact urban
morphology. It gathered cities that have high percentages of compact built-up and popula-
tion distributed in there, namely 50% and 69% respectively. Comparing to the first cluster
which also has a high percentage of compact area, there exists 10% shortage in the sixth
cluster. And the sixth cluster has 27% of land being natural cover, which is 15% higher than
it in the first cluster. The seventh cluster has a compact and green urban morphology. It
has 29% and 55% of their land covered by compact built-up and natural cover, respectively.
However, an average 64% of their population resides in the 29% compact built-up areas.
The last cluster has mixture urban morphology of light weight built-up and open built-up.
In this cluster, the open built-up occupies 40% of the land and the light weight built-ups
accounts for about 5%.

To sum up, we have identified eight different urban morphological clusters among the 42
cities around the world. Those urban morphological clusters are: super compact, industry,
open-green, informal settlement, open, compact, compact-green, and open-informal.
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5 Conclusion and Outlook

5.1 Conclusion

T his dissertation explored the fusion of optical and SAR data for urban classification
tasks. It developed a data fusion algorithm for the fusion and classification of optical

and SAR data, built up a classification system based on the developed fusion algorithm, and
demonstrated a large scale application of produced classification maps. From developing
algorithm to a large scale application demonstration, the objectives defined in Chapter 1
have been fulfilled. The most important findings of this dissertation are listed as follows:

� Regarding the fusion of optical and SAR data, it benefits the classification task according
to all experiments in this dissertation. The optical data has a much better distinguishing
power compared to the SAR data. The fusion of them could improve the classification
performance of the optical data by a range of 2% to 9% according to experiments in this
dissertation.

� Regarding the developed algorithm MIMA, its superior performance among manifold-
based algorithms has been proven in comprehensive evaluations in Appendix B, C, and E.
The evaluations have included the fusion of LandSat-8 and Sentinel-1 data for the LCZ
classification, fusing simulated space-borne hyperspectral data and Sentinel-1 data
for land cover land use classification, and fusing Sentinel-1 and Sentinel-2 data for
modified LCZ classification. The evaluations have involved about twenty algorithms for
comparison and have been carried out over multiple locations, including Berlin, Munich,
Augsburg, Mumbai, and New York.

� Regarding data fusion levels, it is more efficient to fuse optical and SAR data at a later
stage than fusing them at data level. It has been proven in this dissertation, it is more
efficient to fuse optical and SAR data in the manifold domain than fusing them in the
data domain. It is a clue that fusing data of severe differences as optical and SAR data
should be carried out at a semantic or information level.

� Regarding supervision strategy, it is efficient to utilize semi-supervision which benefits
from both data structures and label semantics at the same time. Attention should be paid
on how to design the input data so that the data structure is related to label semantics.
Un-supervision is very welcomed in remote sensing due to lack of annotated data sets.
For the same reason, methodologies heavily rely on annotated data are very expensive to
implement, but often are straightforward solutions.

� Regarding hyperparameter tuning in classification, it is a frequent practice to train an
algorithm on training data, tune hyperparameters on validation data, and evaluate the
trained algorithm on testing data. However, an optimal hyperparameter selection based
on validation data can not grantee a good performance on testing data. For a remote
sensing application, the amount of labeled data for training and validating algorithms
is an extreme tiny proportion compared to data of inference. This dissertation carried
out an ensemble strategy to tackle hyperparameter selection in the manifold extraction
which is statistically more robust than the frequent practice.

� Regarding urban pattern analysis, this dissertation provides valuable information by
identifying groups of cities based on the morphological formation. These patterns
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provide fine information to stakeholders. For example, planners and decision makers of
a super compact city could statistically analyze the cities of the super compact group.
The resulted information are more referable than the information derived from all cities.

� Regarding urban classification, it is an invaluable resource that having a large to global
scale urban map whose categorization scheme is finer than a binary mask of built-ups.
For instance, GHSL based global population data has registered urban inhabitant over
industrial areas. This type of inaccurate information is misleading for further appli-
cations, such as public health surveillance, per-person land consumption, and wealthy
distribution analysis. It can be avoided by a detailed categorization scheme. The author
believes it would also be a great resource for supporting UN SDGs.

5.2 Outlook

According to the studies of remote sensing data fusion and classification in this dissertation,
a few research topics are very relevant for future studies.

5.2.1 Unsupervised data fusion and urban mapping
The amount of remote sensing data is increasing exponentially. However, the amount of
annotated data is extremely rare compared to the total data amount. It is expensive to an-
notate remote sensing data due to the requirement of expertise. Moreover, annotated data
in remote sensing has a poor capability of generalization due to many reasons. For exam-
ple, annotations might change due to different data acquisition time and different tasks. On
this regard, un-supervised machine learning methods are highly preferable. It will be more
feasible to develop un-supervised algorithms for future missions, including urban mapping.

5.2.2 Machine learning based annotation assistant
To access annotated data in remote sensing, crowd sourced and geo-tagged data are becom-
ing more and more popular due to its large volume. But their quality is poor. Geographic
information system (GIS) data can also be used as annotated data. The annotated data carry
semantic meaning defined by GIS clients which might be too complex to be detected in
remote sensing data. Additionally, for applications as vegetation species classification and
vegetation health surveillance, the annotated data have to be produced by experts. Instead
of pure manual labeling, it would be efficient to develop a machine learning based anno-
tation assistant. At the beginning phase, unsupervised analysis reveals a realistic definition
of annotations and recommends initial labels. The expert makes the decisions based on the
recommendations. With the initial labels, supervised algorithms can be trained for better
recommendations. At last, the assistant should be able to evaluate the quality of annotated
data. Importantly, the developed assistant should be applicable to a variety of applications.

5.2.3 Generalization ability of trained model
A trained machine learning model should be capable of performing consistently on data of
different regions, different times, and even different sensors. However, the model is often
not able to provide satisfying results when these impacting factor change. This is fatal when
producing a remote sensing products of a large to global coverage. Therefore, the future
study should improve the generalization ability of trained models. The study is related to
transfer learning and domain adaptation in machine learning research.
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5.2.4 Data fusion and classification system
To build a data fusion and classification system operating constantly, the system design
is also a non-trivial engineering study. A sophisticated system in future is required to be
able to fuse heterogeneous data sources, fuse multi-scale data, fuse multi-temporal data,
handle situations that one or two data sources are missing, manage huge amount of data
sets, update data product regularly, and timely distribute products. It should be designed to
allow future upgrade and extension. At the same time, it should serve as an infrastructure
for research projects.
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List of Figures

2.1 A sketch of the imaging geometry of an optical image (left) and a SAR image
(right) [Inspired by (Palubinskas, 2012)]. A resolution cell in the sketch is
bounded by a pair of dashed line. The sketch supposes the optical image
and the SAR image have the same size of resolution cell. The bottom sketch
compares imaged contents of the optical image and the SAR image in every
section: A: trees in the optical image, ground in the SAR image; B: trees in
both image; C: ground in both image; D: ground in the optical image, ground,
facade of the lower building, and roof of the lower building in the SAR
image; E: roof of the lower building in the optical image, ground and facade
of the lower building in the SAR image; F: roof of the lower building in the
optical image, shadowing in the SAR image; G: roof of the lower building in
the optical image, facade and roof of the higher building in the SAR image;
H: ground in the optical image, roof of the higher building in the SAR image;
I: facade of the higher building in the optical image, shadowing in the SAR
image; J: roof of the higher building in the optical image, shadowing in the
SAR image. 5

2.2 A visualization of an optical image and a SAR image of the same scene, the
city of Augsburg, Germany. The optical image is a Sentinel-2 image with
red-green-blue channels. The SAR image is a Sentinel-1 intensity image in
dB. 5

2.3 Points A, B, and C locate on the surface of the sphere which is a 2 dimensional
manifold embedded in a 3 dimensional space. The black point is the center
of the sphere, and the black ellipse is the equator of the sphere. Solid curves
lay on the surface facing the reader, and dashed curves lay on the surface
of the other side. The orange dashed edges are inside the sphere. If two
data points are local, such as A and B, a Euclidean distance (orange dashed
edge) can be used to approximate the distance on manifold (solid blue curve
connecting A and B). If two data points are not local, such as A and C, a
Euclidean distance is not a valid approximation for the distance on manifold
(solid blue curve connecting A and C). 6

2.4 On the left plot, blue points are data points lay on an l dimensional manifold
(bold ellipse) that is embedded in an n dimensional space. The red lines
represent local adjacent properties of data points. Manifold dimension
reduction projects those data points into an l dimensional space (l << n),
while the local adjacent properties are all preserved. Different models focus
on different local properties to be preserved. 7

2.5 This figure demonstrates the principle of the manifold alignment with an
example of two data sets.M1 andM2 represent the manifolds of two data
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Abstract: The concept of the local climate zone (LCZ) has been recently proposed as a generic
land-cover/land-use classification scheme. It divides urban regions into 17 categories based on
compositions of man-made structures and natural landscapes. Although it was originally designed
for temperature study, the morphological structure concealed in LCZs also reflects economic status
and population distribution. To this end, global LCZ classification is of great value for worldwide
studies on economy and population. Conventional classification approaches are usually successful
for an individual city using optical remote sensing data. This paper, however, attempts for the first
time to produce global LCZ classification maps using polarimetric synthetic aperture radar (PolSAR)
data. Specifically, we first produce polarimetric features, local statistical features, texture features,
and morphological features and compare them, with respect to their classification performance.
Here, an ensemble classifier is investigated, which is trained and tested on already separated
transcontinental cities. Considering the challenging global scope this work handles, we conclude the
classification accuracy is not yet satisfactory. However, Sentinel-1 dual-Pol SAR data could contribute
the classification for several LCZ classes. According to our feature studies, the combination of local
statistical features and morphological features yields the best classification results with 61.8% overall
accuracy (OA), which is 3% higher than the OA produced by the second best features combination.
The 3% is considerably large for a global scale. Based on our feature importance analysis, features
related to VH polarized data contributed the most to the eventual classification result.

Keywords: Sentinel-1 dual-Pol data; local climate zone; global scale; feature extraction; GLCM;
morphological profile; canonical correlation forest

1. Introduction

The local climate zone (LCZ) classification system is designed as a categorical scheme with 17
classes that describe urban landscapes [1,2]. These classes are defined based on surface structures and
surface covers, which are specifically (1) the height of the surface structure, (2) spatial density of the
surface structure, and (3) covering material of the surface (i.e., as shown in Figure 1). Eventually, the
scheme yields thematic maps of a 100-m ground sampling distance (GSD), with each pixel labeled as
one of the 17 classes. The LCZ was designed for the study of urban temperature behavior. It provides
a research framework for urban heat island studies and standardizes the worldwide exchange of
urban temperature observations [1]. As also shown in Figure 1, the scheme essentially demonstrates
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morphological structures of urban local neighborhood. The urban morphological structure is an
influential factor on thermal behaviour. It may also reveal the economic status and the population
distribution of a particular city. For example, slum districts, which are less economically developed
regions with massive population concentration, normally appear as the seventh class in Figure 1.
Therefore, thanks to the described morphological structure, the LCZ map acts as a valuable source for
a wide variety of studies in urban areas.

1. Compact high-
rise 

Dense mix of tall buildings to 
tens of stories. Few or no 
trees.Land cover mostly paved. 
Concrete, steel, stone, and 
glass construction materials. 

2. Compact 
midrise 

Dense mix of midrise buildings 
(3-9 stories). Few or no 
trees.Land cover mostly paved. 
Stone, brick, tile, and concrete 
construction materials. 

3. Compact low-rise Dense mix of low-rise building (1-3 stories). 
Few or no trees. Land cover mostly paved. 
Stone, brick, tile, and concrete 
construction materials. 

4. Open high-rise Open arrangement of tall 
buildings to tens of stories. 
Abundance of pervious land 
cover (low plants, scatered 
trees). Concrete, steel, stone, 
and glass construction 
materials. 

5. Open midrise Open arrangement of midrise 
buildings (3-9 stories). 
Abundance of pervious land 
cover (low plants, scattered 
trees). Concrete, steel, stone, 
and glass construction 
materials. 

6. Open low-rise Open arrangement of low-rise buildings (1-
3 stories). Abundance of pervious land 
cover (low plants, scattered trees). Wood, 
brick, stone, tile, and concrete construction 
materials. 

7. Lightweight low-
rise 

Dense mix of single-story buildings. Few or no trees. Land cover 
mostly hard-packed. Lightweight construction materials (e.g. 
wood, thatch, corrugated metal). 

9. Sparsely built Sparse arrangement of small or medium-sized buildings in a 
natural setting. Abundance of pervious land cover (low plants, 
scattered trees). 

8. Large low-rise Open arrangement of large low-rise buildings (1-3 stories). Few 
or no trees. Land cover mostly paved. Steel, concrete, metal, and 
stone construction materials. 

10. Heavy industry Low-rise and midrise industrial structures (towers, tanks, stacks). 
Few or no trees. Land cover mostly paved or hard-packed. Metal, 
steel, and concrete construction materials. 

A. Dense trees Heavily wooded landscape of deciduous and/or evergreen trees. 
Land cover mostly pervious (low plants). Zone function is natural 
forest, tree cultivation, or urban park. 

B. Scattered trees Lightly wooded landscape of deciduous and/or evergreen trees. 
Land cover mostly pervious (low plants). Zone function is natural 
forest, tree cultivation, or urban park. 

C. Bush, scrub Open arrangement of bushes, shrubs, and short, woody trees. 
Land cover mostly pervious (bare soil and sand). Zone function is 
natural scrubland or agriculture. 

D. Low plants Featureless landscape of grass or herbaceous plants/crops. Few 
or no trees. Zone function is natural grassland, agriculture, or 
urban park. 

E. Bare rock or 
paved 

Featureless landscape of rock or paved cover. Few or no trees or 
plants. Zone function is natural desert (rock) or urban 
transportation. 

F. Bare soil or sand Featureless landscape of soil or sand cover. Few or no trees or 
plants. Zone function is natural desert or agriculture. 

G. Water Large, open water bodies such as seas and lakes, or small bodies 
such as rivers, reservoirs, and lagoons. 

Figure 1. Description of LCZ classes. (adapted from [1])

Following the introduction of LCZs, the World Urban Database and Portal (WUDAPT,
http://www.wudapt.org) was initiated [3,4]. WUDAPT has been mainly developed by researchers
to obtain high-quality land-cover/land-use information globally, usually via crowdsourcing [5,6],
games [7], or other challenges [8]. The WUDAPT project presents a suggested workflow to produce the
LCZ map by taking advantage of remote sensing techniques. The production process briefly functions
as follows [3]: First, the region of interest (ROI) for a particular city is defined and labels of all classes
are manually selected. Second, multispectral images captured by LandSat-8 are prepared for the ROI of
the target city. Finally, a supervised classification (i.e., random forest [9]) is applied to the multispectral
data to produce the final classification map. Besides the standard production of the WUDAPT project,
studies of LCZ classification mainly focus on using optical remote sensing data [10–12].

One of the key factors to define LCZ classes is height. A few studies on LCZ classification
were introduced to fuse the digital surface model (DSM) with the optical data in order to use both
height and spectral information [13,14]. The Thematic Mapper (TM) data captured by LandSat-5
and Enhanced Thematic Mapper Plus (ETM+) data of LandSat-7 were fused with the normalized
digital surface model (NDSM) and airborne Interferometric Synthetic Aperture Radar (InSAR) using
feature concatenation and then applied to multiple classifiers for LCZ-related classification in [13].
In [14], LandSat-8 data and the digital surface model (DSM) were also concatenated at the feature
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level and then classified by a random forest and support vector machine [15]. It was concluded that
spectral features can significantly contribute to the classification task. Geographical information system
(GIS)-based approach is also developed to produce the LCZ map in [16–18]. Although Open Street Map
(OSM) provides a free-accessible GIS dataset, the completeness of the GIS data needs to be improved,
especially for the developing countries. Besides the aforementioned data sources, the Sentinel-1
mission provides a dual-polarimetric synthetic aperture radar (dual-Pol SAR) with free access and
global coverage. It has also been studied for LCZ classification in [19]. Researchers have proven
that the combination of Sentinel-1 dual-Pol data and LandSat-8 data can improve the performance
of LCZ classification. However, they only take used of amplitudes of VV and VH channels and their
corresponding texture features derived by gray-level co-occurrence matrix (GLCM). Amplitudes of the
two channels only constitute one part of the polarimetric information provided by the dual-Pol data.
One important feature, the coherence of the two channels, is missing. Therefore, the first goal of this
work is to comprehensively investigate the polarimetric information of Sentinel-1 dual-Pol data for the
LCZ classification task.

Global LCZ mapping offers substantial help in exploring local climates on regional and worldwide
scales. Several studies have successfully produced LCZ classification maps corresponding to one city
by only labeling samples of that city. In this manner, the produced classification maps have achieved
high classification accuracy (e.g., overall accuracies (OAs) are beyond 80%) since both training and
test samples are located in the same city. However, the collection of accurate training samples are
either expensive or time-demanding. Therefore, in the remote sensing community, there is great
interest in training models based on the samples available for some cities and applying the trained
models to other cities. However, this is a challenging task. For example, one study [20] attempted to
select training samples from one city for the classification of another city using RF. The classification
accuracies dropped to 18.2%, which indicates that the knowledge transferability between different
cities should be carefully considered. In this regard, our second goal is to develop a classifier with
adequate generalization capability to be applied to any other cities. The difficulty in this task lies in
that the classifier needs to be trained using a limited number of training samples while remaining
applicable to handling transcultural, transnational, and cross-environmental data in a worldwide
context.

To cope with the aforementioned challenge of generalization, the 2017 Geoscience and Remote
Sensing Society (GRSS) data fusion contest of the year 2017 proposed training the classifier on five
cities (Berlin, Hong Kong, Paris, Rome, and Sao Paulo) and testing the results on four other cities
(Amsterdam, Chicago, Madrid, and Xi’an). Although deep learning-based classification methods have
proven to be strong in terms of classification accuracy a generalization capability in the remote sensing
community [21–24], the ensemble-based canonical correlation forest (CCF) classification strategy
achieved the best performance in the contest, among more than 800 submissions [8,25]. Therefore,
this work uses the CCF classifier to pursue a solution for our task. The CCF classifier is an advanced
version of a random forest, which is a shallow classifier.

In contrast with the automatic feature selection and extraction of deep learning methods, the
feature design is of key importance to shallow classifiers. From the perspective of feature space,
especially for dual-Pol SAR data, a limited number of features is not adequate for a complicated
classification like the LCZ task. An informative and appropriate number of features should be derived
for the subsequent classification task. References [13,25] indicates that local statistical features are
informative features regarding LCZ classifications. Texture features derived from GLCM have been
proven to be informative for applications of SAR data [26–30]. Mathematical morphological features
obtained from a morphological profile have been highly effective in multi/hyperspectral image
classification [31–33]. Consequently, besides polarimetric features, we investigate the performances of
local statistical features, GLCM features, and morphological profiles for LCZ classification on a global
scale.
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To sum up, the aims of the study are threefold for local climate zone classification. (1)
Comprehensive polarimetric information of the Sentinel-1 dual-Pol data is investigated, which includes
intensities of VV and VH channels as well as the coherence and relative phase of the two channels.
(2) Classification on a global scale is studied by training and testing the CCF on the separated data
of transcontinental cities, which involves terabytes of data volume. (3) Four features (polarimetric
feature, local statistical feature, texture feature, and mathematical morphological feature) that were
proven to be successful in related tasks are evaluated in our scenario of global-scale LCZ classification.

The rest of the paper is organized as follows. Section 2 demonstrates the principle of selecting a
study area and describes the Sentinel-1 dual-Pol data and its data preparation. Section 3 introduces our
methodology of global-scale LCZ classification. Section 4 discusses the experiment results regarding
feature extraction and selection. Lastly, Section 5 concludes this work.

2. Study Area and Data Set
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Cairo
Tehran

Moscow
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Figure 2. World-wide distribution of selected 29 cities of interest. Red: cities for testing. Green: cities
for training.

2.1. Study Areas

Our study aims to produce LCZ maps on a global scale and also focuses on cities of high
population density. In total, 29 cities were selected and listed in Table 1. They are located on all
continents except Antarctica, shown in Figure 2. This geographical distribution ensures that cities of
interest include transcultural, transnational, and cross-environmental regions. While selecting these
cities, population was another criteria under consideration. Among all cities, the population of each
city was at least one million in 2016 and is expected to grow in the future according to UN statistics
[34]. To enable our framework to solve the global challenge, cities of different regions were selected for
both training and testing. The selection is shown in Figure 2 and Table 1.

2.2. Ground Truth

To produce LCZ classification maps in a supervised manner, we manually created the ground
truth for the selected 29 cities. Generally, the labeling procedure followed the WUDAPT project
standard procedure [4]. First, the region of interest (ROI) was decided for each selected city as a
50-by-50-kilometers rectangle centered at the city center. Within the rectangle, the ground truth,
polygons of LCZ classes, were manually delineated by observing satellite images on Google Earth
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Table 1. List of cities of interest, with information on the regions and populations [34]. List of chosen
combinations of cities for training and testing.

Region City Training City Testing City Polulation at Year
2000 2016 2030

Australia Melbourne Y - 3,461,000 4,258,000 5,071,000
Sydney - Y 4,052,000 4,540,000 5,301,000

Eastern Asia

Beijing Y - 10,162,000 21,240,000 27,706,000
Nanjing Y - 6,160,000 8,270,000 9,750,000
Wuhan Y - 6,638,000 7,979,000 9,442,000

Hong Kong Y - 6,835,000 7,365,000 7,885,000
Shanghai - Y 13,959,000 24,484,000 30,751,000

Western Asia Tehran Y - 7,128,000 8,516,000 9,990,000
Istanbul - Y 8,744,000 14,365,000 16,694,000

Africa Cairo Y - 13,626,000 19,128,000 24,502,000
Nairobi - Y 2,214,000 4,070,000 7,140,000

Europe

Amsterdam Y - 1,005,000 1,099,000 1,213,000
Berlin Y - 3,384,000 3,578,000 3,658,000

London Y - 8,613,000 10,434,000 11,467,000
Paris Y - 9,737,000 10,925,000 11,803,000

Zurich Y - 1,078,000 1,259,000 1,494,000
Milan Y - 2,985,000 3,104,000 3,162,000
Rome Y - 3,385,000 3,738,000 3,842,000
Lisbon Y - 2,672,000 2,902,000 3,192,000

Moscow Y - 10,005,000 12,260,000 12,200,000
Cologne - Y 963,000 1,042,000 1,095,000
Munich - Y 1,202,000 1,454,000 1,548,000

North America

Washington DC Y - 3,949,000 5,013,000 5,690,000
Los Angeles Y - 11,798,000 12,317,000 13,257,000

San Francisco - Y 3,230,000 3,299,000 3,615,000
Vancouver - Y 1,959,000 2,523,000 2,930,000

South America
Rio de Janeiro Y - 11,307,000 12,981,000 14,174,000

Santiago de Chile Y - 5,658,000 6,544,000 7,122,000
Sao Paulo - Y 17,014,000 21,297,000 23,444,000

(https://www.google.com/earth/). Then, LandSat-8 images were prepared for the ROIs of each
city. Afterwards, the software SAGA GIS (www.saga-gis.org/en/index.html), taking the delineated
ground truth and LandSat-8 data as inputs, produced an LCZ classification map using the random
forest classifier. The produced classification map is aim to be used as an additional validation source
for checking the correctness and completeness of the ground truth data. By manually cross checking
the classification map, images on Google Earth, and the delineated ground truth, the ground truth
is modified if necessary, in the regard of correctness and completeness. Eventually, the delineated
polygons of LCZ classes are created as the ground truth data, which are used for training and testing in
this work. The delineated ground truth data are shown in Figure 3 with Sentinel-1 data as background.

2.3. Sentinel-1 Dual-Pol Data

The Sentinel-1 mission, as the SAR component of the European Copernicus program, has a
constellation of two satellites each mounted with a C-band Synthetic Aperture Radar sensor. It has
global coverage with a temporal resolution of six days. Additionally, the data is freely accessible.

The sensor collects data in four modes: (1) Stripmap (SM), (2) Interferometric Wide swath (IW), (3)
Extra Wide swath (EW), and (4) Wave (WV). We used a level-1 product, which is focused single look
complex data collected from the Interferometric Wide swath mode, because of its large coverage and
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Figure 3. Processed Sentinel-1 Dual-Pol (VV and VH) data of 29 cities are shown in Pauli basis,
overlapped with the labeled ground truth.
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availability. The level-1 Interferometric Wide swath SLC product consists of one image per sub-swath
(three-sub-swaths, IW1, IW2, and IW3), per polarization channel (two polarization channels: VH and
VV), resulting in six images in total. The properties of different swaths are shown in Table 2 while
Table 3 shows the common properties of all sub-swaths.

Table 2. Properties of different sub-swath of Level-1 Interferometric Wide SLC product.

Beam ID IW 1 IW 2 IW 2

Spatial resolution rg × az m 2.7 × 22.5 3.1 × 22.7 3.5 × 22.6
Pixel spacing rg × az m 2.3 × 14.1 2.3 × 14.1 2.3 × 14.1

Incidence angle 32.9 38.3 43.1

Table 3. General properties that apply to all sub-swaths.

Product ID IW SLC

Pixel value Complex
Coordinate system Slant range

Bits per pixel 16 I and 16 Q
Polarization VV and VH

Ground range coverage km 251.8
Equivalent number of looks (ENL) 1

Radiometric resolution 3
Number of looks (range x azimuth) 1 × 1

2.4. Data Preparation

Figure 4 presents the flowchart of data preparation for this work. It generally consists of two main
parts—data downloading and data preprocessing—which are indicated as orange and blue blocks,
respectively.

Regarding data downloading, the Sentinel-1 data set is accessible to any users via the Copernicus
Open Access Hub (https://scihub.copernicus.eu/) (also known as the Sentinels Scientific Data Hub).
An open-source toolbox, named SentinelSat (https://github.com/sentinelsat/sentinelsat), provides
the utilities of searching, downloading, and retrieving the metadata of Sentinel satellite images. An
automatic data downloading tool was developed using SentinelSat, which functions based on an ROI
file and a given time period of data collection.

For data processing, an ESA toolbox, the Sentinel Application Platform (SNAP,
https://step.esa.int/main/toolboxes/snap/), was designed to work with data provided by
Sentinel missions. The Sentinel-1 tool box [35] was integrated as a module to deal with all Sentinel-1
data products. The toolbox provides a powerful kit, named the graph processing tool (GPT), which is
able to handle large data processing. Based on the GPT, an automatic Sentinel-1 data preprocessing
chain was developed in our work so that data could be prepared for the classification task.



ISPRS Int. J. Geo-Inf. 2018, 0, 0 8 of 21

Data 
Downloading

ROITime Period

Apply Orbit 
Profile

Latest Orbit 
File

Radiometric 
Calibration

TOPSAR 
Deburst

Polarimetric 
Speckle 

Reduction 
Refined Lee 

Filter

Terrain 
Correction

ROI Extraction

Mosaicing

ROI Covered?

SRTM

Start

End

Prepared 
Data

Yes

No

https://scihub.copernicus.eu/       
Sentinels Scientific Data Hub

Sentinel-1 
Level-1 
Dual-Pol 

Data 
Products

Figure 4. Flowchart of Sentinel-1 data preparation. Module with orange background indicates data
downloading part. Module with blue background indicates data preprocessing part.

As shown in the flowchart, a series of data preprocessing modules are applied to Level-1 Sentinel-1
dual-Pol data products by GPT. The functionalities and configurations of these modules are explained
in detail as follows:

• Apply Orbit Profile: This module of preprocessing downloads the latest released orbit profile so
that a precisely geocoded product can be achieved.

• Radiometric Calibration: Radiometric calibration aims to convert the digital number of the pixel
to a radiometrically calibrated backscatter, which is directly related to the radar backscatter of
the scene. To extract the relative phase and the correlation between VV and VH, the product of
calibration was chosen as a complex valued image.

• TOPSAR Deburst: For each polarization channel, the Sentinel-1 IW product has three swaths.
Each swath image consists of a series of bursts. TOPSAR Deburst merges all these bursts and
swaths into a single SLC image.

• Polarimetric Speckle Reduction: Speckle reduction was conducted by using the SNAP-integrated
refined Lee filter, with a window size of seven by seven [36,37].

• Terrain Correction: Terrain correction eliminates the distortion introduced by the topographical
variations. To accomplish the correction, the SRTM was used as the DEM to provide height
information. The data was re-sampled to a 10-m GSD by the nearest-neighbor interpolation. The
data was geocoded into the WGS84/UTM coordinate system, in which the manually labeled
ground truth data was coordinated, so that the ground truth data and Sentinel-1 data could be
matched in terms of geo-location.

After the data preprocessing, the analysis-ready dual-Pol data is organized in the common PolSAR
covariance matrix. The processed Sentinel-1 dual-Pol data of 29 cities are shown in Figure 3.
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3. Methodology

The main building blocks of the proposed global-scale classification approach are feature
extraction and classification, which will be detailed in the following subsections.

3.1. Feature Extraction

Following the data preparation described in Section 2, the Sentinel-1 dual-Pol data was processed
to the commonly used PolSAR covariance matrix, with a size of two by two. Based on the above
mentioned preprocessed dual-Pol data, four different types of features were derived. They were,
namely, polarimetric, local statistical, texture, and mathematical morphological feature, which will be
described in the following subsections:

3.1.1. Polarimetric

SAR polarimetry allows for the retrieve of shape, orientation, and dielectric property information
of scatterers [38,39]. Since there are multiple polarimetric channels, it provides more information
than single-pol SAR data. However, the richness of polarimetry is achieved by sacrificing the spatial
resolution. To balance the trade-off, instead of a fully polarized SAR, Sentinel-1 mission provides
partially polarized SAR data, known as dual-Pol data, with the VV and VH channels. To use the
polarimetric information of Sentinel-1 data, we used the intensity of the VH channel (|SVH |2), intensity

of VV channel (|SVV |2), normalized coherence of VH and VV 〈SVHS∗VV〉√
〈|SVH |2〉〈|SVV |2〉

, and relative phase of VH

and VV (actan2(〈SVHS∗VV〉)) , where SVV and SVH are the complex signals of VV and VH channels,
and ∗ denotes complex conjugate. These four features contain essential polarimetric information
provided by the dual-Pol data. This polarimetry combination is able to distinguish specular scattering
from diffuse scattering [40]. For the purpose of LCZ classification, these features are highly beneficial
to differ classes with different surface roughnesses, such as water, plant, building, and soil. We named
them as Pol-Baseline in our experiments.

3.1.2. Local Statistical

Since the morphological structure of an urban neighborhood is one of the essential factors that local
climate zone classes try to describe, it is natural to derive features describing the local neighborhood.
It has been shown that simple statistical parameters of a local neighborhood the mean and standard
deviation are suitable features for the classification in [13,25]. In our global-scale task, we extracted five
statistical parameters: maximum, minimum, mean, standard deviation, and median of local patches.
Since the ground sampling distance (GSD) of the LCZ map was suggested to be 100 ms [3,25], the local
patch in this work was defined as a size of 10 by 10 pixels, corresponding to the suggested 100 meters
GSD. Those parameters were derived from all four polarimetric features (Pol-Baseline), resulting in 20
features. We named the local statistical feature the Stat-Feature.

3.1.3. Texture

In general, SAR data is well known for containing texture information [27,29,41]. Dual-Pol
SAR data is even richer in this regard, simply because it has one more channel. The GLCM is used
here to extract texture features. The GLCM describes the distribution of co-occurring values of
an image in a given area. It provides a statistical view of texture based on the image histogram
[42]. This work extracts the GLCM-based texture information from Sentinel-1 dual-Pol data for LCZ
classification. The GLCM statistical features used for describing the distributions include contrast,
dissimilarity, homogeneity, angular second moment, maximum probability, entropy, mean, variance,
and correlation. For more details of those features, please refer to [42]. Those features can characterize
specific characteristics of images, such as homogeneity, contrast, and organized structures presented in
an image. For the purpose of LCZ classification, the compactness relates to the spatial distribution
of deterministic scatterers in a SAR image, which can be represented by GLCM features. Thus, the
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GLCM-based texture features are expected to be beneficial to classify LCZ classes with respect to
compactness. To compute the GLCM, it was applied to intensity images of VV and VH channels. For
the computational efficiency, the intensity value was quantized into 32 bins. The orientations 0◦, 45◦,
90◦ and 135◦ were chosen. A window size of 11 pixels was chosen. Since the ground sampling distance
of the data was 10 ms, the window size suits the 100-m resolution definition of the local climate zone
product. The ESA SNAP toolbox was used for GLCM extraction because of its fast implementation.
The feature was named the GLCM-Feature.

3.1.4. Mathematical Morphological

Spatial-contextual information also plays an important role in LCZ classification. Morphological
profiles are regarded as one of the most effective techniques for the extraction of spatial-contextual
features and have been intensively used in the remote sensing community for information extraction
and scene classification using optical data [33,43–45] and SAR data [27]. Very recently, the advantage
of using morphological profiles has become apparent in the application of LCZ classification [8].

The main building blocks of morphological profiles are opening and closing operation [46]. These
morphological operators simplify the input gray scale image by removing structures with respect to a
predefined structuring element. Structuring elements have a unique structure with a known shape and
size (e.g., a disk with a radius of 5 pixels). Therefore, morphological profiles can be produced using a
sequence of opening and closing operations, where a structuring element of increasing size applied to a
gray scale image to accurately extract spatial features [44]. In [47], an advanced version of opening and
closing (opening and closing by reconstruction) was introduced to further improve the ability of the
conventional opening and closing operators in terms of information extraction and shape preservation.
Opening and closing by reconstructions satisfy the following criterion: If the structuring element
cannot fit the structure of the image (objects), then it will be totally removed, otherwise, it will be totally
preserved. Reconstruction operators remove objects smaller than structuring element without altering
the shape of those objects and reconstruct connected components from the preserved objects. Figure 5
shows an image captured over the city of Zurich along with its corresponding opening, opening by
reconstruction, closing and closing by reconstruction.

Figure 5. Morphological opening and closing operations on intensity of VH channel with a radius of 5,
for the data of city Zurich. From left to right, top to bottom: VH channel in dB, opening, opening by
reconstruction, closing, and closing by reconstruction.
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The structuring element has two important parameters: shape and size. Different objects with
various surroundings have different degrees of response when considering morphological profiles
under different structuring element sizes and shapes. Therefore, morphological profiles can extract the
spatial features under different scales and geometric properties. In this paper, the profile was produced
by considering the intensity images of VV and VH as inputs. The investigated structuring element in
this paper is circular with the diameters set to 1, 3, and 5. We named the morphological feature the
"MP-Feature".

3.2. Classifiers

A CCF [48] was chosen to pursue a solution to the task of global local climate zone classification
in this work. There are two reasons for this selection: (1) CCF, as a member of random forest methods,
is a non-parametric algorithm with a low computation cost, which also provides the function of feature
importance analysis; (2) CCF was proven to not only outperform other classifiers in computer vision
[48] but also as highly effective in local climate zone classification [25].

To recall a CCF, necessary notations are introduced as follows. Let X = [x1, x2, ..., xN ]
T ∈ RN×P

denote the training data, with N instances and P features. Let Y = [y1, y2, ..., yN ]
T ∈ ZN×C be

the label of training data, where C is the number of classes. If yi, a C × 1-sized vector, indicates
that data instance xi belongs to class two, the second element of vector yi equals one, and other
elements are zero. Accordingly, the training data set is represented as D = {X, Y}. Similarly, let
X̂ = [x̂1, x̂2, ..., x̂N ]

T ∈ RN×P denote the data for the prediction and Ŷ = [ŷ1, ŷ2, ..., ŷN ]
T ∈ RN×C

denote the predicted label. Differing from the label in the training data, all elements in predicted label,
vector ŷi, ranges in [0, 1], represent the probabilities of every class that x̂i falls under.

3.2.1. Canonical Correlation Analysis (CCA)

Canonical correlation analysis was designed to analyze the linear relation between sets of variables
[49]. Let two data sets be represented as W ∈ Rk×a and V ∈ Rk×b, with k instances and the numbers
of features as a and b, respectively. CCA pursues canonical coefficients P = [p1, p2, ..., pv] ∈ Ra×v

and Q = [q1, q2, ..., qv] ∈ Rb×v so that data sets W and V are linearly mapped into a latent space
(WP ∈ Rk×v and VQ ∈ Rk×v) where they have maximum correlation. Canonical coefficients are
coupled in a pair-wise fashion {pi, qi} and given by (1).

argmax
pi∈Ra ,qi∈Rb

corr(W pi, Vqi)

subject to ||pi||2 = 1, ||qi||2 = 1
(W pi)

T(W pj) = 0 i 6= j
(Vqi)

T(Vqj) = 0 i 6= j
where i = [1, 2, ..., v] v = min(rank(W), rank(V))

(1)

These projected data sets WP and VQ are situated in a v dimensional space. The largest v
correlation coefficients associate with the 1st to vth dimension of the space. The solution of the
optimization problem (1) is boiled down to a generalized eigenvalue problem [50].

3.2.2. CCFs

As a CCF is an advanced version of random forests, it is introduced by first presenting the random
forest and then explaining the improvements made by CCF.

Let RF = {ti}i=1,...,L denote random forests, where a random forest RF consists of L decision
trees ti. An individual decision tree recursively divides a feature space by axis-aligned split until the
pure node or stop criteria is achieved. Since a decision tree is a deterministic classifier, training on
the same data results in identical trees. To introduce randomness, there are two general strategies
among random forest methods. The first one is bagging, where subsets of the whole training data
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(Xsub ∈ RNs×P, Ns < N) are randomly sampled with replacements for training decision trees [51]. The
second strategy is to use random subspaces of original data (Xsub ∈ RN×Ps , Ps < P) to train decision
trees [52]. Both strategies decorrelate decision trees and create diversity in predictions. Statistically,
diversity encourages a random forest to follow the Law of Large Numbers so that it does not suffer from
overfitting as individual decision tree [48,53,54]. Most importantly, the diversity is essential to the
power of random forest. At the final prediction phase, an averaging of outputs of all trees is applied
for the regression task (2).

RF(x̂) =
1
L

L

∑
i=1

ti(x̂) (2)

For the classification task, besides the majority voting of a unique label, a random forest can also
provide probabilities of each class that data instance x̂ falls under (3).

RF(x̂) = ŷ = [pb1, pb2, ..., pbC]

where: pbj =
1
L ∑L

i=1 ti = j, j ∈ [1, 2, ..., C]
(3)

Regarding the CCF, there are two key improvements [48]. First, instead of splitting the feature
space in axis-aligned manner, it finds the hyperplane in the projected space, where input features
X ∈ RN×P and training label Y ∈ ZN×C have maximum correlation. This enables CCF to find natural
class boundaries in the feature space instead of restricting it to the axis. The second improvement
is called projection bootstrapping. Instead of bagging the training data, it takes in all training data.
However, it selects training samples exactly as bagging does to find the CCA projections. Then, all
training data are mapped into the canonical correlation space to find hyperplanes. In this fashion,
diversity is introduced by bagging-learned CCA projections.

3.2.3. Feature Importance Analysis

To better understand how different features work for our global-scale LCZ classification task, the
function of feature importance analysis in a CCF is applied to gain a quantitative insight. Before the
analysis, the principle of feature analysis is recalled in this section.

Once a CCF is trained, it predicts the out-of-bag sample or the validation sample. With the ground
truth label, one could estimate a prediction error Epred. To achieve the importance analysis of feature Pi,
only values of feature Pi are randomly permuted in samples. Therefore, the trained CCF predicts the
label of samples with permuted Pi and achieves another prediction error Eperm. Hypothetically, Epred

should be smaller than Eperm. The feature importance indication of Pi is given by
Eperm−Epred

Epred
, where the

higher the value of this indication, the more important is feature Pi is [53].
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4. Experiments and Discussions
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Figure 6. Left figure presents the (OA) and kappa coefficient. Right figure illustrates producer
accuracies of all 17 classes. These classes are: 1: Compact high-rise, 2: Compact mid-rise, 3: Compact
low-rise, 4: Open high-rise, 5: Open mid-rise, 6: Open low-rise, 7: Light weight low-rise, 8: Large
low-rise, 9: Sparsely built, 10: Heavy industry, 11: Dense trees, 12: Scattered trees, 13: Bush, scrub, 14:
Low plants, 15: Bare rock or paved, 16: Bare soil or sand, 17: Water.

In this section, the performance of different feature types were analyzed. In this context, firstly,
the polarimetric feature and local statistical feature were quantitatively compared, and the one
with better performance was later treated as a benchmark feature. Secondly, the chosen benchmark
feature was combined with the texture feature and morphological feature, respectively, allowing
the performance of the latter two types of features to be compared and analyzed. Afterward the
feature importance was analyzed using the CCF. Lastly, the performance of the Sentinel-1 dual-Pol
data was discussed regarding the application of local climate zone classification. For all following
experiments, the training was based on 20 cities and the testing was conducted on 9 cities, as listed
in Table 1. The performance of the classification approach is evaluated based on three quantitative
indicators, overall accuracy (OA), kappa coefficient, and average accuracy (AA). OA is simply
achieved by dividing the total number of correctly classified samples by the number of overall
classified samples, and reported in percentage. Kappa coefficient is a statistical measurement,
which estimates inter-rater agreement and is of no unit. AA is the average of all class-specific accuracies.

4.1. Benchmark Feature Selection

The Pol-Feature is the identical preprocessed dual-Pol data organized at the pixel level with
a ground sampling distance of 10 by 10 ms. The Stat-Feature derives straightforward statistical
parameters out of a neighborhood of 100 by 100 ms. The extent is identical to the resolution of the
targeted local climate zone classification map. Although the Stat-Feature involves spatial information,
it essentially describes the polarimetric feature as well. Therefore, our first experiment was to analyze
performances of both features. The better one, in terms of OA and kappa, was selected as the
benchmark feature, which is later combined with the GLCM-Feature and the MP-Feature for further
analysis.

According to Figure 6, the Stat-Feature outperformed the Pol-Feature by 5.68% and 0.088, in
terms of OA and the kappa coefficient, respectively. It also performed better generally on producer
accuracies. Considering the challenge of global scale in our work, the difference is quite dramatic, but
not surprising. It has been proven in remote sensing that involving spatial information can significantly
improve the classification performance [55–57]. Consequently, the Stat-Feature was selected as the
benchmark feature to work with the other two features.
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4.2. Texture Feature

The speckle is omnipresent in SAR images as an intrinsic characteristic [58], which is normally
regarded as noise during SAR data interpretation. However, when extracting texture information,
the speckle becomes a valuable source containing rich texture information. To quantitatively test to
what extent speckle filtering impacts texture, the GLCM-Feature was extracted from data sets with
(GLCM-Feature-F) and without (GLCM-Feature-UF) speckle filtering.
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Figure 7. Classification evaluation using OA and kappa coefficient as the evaluation metrics.

To summarize results in Figure 7, firstly, by comparing classification performances of
GLCM-Feature-F and GLCM-Feature-UF, speckle filtering led to a massive loss of texture information.
Secondly, the GLCM-Feature downgraded the classification performance of the Stat-Feature. The reason
could be as follows. (1) Originating from the GLCM design, the radiometric resolution is decreased
to 32 statistically equalized bins for computational efficiency, thus causing information loss. (2) The
equalized bin is statistically decided in the individual data set. For a global scale task, data sets
collected from different locations, at different times, with different incident angles would have very
diverse intensity responses in imageries. Therefore, the method of GLCM texture extraction is unable
to ensure that data sets with the same textures appear the same in the feature space.
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Figure 8. Classification evaluation using OA and Kappa coefficient as the evaluation metrics.

4.3. Morphological Feature

To set up comprehensive experiments, like GLCM-Feature extraction, the MP-Feature was applied
to data sets with MP-Feature-F and without MP-Feature-UF speckle filtering. Therefore, the performance
of the MP-Feature could be tested regarding speckle SAR data.

According to results shown in Figure 8, MP-Feature improved the classification by 3% in
OA. Furthermore there was almost no difference in the performance between MP-Feature-UF and
MP-Feature-F.
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Figure 9. Feature importance obtained by CCF.

4.4. Analysis of Feature Importance

Figure 9 shows the feature importance achieved by canonical correlation forests using all test
samples. The empirical importance indication reveals several interesting phenomenons. Firstly, the
most important three features are components of the MP-Feature. The morphological spatial feature
plays a very important role in our global LCZ classification task since LCZ classes describe the
morphological property of an urban local neighborhood. Secondly, the VH polarized data contributes
the most to the classification because eight out of top ten important features (all top six), are related to
VH data. Thirdly, the coherence of VH and VV data also contribute the classification; however, it has
often been ignored when using PolSAR data. Lastly, features on the relative phase between VV and
VH barely provide any information because they are all among the least important features.

4.5. Class-Wise Analysis

Table 4. Experiments settings regarding feature combinations.

Feature Name Feature Combination Code
A B C D E F

Pol-Feature Y - - - - -
Stat-Feature - Y Y Y Y Y
GLCM-Feature-F - - Y - - -
GLCM-Feature-UF - - - Y - -
MP-Feature-F - - - - Y -
MP-Feature-UF - - - - - Y
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Table 5. The producer accuracies, OA, and kappa coefficient of the CCF classification approach on
different feature combinations (as detailed in Table 4). The number of training and test samples are
listed for different classes. The best accuracy for each class is shown in a bold typeface. The metric OA
and class-specific accuracy are reported in percentages, and the Kappa coefficient is unitless.

Class Train Test A B C D E F

Compact high-rise 4402 2050 2.54 5.9 14.29 4.93 6.49 6
Compact mid-rise 21,708 8426 21.84 34.75 46.24 31.34 36.11 35.06
Compact low-rise 19,502 21,004 5.5 14.66 12.06 13.97 14.84 14.38

Open high-rise 11,683 3185 1.44 3.77 8.7 2.35 3.05 2.95
Open mid-rise 17,085 5618 4.34 8.26 18.08 10.89 9.08 7.17
Open low-rise 26,126 17,951 5.83 26.27 18.37 19.93 28.32 26.64

Light weight low-rise 722 1115 0 0 0 0 0 0
Large low-rise 34,792 17,874 17.33 51.27 49 47.76 55.68 54.64
Sparsely built 14,640 6924 0.81 6.69 6.04 2.47 8.17 7.32

Heavy industry 9129 5801 3.45 8.08 4.67 4.4 8.17 7.74
Dense trees 69,731 43,652 47.64 65.26 53.36 51.39 67.48 67.51

Scattered trees 21,926 8938 1.83 8.97 5 5.65 9.07 7.56
Bush, scrub 19,396 14,864 1.53 1.08 3.61 0.45 1 0.91
Low plants 97,243 35,064 49.31 65.56 56.8 64.29 69.31 68.34

Bare rock or paved 6119 3989 0.15 0.45 0.28 1 0.45 0.3
Bare soil or sand 78,543 3284 6.76 27.13 35.99 5.85 29.75 27.92

Water 309,387 137,753 96.42 89.72 68.56 81.7 94.28 93.11

OA 53.12 58.8 47.58 52.51 61.8 60.9
KAPPA 0.3968 0.4847 0.3746 0.4152 0.5182 0.5077

Table 5 shows class-specific accuracies of different feature combinations. Table 4 gives detailed
information about the combinations. In the comparison of feature combinations, class-specific
accuracies, OA, and kappa suggest that classification using the Stat-Feature and MP-Feature derived
from filtered data provided the best classification accuracy. By comparing feature combinations A and
B, the Stat-Feature improved classification accuracies significantly. Morphological description was also
very important for our classification task because adding the MP-Feature to the Stat-Feature further
improved classification accuracies, by comparing combinations B and E.

Since the task is very challenging in aspects of global scale and complicated LCZ classes, with the
CCF strategy, Sentinel-1 dual-Pol data were not able to provide satisfactory classification accuracies.

However, there was valuable information on how Sentinel-1 dual-Pol data could contribute to this
task. Despite GLCM is not suitable on extracting textures from multiple cities, the texture features of
Sentinel-1 dual-Pol data did excel in distinguishing compactness and height, because the combination
C provided better accuracies for the first six classes compared to other combinations. By comparing
the accuracies of bare soil or sand in combinations B and C, one can determine that a SAR speckle
texture is a good option for classifying this specific class.
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4.6. Sentinel-1 Data for LCZ Classification

6.49

0.65

0.03

1.48

0.16

0.02

0.45

0.58

0.00

3.50

0.00

0.01

0.00

0.00

0.45

0.03

0.00

51.32

36.11

11.04

15.86

19.28

3.64

26.64

8.13

0.38

16.77

0.44

0.36

0.04

0.10

3.01

0.85

0.01

2.63

10.42

14.84

5.21

11.07

12.57

13.45

3.60

2.21

3.19

2.01

1.14

0.13

0.53

2.08

1.49

0.01

3.85

1.88

0.88

3.05

2.40

1.33

1.43

2.65

0.29

1.74

0.08

0.22

0.01

0.03

0.63

0.24

0.00

4.54

8.01

6.09

3.74

9.08

4.29

6.37

3.07

0.64

2.17

0.42

0.35

0.05

0.07

0.70

0.58

0.01

1.90

6.86

17.25

7.03

18.67

28.32

18.74

7.79

11.01

5.15

4.38

5.71

0.92

1.23

3.79

3.32

0.01

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

24.73

26.85

20.92

51.52

27.13

16.78

20.81

55.68

9.30

43.27

1.21

4.45

0.64

1.15

28.25

9.29

0.18

0.05

0.12

1.73

0.38

0.43

2.53

0.36

0.99

8.17

0.52

0.54

3.09

0.58

0.43

0.63

0.55

0.01

2.29

1.63

0.57

1.19

0.52

0.16

0.99

1.29

0.03

8.17

0.13

0.01

0.01

0.01

2.53

0.43

0.01

0.98

4.85

9.02

4.55

7.69

16.78

8.97

4.52

24.60

4.71

67.48

34.93

21.49

11.37

6.27

13.12

0.07

0.00

0.07

0.41

0.22

0.16

1.30

0.09

0.66

7.67

0.29

1.40

9.07

3.24

0.95

1.18

2.65

0.03

0.00

0.01

0.03

0.00

0.00

0.03

0.00

0.05

0.66

0.02

0.62

0.63

1.00

0.47

0.23

0.24

0.03

0.24

0.56

6.42

1.98

1.03

6.58

0.18

2.86

24.61

2.62

16.65

34.35

69.36

69.31

15.19

33.01

0.89

0.24

0.02

0.00

0.00

0.00

0.01

0.09

0.08

0.06

0.09

0.02

0.03

0.06

0.01

0.45

0.15

0.02

0.49

1.83

10.68

3.74

2.14

5.54

1.17

7.16

9.56

6.76

2.86

4.50

1.55

12.25

19.45

29.75

4.46

0.24

0.13

0.08

0.06

0.25

0.12

0.27

0.88

0.82

1.03

1.75

1.15

0.91

2.07

15.17

4.29

94.28

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

Figure 10. Confusion matrix of the classification framework on feature combination E, which is the
best feature combination in terms of OA. Numbers are reported in percentages.

According to Table 5 and Figure 10, it is obvious that the classification accuracy is not satisfactory.
With reference to the proposed working flow shown in Figure 10, the first ten urban classes are very
hard to be classified with the individual use of Sentinel-1 dual-Pol data. The two classes, compact
high-rise and the compact mid-rise, are confused with each other. In addition, most urban classes
are confused into the class of large low-rise. Eventually only accuracies for the water, low plants,
and dense trees are acceptable. However, as it is the first study of LCZ classification using Sentinel-1
dual-Pol data, the present outcome leaves rooms for improvement.

5. Conclusions

This paper describes the first attempt to produce local climate zone classification maps on a global
scale using freely accessible Sentinel-1 dual-Pol data sets. The set of features, which were reported as
being informative in the literature were assessed for our specific goal. We discovered that the local
statistical feature excelled in optical classification and also well with dual-Pol SAR data. However, the
GLCM feature, which has often been reported as highly informative in SAR classification, was not
suitable for our global scale task due to the lack of a generalization capability since its dependency
on a statistical distribution of an individual data set limits its transferability to other data sets. The
morphological profile functioned quite well in our task, improving local statistical features, texture
features by 3% and 9.29% in terms of OA. Morphological profiles extracted the spatial morphological
structure of the data, which suited the essential content of local climate zone classes. According to the
feature importance analysis of the CCF classifier, the VH polarized data had the biggest contribution
to our classification task. The often-ignored feature, the coherence of VV and VH, contributed more to
the classification compared to contributions of the VV polarised data. Moreover, the relative phase
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of VV and VH polarized data barely provided informative content for classifications, even dragging
down the performance.

By far, classification accuracies of the Sentinel-1 data are not very appealing. However, considering
the challenges of a global scale and transferability in our task, Sentinel-1 data still contributes in
different manners for certain classes. The ensemble CCF strategy in this paper was chosen for
the classification step due to its high generalization ability and superior performance over deep
learning-based classifiers [8]. One potential reason for why CCF outperformed a deep learning-based
classification method in [8] may have been due to the limited number of training samples. However,
one deficiency of the CCF is that it demands hand-designed extracted features to further boost its
classification performance. While endless combinations of features that can be fed to a CCF exist, this
paper took the very first steps to evaluate the most informative sets of features and critically compare
their performance for a global LCZ classification.

In the future, we intend to further examine this challenging task by investigating a deep learning
strategy in order to take advantage of its capability of automatic feature extraction and selection. No
matter which strategy is under consideration, one more critical detail should also be studied is that,
how large is the neighborhood in remote sensing data is optimal for classifying LCZ classes. Regarding
the data source, we also intend to investigate using both radar and optical remote sensing data, so that
data fusion might contribute to this task. Last but not the least, we are interested to develop a solution
to our global scale task, which has a strong capability on transferring generalization.
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MIMA: MAPPER-Induced Manifold Alignment for
Semi-Supervised Fusion of Optical Image and
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Abstract—Multi-modal data fusion has recently been shown
promise in classification tasks in remote sensing. Optical data
and radar data, two important yet intrinsically different data
sources, are attracting more and more attention for potential data
fusion. It is already widely known that, a machine learning based
methodology often yields excellent performance. However, the
methodology relies on a large training set, which is very expensive
to achieve in remote sensing. The semi-supervised manifold
alignment (SSMA), a multi-modal data fusion algorithm, has
been designed to amplify the impact of an existing training
set by linking labeled data to unlabeled data via unsupervised
techniques. In this paper, we explore the potential of SSMA in
fusing optical data and polarimetric SAR data, which are multi-
sensory data sources. Furthermore, we propose a MAPPER-
induced manifold alignment (MIMA) for semi-supervised fusion
of multi-sensory data sources. Our proposed method unites
SSMA with MAPPER, which is developed from the emerging
topological data analysis (TDA) field. To our best knowledge, this
is the first time that SSMA has been applied on fusing optical data
and SAR data, and also the first time that TDA has been applied
in remote sensing. The conventional SSMA derives a topological
structure using k-nearest-neighbor (kNN), while MIMA employs
MAPPER, which considers the field knowledge and derives a
novel topological structure through the spectral clustering in
a data-driven fashion. Experiment results on data fusion with
respect to land cover land use classification and local climate
zone classification suggest superior performance of MIMA.

Index Terms—Hyperspectral image, MAPPER, multi-modal
data fusion, multi-sensory data fusion, multispectral image, Pol-
SAR, semi-supervised manifold alignment (SSMA), topological
data analysis (TDA).

I. INTRODUCTION

IN recent decades, data fusion has attracted a lot of
attention in the remote sensing community [1], [2], [3],

[4], motivated by the simple fact that multiple data sources
reveal complementary physical properties of observed scenes.
For example, optical RGB data normally possesses high
spatial resolution [5], while multi/hyperspectral data contains
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spectral information [6], and synthetic aperture radar (SAR)
data gives dialectic and geometric properties. Thus, it is
valuable to develop algorithms that are able to take advantage
of different data sources for applications. In this regard,
machine learning techniques are becoming increasingly
important due to their excellent performance [7], [8], [9].
As is generally known in machine learning, the training data
set is of great importance [10]. Most successful techniques
require a large set of training data [11]. However, accessing a
large training data set is very expensive, especially in remote
sensing, because labeling a training data set in this field
requires expertise that is more complicated than identifying
dogs and cats. Therefore, a semi-supervised learning technique
is a good option for remote sensing tasks, as the unlabeled
data set is linked to the training data set by unsupervised
approaches in the learning of the technique. It amplifies
the effect of the existing training data set. Considering the
importance of data fusion and precious training data, this
paper studies a semi-supervised learning technique, named
manifold alignment, to fuse optical image and polarimetric
SAR (PolSAR) data for the purpose of classification.

A. Fusion of optical and SAR data

Due to the rapid development of remote sensing missions
such as LandSat-8, Sentinel-2, EnMAP for optical remote
sensing and TerreSAR-X, Tandem-X, Sentinel-1 for radar
remote sensing, a huge amount of optical data and SAR
data have been collected; the data volume can be expected
to increase over time. The fusion of the two data sets hold
great potential for use in various applications [12]. Besides
the data availability, the other reason to fuse them is that
dialectic and geometric properties provided by SAR data are
complementary to the spectral information of optical data.
However, fusing them in practice is not as straightforward as
the argument for doing it. The difficulty lies in the intrinsic
differences in their imaging geometry. Because of the slanted
looking angle of the SAR sensor, SAR images have an oblique
appearance, with distortions of foreshortening, shadowing,
and layover. This results in image geometry that is severely
dissimilar to the nadir looking optical data. The extent of
SAR distortions is positively correlated to height. This will
pose substantial challenges when fusing these two data sets,
especially in urban areas with large height fluctuations. To
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date, some studies have explored fusing these two data sources.
We categorize those studies into three types based on their
purposes: (1) registration oriented, (2) detection oriented, and
(3) classification oriented.

1) Registration is actually a prerequisite of any further
fusion. However, precise registration of SAR and optical image
is very challenging due to geometric differences. A conditional
generative adversarial network [13] was trained to generate an
artificial SAR image given a real-world optical image, and the
optical image and SAR data are then registered by matching
the artificial SAR data with the real-world SAR data. This
technique was shown to be effective in a suburban area. A
3D registration is introduced in [14] to align optical and SAR
data by imitating the physical procedure of optical and SAR
imaging based on a digital surface model. A pseudo-siamese
convolutional neural network architecture [15] was trained to
identify corresponding optical and SAR data in image patches
and showed promising preliminary results. By far, although
progress has been made in recent years, precise SAR and
optical data registration has not achieved a robust solution yet,
especially for complex urban areas. Thus, for other purposes
of fusing these two data sources, the straightforward approach
is registration by geographic coordinates.

2) Detection tasks have been proven successful by using
optical and SAR data for the purpose of detecting building
outlines [16], crops [17], water [18], [19] and urban areas
[20]. Since the detection task focuses on specific targets,
studies extract representation of those targets from each of
the two data sources so that they can work together to identify
targets. For example, for detecting crops, optical data provides
spectral signatures and SAR provides scattering mechanisms
of interested targets; these characteristics are extracted and
used together to identify the target under detection.

3) Classification is more challenging than detection tasks
for more than one class of interest is under consideration. This
paper focuses on this challenges [21]. Recently, a number of
studies [22], [23], [24], [25] have tried to solve classification
tasks by using both optical and SAR data. In general, these
fusing strategies all extracts features from the individual data
set, then concatenate all the features and feed them into
various classifiers. The most important part of this procedure
is to extract hand-crafted informative features [26] regard-
ing classification. A two-stream convolutional neural network
(CNN) [27] derives high level features of individual data sets
by utilizing the power of CNN and then concatenates those
features for classification. In brief, concatenation is the main
strategy for fusing SAR and optical data so far, which is an
effective and straightforward approach.

B. Semi-supervised manifold alignment (SSMA)

SSMA pursues a projection for each input data source,
and maps corresponding data into a shared latent space [28],
[29]. These properties hold within this space: (a) data of the
same classes locate close to each other; (b) data of different
classes locate far from each other; (c) the topological property
of individual data is preserved. These three properties make
SSMA to be a promising candidate for our task from a

methodological perspective for two reasons. First, the first
two properties promote classification-wise advantageous in-
formation from any data source to be used. Second, the final
property implicitly connects unlabeled data to training data,
which amplifies the functionality of the training data. These
two factors meet our need for an algorithm that fuses data sets
with the maximum usage of the training data.

In the remote sensing community, SSMA has been investi-
gated for various applications. It was applied to fuse an RGB
image and hyperspectral image so that visualization of hyper-
spectral image could be achieved in the latent space, exhibit-
ing more spectral information than conventional visualization
methods in [30]. A kernel manifold alignment was introduced
in [31] to fuse multiple optical remote sensing data into a
latent space by nonlinear projections for a classification task.
Manifold alignment was also used in [32] to align spectral
signatures from different optical data sets by projecting them
into a latent space so that object detection was achieved.

In regard to remote sensing data fusion, different data
sources observe the same region of interest. Essentially, the
observed target is a single object that appears differently in
data sources due to sensor specifications. Thus, this question
arises. Although, theoretically, SSMA is a good choice, does
one latent space of observed objects, where data sources can be
aligned? If it exists, can we find that space by using SSMA?
Tuia et al. [33] applied SSMA to find the underlying space
of multiple optical data sets under three scenarios: different
looking angles, multi-temporal, and different sensors. In this
work, we aim to fuse multi-sensory data sets, namely optical
image and polarimetric SAR data, by SSMA.

C. Topology and MAPPER

One important feature of SSMA resides its exploration
of the topological structure of data. The conventional mani-
fold based method [28], [29], [34], [35], [36] approximates
topological properties by using the kNN. They essentially
assume that the underlying manifold of a data is a Riemannian
manifold which can be locally approximated by Euclidean
measurement [37], [38], [39]. Recently, topological data anal-
ysis (TDA) has emerged as a new mathematical sub-field of
big data analysis, by means of studying topological properties
in the data [40], [41], [42], [43]. One TDA tool, named
MAPPER, resolves a computable approximation of the Reeb
graph which represents the topological structure of a data with
respect to one interested intrinsic property of the data [44],
[45].

A general explanation of topology is that it is an art of
simplification. It ignores complex information of the object
under studying, and rather focuses on one meaningful aspect
of it. On this regard, conventional manifold methods focus on
the aspect of the local connection or the local structure. On the
side of MAPPER (Reeb graph), it focuses on the topological
structure of data related to the interested intrinsic property.

In real applications, the MAPPER has been proven capable
of revealing unknown knowledge in medical studies, by inter-
preting topological structures of data sets. The tool was applied
to analyze breast cancer transcriptional data and uncovered a
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sub-group of Estrogen Receptor-positive (ER+) breast cancers.
Patients suffering this kind of cancer exhibit 100% survival
and no metastasis. This finding was previously unknown and
is invaluable for future treatment [46]. MAPPER was also
applied to analyze the data of preclinical traumatic brain injury
(TBI) and spinal cord injury (SCI). It revealed a previously
unknown pattern of co-occurring TBI and SCI, as well as a
previously unknown harmful effect of an experimental drug
treatment [47]. With the help of MAPPER, Li et al. [48]
explored complex medical records of type 2 diabetes (T2D)
patients and revealed previously unknown sub-groups within
T2D. All the above discoveries are invaluable and contribute
to greater precision in the practice of medicine.

Besides the inspiration of these successful studies in
medicine and the sound theoretical foundation of the MAPPER
[44], the other reasons which motivated the authors to utilize
the MAPPER to explore the topological structure of the remote
sensing data are listed as following:

1) The field knowledge The MAPPER focuses on the
topological structure of data related to an intrinsic property. In
practice, the intrinsic property is quantitatively derived from
the data by an expert-designed filter function. The quantified
property operates as a lens through which the MAPPER
observes the data and extracts the topological structure of
the data. Therefore, the choice of the lens, equally the filter
function, introduces a field knowledge into the procedure
of extracting topological structure. To our best knowledge,
the ability of extracting topological structure from a field-
knowledge perspective is unprecedented for the manifold-
related technique in remote sensing.

2) The regional-to-global topological structure Instead of
focusing on local structures of data points in conventional
manifold-based techniques, the MAPPER focuses on an in-
trinsic property introduced by the filter function. Under the
guidance of the filtered values, MAPPER divides a data into
several bins, derives topological structure of each bin, and
collects those structures together as a global one. This results
in a regional-to-global topological structure. For the complex
remote sensing data, especially SAR data, the regional derived
structure is more robust to outliers than the local derived one.

3) The data-driven and optimized topology The spectral
clustering is embedded into MAPPER in this work, leading to
a data-driven and optimized topological structure.

• A data-driven topology. The eigen-gap concept in the
spectral clustering detects the number of clusters [49].
This ensures the derived topological structure suits the
distribution of the data. Rather, conventional techniques
derive the topological structure of the whole data set, with
the kNN of a fixed k [50].

• An optimized topology. The spectral clustering is an opti-
mized graph-cut algorithm, which is capable of unbiased
grouping [51], [52]. However, a conventional manifold
technique directly relies on the precision of the similarity
measurement. Although sophisticated similarity measure-
ments have been developed in remote sensing, the high
dimensionality and the complexity of the data still pose
challenges on the measurement.

D. Summary

The contributions of this paper are three-fold.
• This work studies the fusion of heterogeneous remote

sensing data sources, namely, the optical data and the po-
larimetric SAR data, with the semi-supervised manifold
alignment technology.

• To our best knowledge, this is the first time that the topo-
logical data analysis (TDA) technique has been applied
in the remote sensing community.

• A novel MAPPER-induced manifold alignment is pro-
posed for semi-supervised data fusion. Its performance on
the fusion of polarimetric data and optical data regarding
classifications is quantitatively analyzed.

The remainder of this paper is organized as follows. In
Section II, MAPPER and SSMA are reviewed, and MIMA is
introduced. The experimental setup, results, and comparisons
are provided in Section III. Finally, Section IV provides
conclusions and remarks on the work.

II. METHODOLOGY

In this section, we first introduce the background of the
topological data analysis tool called MAPPER. Then, we
review the basics of semi-supervised manifold alignment.
Finally, the novel MIMA is introduced.

A. MAPPER

In order to introduce MAPPER [44] in a comprehensive
and understandable way, we first provide an intuitive example,
shown in Fig. 1. The theoretical foundation of MAPPER is
then introduced from the perspective of applied topology. Due
to heavy reliance on mathematical concepts for this paper, we
note that notations in section II-A represent separate meaning
from the other notations in the rest of the paper.

1) Intuitive explanation MAPPER is a mathematical tool
developed from applied topology to analyze and visualize
big data sets [44]. The algorithm essentially consists of three
components:

• Filter function selection. MAPPER first requires a filter
function which derives a filtering space where the inter-
ested intrinsic property is quantified. The chosen filter
function should reveal physical meaning or geometric
property of the data. It allows a specialist to introduce
field knowledge into data analysis. For the example
shown in Fig. 1, the filter function is chosen as the
distance to the wrist, so that a filtering space in Fig. 1
(B) is derived from the data point cloud.

• Data separation. In the filtering space, the continuous
value range is sliced into overlapped intervals with a
given overlap percentage and number of intervals, shown
in Fig. 1 (C). Guided by the overlapped intervals [54], the
original input data can be separated into overlapped data
bins accordingly, as shown in Fig. 1 (D). The separated
data in bins have the same dimension as the original data.

• Clustering and visualization construction. Clustering is
applied on each data bin. Clusters of adjacent data bins
might include common data points. MAPPER constructs
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Fig. 1: Example of MAPPER approach to derive the topolog-
ical structure of the point cloud of a human hand. (A): Data
space X , point cloud data of a human hand; (B): Filtered
space Z, points colorized by the filter value; Filter function f :
assigning data points with their horizontal distances to the right
end; (C): U covering of Z, overlapped intervals of the filtered
value; (D): f−1(Uα) covering of X , separating original data
into bins according to intervals in (C), data in bins remain their
original dimension; (E) f−1(Uα) covering of X , achieved by
clustering bins of data. Modified from [53].

a graph where a node represents a cluster, and an edge
represents a link of two clusters. The link is generated for
two clusters if they share common data points. Therefore,
the graph serves as a simplified visualization of the
topological structure of a data set. For example, the graph
in Fig. 1 (E) is derived by MAPPER to represent the
topological structure of the point cloud data of a human
hand.

It is worth to highlight that the filter function is not seen
as a dimension reduction, but quantifies a filtered space which
guides the separation of the original data. As mentioned above,
topology is an art of simplification. The conventional manifold
learning focuses on the local structure of individual data
points. On the other hand, MAPPER derives the topological
structure of data while focusing on the property quantified by
the filter function.

2) Theoretical foundation First, it is necessary to introduce
the concept of covering in topology. In [55], it is explained as:
let p : U → Z be continuous and surjective. If every point z
of Z has a neighborhood C that is evenly covered by p, then
p is called a covering map, and U is defined to be a covering
space of Z, then p is a local homeomorphism of U with Z.
It means that, in terms of function p, the preimage in U and
the image in Z share the same topological properties locally.

The rest of the theoretical foundation is introduced in blocks
corresponding to the three components of the MAPPER.

• Filter function selection. According to MAPPER [44],
data is situated in a topological space X as illustrated in
Fig. 1 (A). A continuous function f : X → Z projects

space X to another space Z, as shown in Fig. 1 (B).
• Data separation. The space Z is equipped with a covering

space U , as shown in Fig. 1 (C). Assuming that covering
space U is a k-simplex spanned by a set {α1, α2, ..., αk}
so that U = {Uα}, since f is continuous, f−1(Uα) forms
a covering of space X and could be used to represent
topological space X of given data , as shown in Fig. 1
(D).

• Clustering and visualization construction. The set
{α1, α2, ..., αk}, as the vertices of k-simplex, are k con-
nected components in topological space X which can
be achieved by clustering. Thus, f−1(Uα) is achieved
to represent data space X , as shown in Fig 1 (E).

B. Semi-supervised manifold alignment (SSMA)

Let Xi = [x1
i , ...,x

k
i , ...,x

ni
i ] ∈ Rmi×ni be a matrix

representing the ith data source, with mi dimensions by ni
instances. The term xki denotes the kth instance of the ith

data source. Let K denote the total number of data sources.
SSMA learns a set of K projections {f1, ..., fK}. The ith

projection fi maps the ith data source Xi into the latent space,
where all the K data sources are aligned in terms of the three
desired properties discussed in the Introduction. The properties
are formulated by three matrices, called the similarity matrix,
dissimilarity matrix, and topology matrix. More specifically,
the similarity matrix (1) is computed by labeled information
to pursue property (a): the data of same class located close to
each other.

Ws =



W 1,1
s ... W 1,K

s

... ... ...
WK,1
s ... WK,K

s


 (1)

The dissimilarity matrix is formed as (2) to accomplish prop-
erty (b): data of different classes located far from one another.

Wd =



W 1,1
d ... W 1,K

d

... ... ...

WK,1
d ... WK,K

d


 (2)

The topology matrix (3) describes the topological structure
of the data, which aims at the property (c): the topological
property of individual data is preserved.

Wt =



W 1,1
t 0 0
0 ... 0

0 0 WK,K
t


 (3)

Each of the matrices (1), (2), and (3) is a matrix with the
size (n1+n2+ ...+nk)× (n1+n2+ ...+nk). In each matrix,
the W i,j is a matrix representing the relationship between the
ith and jth data sources on the individual property.

Similarity matrix Ws and dissimilarity matrix Wd are gen-
erated based on label information. If xpi and xqj share a same
label, then W i,j

s (p, q) = 1, otherwise W i,j
s (p, q) = 0. If xpi and

xqj belong to different classes, then W i,j
d (p, q) = 1, otherwise

W i,j
s (p, q) = 0.
Since the topological structure of the individual data set

is preserved, the matrix Wt is a block-wise diagonal matrix.
The topological structure is conventionally given by the kNN,
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which means W i,i
t (p, q) = 1 if xpi and xqi are neighbors in a

given kNN neighborhood. Otherwise, W i,i
t (p, q) = 0.

In order to simultaneously model the three properties of the
latent space, three terms are formulated for the cost function:

A =

K∑

i=1

K∑

j=1

ni∑

p=1

nj∑

q=1

‖fTi xpi − fTj xqj‖2W i,j
s (p, q). (4)

Minimizing Eq. (4) has the effect of pulling data of the same
class together in the latent space, which meets property (a).

B =

K∑

i=1

K∑

j=1

ni∑

p=1

nj∑

q=1

‖fTi xpi − fTj xqj‖2W i,j
d (p, q). (5)

Maximizing Eq. (5) tends to push data of different classes
away, which is consistent with property (b).

C =
K∑

i=1

ni∑

p=1

ni∑

q=1

‖fTi xpi − fTi xqi ‖2W i,i
t (p, q). (6)

Minimizing Eq. (6) preserves the topological structure of
individual data set, corresponding to property (c). Eqs. (4 -
6) can be combined into the final cost function, which is
formulated as (7):

L(f1, ..., fK) = (A+ C)/B, (7)

and hence an optimization problem (8) can be written as

argmin
f1,...,fK

L(f1, ..., fK) (8)

Proven in [29], the solution f1, ..., fK that minimizing the
cost function L(f1, ..., fK) is given by the smallest non-zero
eigenvectors of the generalized eigenvalue decomposition of
(9). And the matrix D and the matrix L in (9) are the degree
matrix and the Laplacian matrix, respectively.

Z(µLt + Ls)Z
Tx = λZLdZ

Tx, (9)

where

Z =



X1 0 ... 0
... ... ... ...
0 ... 0 XK


,

La =Wa −Da, a ∈ {s, d, t}

Da(p, q) =

{∑m1+...+mk

q=1 Wa(p, q) p = q

0 p 6= q
.

C. MAPPER-induced manifold alignment for semi-supervised
data fusion (MIMA)

As introduced in the last section, three properties are pur-
sued in SSMA while projections are being learned. Essentially,
the first two properties seek to minimize intra-class variance
and maximize inter-class variance for the projected data by
using label information. This is a goal commonly pursued
by many classification strategies, such as linear discriminant
analysis [56]. The third property, preserving topological struc-
ture, brings two powerful characteristics to SSMA. First, the

Algorithm 1: MAPPER(Xi,b,c,F)

Input: Xi ∈ Rmi×ni : the ith data source with ni
instances and mi dimensions, b: the number of
bins, c: overlapping percentage of adjacent
bins, F: filter function.

Output: Wi,i
c : adjacent matrix with the size of ni × ni.

1 calculate the parameter space XiF
2 divide XiF into b intervals with c% overlap of adjacent

intervals
3 divide data Xi into b data bins corresponding to

intervals achieved in 2
4 for (each data bin):
5 Spectral clustering
6 end for
7 Construct topological matrix

Wi,i
c (p, q) =





1, if p and q in the same cluster;
1, if p and q in the linked clusters;
0, otherwise.

8 Return Wi,i
c

Algorithm 2: MIMA ({Xi,Yi}, b, c, F)
Input: {Xi,Yi}, i ∈ {1, ...,K}: K data sources and

label, b: the number of bins, c: overlapping
percentage of adjacent bins, F: filter function.

Output: X̂i, i ∈ {1, ...,K}: the learned latent features
of the K data sources.

1 Construct Ws by labeled data Yi, i ∈ {1, ...,K};
2 Construct Wd by labeled data Yi, i ∈ {1, ...,K};
3 for (i = 1:K):
4 Wi,i

c = MAPPE(Xi,b, c,F)
5 end for

6 Construct Wc =



W 1,1
c 0 0
0 ... 0
0 0 WK,K

c




7 Compute the projections {f1, ..., fK} by solving Eq (9)
8 for (i = 1:K):
9 X̂i = Xifi

10 end for

11 Return X̂i, i ∈ {1, ...,K}

topological structure is extracted from data, both with and
without a label. Thus, SSMA builds up connections among
them, which implicitly propagates the label information to
unlabeled data. This would amplify the usage of existing
labels. Since the label is valuable, the propagation property
of the topological term is highly valued. Second, topology
emphasizes a notion of nearness, but can distort or even
ignore large distances [44]. This is a desirable property for
the purpose of classification. For instance, data of one class
located in a certain extent of feature space, and locations with
large distance to the extent are meaningless for classifying the
specific class. This is also proven truth in classification using
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Fig. 2: The flowchart of the algorithm MIMA. (A) Training phase: a topological graph (Wc) is derived from the optical data and
the SAR data by MAPPER. A similarity graph (Ws) and a dissimilarity graph (Wd) are formed by using the label information.
Therefore, three regularization terms A, B, and C are formulated as Eq. 4, Eq. 5, and Eq. 6, respectively. Lastly, the projection
to the latent space is learned by optimizing argmin

f1,...,fK

L(f1, ..., fK), where L(f1, ..., fK) = (A + C)/B. (B) Testing phase: the

out-of-sample optical data and SAR data are projected into the latent space to accomplish fusion.

topology [36], [35].
In order to achieve the topological term, kNN commonly

serves as the tool to approximate topological structure in con-
ventional methods [29], [57], chosen for its simplicity. In our
proposed MIMA, we utilize MAPPER to extract topological
structure. There are two reasons to do so. First, when applying
MAPPER, field knowledge could be introduced by choosing
the filtering function F. In remote sensing classification, field
knowledge is essential for the complicity of data. Second,
when using kNN, nearness is decided solely by the parameter
K, which is manually given. Once the K is determined, it is
applied to all data without any adaptation. However, nearness
is achieved by clustering in MAPPER, which is a more robust
approach than deciding nearness by giving a threshold value
K. Furthermore, in order to empower MAPPER to decide the
nearness in an adaptive manner, the original single-linkage
clustering [58], [44] is replaced by the spectral clustering [51]
in MIMA. The reason is that the spectral clustering is able
to detect the number of clusters by the concept of the eigen-
gap [51]. Thus, when clustering each data bin, the number

of clusters is decided based on the data itself, meaning that
the nearness is derived in a data-driven manner. For different
data bins, the numbers of clusters are different, meaning the
nearness is derived for different parts of data in adaptive
fashion. Thus, our improved version of MAPPER is capable
of deriving topological structure in an automatic and adaptive
fashion.

Although the original goal of MAPPER is to provide a
simplified visualization of a complicated data set, as shown
in Fig 1, one can also derive the comprehensive topological
structure of all data points using MAPPER. The topological
structure of data source Xi could be represented as an ni×ni
matrix W i

c , where ni is the number of instances: W i
c(p, q) = 1,

when data instances p and q are in the same cluster or in linked
clusters, otherwise, W i

c(p, q) = 0. In MIMA, the topological
matrix Wt in equation (3) is replaced by Wc (10).

Wc =



W 1,1
c 0 0
0 ... 0
0 0 WK,K

c


 . (10)
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Fig. 3: LCLU data set. From left to right: RGB components of simulated EnMAP data; RGB component of Sentinel-1 dual-Pol
data; LCLU training set; LCLU testing set.

The detailed steps of MIMA are summarized in Algorithm 1
and Algorithm 2.

III. EXPERIMENTS AND DISCUSSION

A. Data set and feature design

1) Land cover land use data set (LCLU data set) As
shown in Fig. 3, the LCLU data set consists of three data
sources: a hyperspectral image, dual-Pol SAR data, and ground
truth data. The hyperspectral image is a simulated spaceborne
EnMAP scene with a size of 817 by 220, a 30-meter ground
sampling distance (GSD), and 244 spectral bands ranging from
400 nm to 2500 nm [59]. The dual-Pol SAR data is a VH-VV
polarized Sentinel-1 single look complex (SLC) data collected
by interferometric wide swath mode.1 The Sentinel-1 SLC data
is preprocessed by the ESA SNAP toolbox.2 The processed
dual-Pol SAR data has a GSD of 13 meters and a size of
1723 by 476. It is organized as the commonly used PolSAR
covariance matrix. The ground truth is a land cover land use
data set derived from an Open Street Map data.3

2) Local climate zone data set (LCZ data set) The local
climate zone data set is demonstrated in Fig. 4. It consists
of a multispectral image, a dual-Pol SAR data, and a ground

1https://sentinel.esa.int/web/sentinel/user-guides/sentinel-1-sar/acquisition-
modes/interferometric-wide-swath

2http://step.esa.int/main/toolboxes/snap/
3http://download.geofabrik.de/

truth data. The multispectral image is a scene of LandSat-
8 data with a size of 2220 by 2143, a 30-meter GSD, and
11 bands. The dual-Pol SAR data is also a VV-VH polarized
Sentinel-1 data processed by the ESA SNAP toolbox. It has a
13.9-meter GSD, a size of 4795 by 4632, and is organized as
the commonly used PolSAR covariance matrix. The ground
truth is a local climate zone label released by the IEEE GRSS
IADF for the data fusion contest in 2017.4

3) Label configuration For both the LCLU data set and
the LCZ data set, as shown in Fig. 3 and Fig. 4, the training
label and the testing label are block-wise separated so that the
transferring ability of algorithms is under examination and the
risk of implicitly including testing samples into the training
procedure is avoided [60]. The label information is detailed in
Table I and Table II.

4) Unlabeled data Regarding SSMA and MIMA, the train-
ing procedures involves both labeled data and unlabeled data.
The unlabeled data was selected by the clustering strategy in
[16] so that cluster centers of unlabeled data were selected.
In this work, for a more general case, the unlabeled data for
training is randomly selected outside the extent of training
set. For both the LCLU data set and the LCZ data set, 6000
unlabeled data instances are selected to be involved in training.

5) Feature design of the LCLU data set In order to conduct
fair comparisons among algorithms, two principles are pursued
on the design of input features of individual data sources. The

4http://www.grss-ieee.org/
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Fig. 4: LCZ data set. From left to right, first row: RGB components of LandSat-8 data; RGB component of Sentinel-1 dual-Pol
data; second row: LCZ training set; LCZ testing set.

TABLE I: Summary of training and testing for LCLU data set

Class Number of Samples

Name Train Set Test Set

Forest 298 52455
Residential area 756 262903
Industrial area 296 17462

Low plants 344 56683
Soil 428 14505

Allotment 281 11322
Commercial area 560 20909

Water 153 5539

Total 3116 441778

first principle is simply that input features of each data source
should be the same for all algorithms. The second principle is
that, when an individual data source is used for classification,
the input feature should enable reasonably good performance.
This is to ensure that later improvements do not originate
from the unexplored potential of one data source, but from the
fusion or the fusion algorithms. For example, due to the well-
known curse-of-dimensionality [61], conducting classification
on selected dimensions of hyperspectral images could result
in better performance than using the data with all dimensions
[62]. If the original full dimensional data were used in our
case, it would then be unclear later whether the improvement
comes from the fusion or from the dimension reduction.

TABLE II: Summary of training and testing for LCZ data set

Class Number of Samples

Name Train Set Test Set

Compact mid-rise 198 1138
Open high-rise 83 412
Open mid-rise 213 2023
Open low-rise 375 3260
Large low-rise 233 1189
Sparsely built 92 577
Dense trees 769 3423

Scattered trees 136 756
Bush, scrub 181 689
Low plants 560 3305

Bare soil or sands 84 192
Water 246 1241

Total 3170 18205

Regarding the feature design of the simulated EnMAP data,
the spectral-spatial feature concept is adopted by extract-
ing morphological profiles from extracted informative sub-
dimensions [63], [64]. Specifically, the first four principal com-
ponents (PCs) are extracted, which accounts for 99% of the
variances of the simulated EnMAP data. The morphological
profile is then extracted from these four PCs with radius equal
to one, two, and three. In total, 28 features are extracted from
the simulated EnMAP data set.

Regarding the feature design of Sentinel-1 dual-Pol data,
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TABLE III: The nine algorithms in experimental comparisons. Their fusion strategies are MA-fusion (manifold alignment
fusion) and DR-fusion (joint dimension reduction fusion). The learning resource are the Label (annotated data-label records),
the Pseudo-label (prediction from a classifier), and the data structure (the distribution of data in feature space). The parameters
of these algorithms are, k: the kth neighbor in kNN for approximating topological structure; dn: the number of dimensions in
the projected space; µ: the importance weighting of topological structure; α and β: learning rates.

Algorithm Principle Parameters
Fusion Strategy Learning Resource k dn µ α β b c

(A) POL PolSAR only Label - - - - - - -
(B) OPT Optical only Label - - - - - - -
(C) OPT-POL Feature concatenation Label - - - - - - -
(D) COSPACE MA-fusion Label - - - X X - -
(E) LeMA MA-fusion Label & Pseudo-label - - - X X - -
(F) LPP DR-fusion Data structure X X - - - - -
(G) LPP-SE DR-fusion Label & Data structure X X - - - - -
(H) SSMA MA-fusion Label & Data structure X X X - - - -
(I) MIMA MA-fusion Label & Data structure - X X - - X X

four polarimetric features are derived: intensity of the VH
channel, intensity of the VV channel, the coherence of VV
and VH, and the intensity ratio of VV and VH. Since the
morphological profile was proven to promote classification
of PolSAR [25], [65], [66], it is also used to extract spatial
information from dual-Pol data here with radius equal to one,
two, and three. In total, it results in 28 features from Sentinel-1
dual-Pol data.

6) Feature design of the LCZ data set The feature design
for the LCZ data set also follows principles described in the
feature design of LCLU data set.

Regarding the feature design of the LandSat-8 data, in
order to achieve feature combination for reasonable good
performance, the feature extraction and selection follows the
strategy in first prize work from the GRSS IADF data fusion
contest in 2017 [8]. Local statistical parameters (mean and
standard deviations in a 100 × 100-meter neighborhood) and
morphological profiles are extracted from original LandSat-8
data. For details, please refer to [8]. In total, 34 features are
used in our work.

Regarding the feature design of Sentinel-1 dual-Pol data in
the LCZ data set, the data source and the preprocessing are the
same as those in the LCLU data set. The prepared fundamental
features are the four polarimetric features. However, due to the
local climate zone describes an urban local neighborhood at
a grid with a 100 × 100-meter unit cell, feature extraction is
different in the LCZ data set than in the in LCLU data set. Lo-
cal statistical parameters, mean and standard deviation of local
100 × 100-meter cell, are derived from all four polarimetric
features, resulting in eight features. Morphological profiles are
therefore extracted from these eight features with radius equal
to one and three. Thus, 40 features are prepared in total.

B. Experiments setting

In experiments, nine algorithms, which are listed in Ta-
ble III, are applied to extract features from optical and dual-
Pol SAR data. Hereafter, three classifiers are used to test
the performance of these algorithms in terms of classification
accuracy. The seven algorithms are: (A) dual-Pol SAR data
(POL), (B) optical data (OPT), (C) fusing of optical and
dual-Pol SAR data by feature concatenation (OPT-POL), (D)

fusing optical and dual-Pol SAR data by COSPACE [67], (E)
fusing optical and dual-Pol SAR data by LeMA [68], (F)
fusing optical and dual-Pol SAR data by unsupervised joint
dimension reduction using locality preserving projection [35]
(LPP), (G) fusing optical and dual-Pol SAR data by semi-
supervised joint dimension reduction using locality preserving
projection (LPP-SE), (H) fusing optical and dual-Pol SAR data
by SSMA [33], and (I) fusing optical and dual-Pol SAR data
by the proposed MIMA.

Among these nine algorithms, parameter tuning is required
by (D) COSPACE, (E) LeMA, (F) LPP, (G) LPP-SE, (H)
SSMA, and (I) MIMA, as shown in Table III. For the (D)
COSPACE and (E) LeMA, two learning rates, α and β need
to be set for the optimization. They are tunned by searching in
a grid of {10−1, 10−2, 10−3, 10−4}. Regarding the parameter k
in (F) LPP, (G) LPP-SE and (H) SSMA, it has been reported in
[33] that the parameter does not have significant influence on
the result and is recommended to be nine. For the parameters
dn and µ, they will be discussed later in our experiments.
In MIMA, two more parameters have to be decided: (1)
b : the number of intervals for dividing the data, and (2)
c: the overlapping rate. Since these two parameters have
limited influences, as discussed in section III-F, specially when
compared with the other parameters. Their values are chosen
as 5 and 50%, respectively, which is a result of consulting
other studies [46], [48] and summarizing practical experiences
of the author.

Besides the parameter tunning, one important part of MIMA
is to select the filtering function. As discussed before, the
filtering function provides a perspective of observing the data
and introduces field knowledge. As principal components are
widely used in classification of remote sensing data and have
been proven to be effective, and this is the first attempt of
applying MAPPER in remote sensing, the first and second
principal components are chosen to serve as the field knowl-
edge in this work.

As shown in Table III, (D) COSPACE, (E) LeMA, (H)
SSMA, and (I) MIMA are all fall into the manifold alignment
fusion strategy. However, their learning resources are different.
COSPACE is designed to learn a joint latent space via the
existed labeled data. In addition to the labeled data, LeMA
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Fig. 5: Classification performance in terms of overall accuracy (OA) for the experiments applied on the LCLU data set. The
charts show the results of the three classifiers, from left to right, ONE-NN, LSVM, and KSVM.

TABLE IV: Quantitative performance comparison with the different algorithms on the LCLU data, in terms of class-specific
accuracy, kappa coefficient, average accuracy, overall accuracy, and mean overall accuracy. The best performance achieved is
shown in bold. Power (a, b) of learning rates α = 10a and β = 10b are shown for COSPACE and LeMA in terms of the best
performance. Number of dimensions (dn) is indicated as (dn) for the best performance of LPP and LPP-SE. Parameter values
of µ and number of dimensions (dn) are indicated as (µ, dn) for the best performance of SSMA and MIMA.

Algorithm Parameter Classifiers Forest Residential
Area

Industrial
Area

Low
Plants

Soil Allotment Commercial
Area

Water KAPPA AA OA Mean OA

POL -
1NN 35.19 51.03 21.54 25.43 62.1 29.24 29.22 28.36 0.2353 35.26 43.19

51.02LSVM 30.32 75.65 7.93 26.18 85.17 39.99 28.92 28.42 0.3614 40.32 57.84
KSVM 34.15 66.71 9.17 20.51 67.35 31.2 42.17 22.44 0.2999 36.71 52.04

OPT -
1NN 68.78 63.87 30.01 57.58 90.73 55.76 32.86 73.89 0.4599 59.18 61.64

68.03LSVM 69.2 82.5 18.55 65.7 79.06 53.59 44.77 72.81 0.585 60.77 73.48
KSVM 66.54 77.68 26.18 58.33 65.16 54.94 39.64 72.74 0.5269 57.65 68.98

OPT-POL -
1NN 67.02 66.41 32.99 63.54 83.57 55.54 33.53 67.09 0.478 58.71 63.53

70.60LSVM 70.13 84.63 30.43 71.58 79.22 56.27 37.67 75.03 0.6183 63.12 75.85
KSVM 61.76 82.97 29.7 61.17 76.55 52.98 40.79 70.36 0.5667 59.53 72.41

COSPACE
(−1,−2) 1NN 47.72 58.67 24.27 55.99 61.32 47.67 29.81 60.93 0.3596 48.3 54.13

63.80(−1,−3) LSVM 55.04 82.24 27.48 66.28 75.98 57.63 23.66 51.49 0.5379 54.98 70.81
(−1,−4) KSVM 34.14 85.08 17.03 52.93 48.37 46.87 22.51 36.52 0.4395 42.93 66.46

LeMA
(−1,−1) 1NN 50.93 57.07 26.88 56.86 63.67 49.68 26.92 61.53 0.3613 49.19 53.78

63.73(−1,−1) LSVM 68.52 80.13 25.38 64.57 76.54 62.99 29.41 70.12 0.5601 59.71 71.51
(−2,−2) KSVM 36.57 84.21 13.64 48.01 55.22 45.66 27.45 36.02 0.4345 43.35 65.89

LPP
(15) 1NN 70.81 68.84 34.57 64.82 89.64 51.91 33.22 76.17 0.5057 61.25 65.86

70.86(20) LSVM 69.39 85.56 32.84 71.41 81.94 57.46 38.23 76.67 0.6255 64.19 76.55
(50) KSVM 59.94 79.37 21.41 66.37 63.32 54.66 46.84 61.78 0.5394 56.71 70.18

LPP-SE
(15) 1NN 67.21 68.2 37.33 65.06 79.01 55.61 29.5 75.57 0.4898 59.69 64.75

69.53(40) LSVM 66.19 83.62 36.88 66.44 81.5 60.61 28.31 75.43 0.5926 62.37 74.12
(30) KSVM 62.07 79.3 34.73 55.15 76.33 55.04 39.41 72.97 0.5326 59.38 69.71

SSMA
(1.5, 5) 1NN 69.26 71.78 33.67 67.44 84.3 55.94 31.93 71.08 0.5222 60.67 67.53

72.25(1, 40) LSVM 66.07 85.31 34.67 80.05 78.83 57.13 34.59 70.1 0.632 63.34 76.82
(1.5, 15) KSVM 59.65 83.6 30.21 67.64 43.58 55.47 41.93 68.44 0.5642 56.32 72.4

MIMA
(2, 15) 1NN 71.29 72.5 35.6 71.85 66.86 59.78 31.83 71.29 0.5329 60.13 68.36

73.04(1.5, 20) LSVM 67.58 86.05 36.32 76.79 78.35 58.75 33.71 76.06 0.6367 64.2 77.15
(2, 15) KSVM 64.3 84.21 34.46 65.73 54.74 57.45 40.54 69.71 0.5844 58.89 73.6

also uses the pseudo-labeled data, predictions of a trained
classifier on unlabeled data, to include unlabeled data into the
procedure of data fusion. For SSMA and MIMA, they utilize
the labeled data and extract the data distribution under the
guidance of mathematical assumptions, to achieve data fusion.
Therefore, when a large amount of labeled data exists or the
data distribution is not correlated with labels, LeMA would be
more appropriate than SSMA and MIMA, and vice versa.

Since our goal is to assess the performance of fusion, three
classical classifiers are chosen: the one-nearest-neighbor clas-
sifier (ONE-NN), the linear support vector machine (LSVM),
and the Gaussian kernel support vector machine (KSVM). In
this work, parameter tuning of LSVM and KSVM are done in
a heuristic procedure [69].

C. Classification on the LCLU data set

This section demonstrates and discusses the experimental
results obtained on the LCLU data set.

1) Fusion vs. non-fusion. As shown in Fig. 5 and Table IV,
classification on fused hyperspectral imagery and dual-Pol
SAR data outperforms classification on the individual data
source, in terms of classification accuracies. Among the fusion
algorithms, our proposed MIMA provides the best classifica-
tion performance, which, in terms of overall accuracy, exceeds
classifications on dual-Pol SAR data by 25%, 20%, and 21%
and exceeds classifications on hyperspectral imagery by 7%,
4%, and 5%, using ONE-NN, LSVM, and KSVM, respectively.
This proves that fusion of hyperspectral imagery and dual-Pol
SAR data is advantageous to LCLU classification.

2) Fusion categories. Based on properties of fusion al-
gorithms listed in Table III, to simplify the discussion, we
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would like to divide these seven fusion algorithms into four
categories: (1) feature concatenation (OPT-POL); (2) joint
dimension reduction fusion (LPP and LPP-SE); (3) label-
driven manifold alignment (COSPACE and LeMA); and (4)
data-driven manifold alignment fusion (SSMA and MIMA).
According to the classification accuracy in Table I, with the
feature concatenation (OPT-POL) serves as the benchmark, it
is obvious to find that: (a) joint dimension reduction fusion
algorithms achieve similar classification accuracy to the fea-
ture concatenation fusion; (b) the overall accuracy provided
by label-driven manifold alignment are around 7% lower than
the accuracy achieved by the feature concatenation; (c) the
data-driven manifold alignment fusion outperforms the feature
concatenation by 2%. Discussions regarding the three findings
are detailed as follows.

It is well known that the dimension reduction technique
is capable of boosting the classification accuracy, due to
the curse-of-dimensionality [61]. However, according to the
finding (a) above, this doesn’t suit the feature concatenation
fusion in out experiment. Because the curse-of-dimensionality
has been tackled in our feature design. The finding (a) also
validates that the improvement of our proposed method is not
a side effect of dimension reduction.

The label-driven manifold alignment fusion learns projec-
tions that map original data sources to a latent space purely
based on the label, and applies learned projections on the
unlabeled data to accomplish fusion. The finding (b) gives a
clear clue that this type of fusion can not provide a proper
fusion result for the LCLU data set. This could because
the label-driven learned latent space is not applicable to a
general case, namely the unlabeled data. Thus, the label-driven
manifold alignment fusion might provide a destructive fusion
when the label data can not represent the data distribution
which is often the case in remote sensing.

The data-driven manifold alignment fusion also learns pro-

jections that map original data sources to a latent space.
However, the latent space is jointly defined by the label and
the data structure explored from the original data sources,
including labeled and unlabeled data. The finding (c) suggests
that the data-driven manifold alignment fusion is an effective
fusion strategy, which improves the overall accuracy about 2%
by comparing to the feature concatenation fusion.

3) MIMA vs. SSMA. As shown in Fig. 5 and Table IV,
the proposed MIMA has superior performance to SSMA. In
Fig. 5, verified with three different classifiers, classifications
on MIMA-fused data outperform classifications on SSMA-
fused data, when parameter µ and the number of dimensions
are the same for both fusion strategies. The classification
performance of the best parameter combinations is shown
in Table IV. It is clear that the novel MIMA strategy still
outperforms SSMA strategy, not only verifying the superior
performance of the proposed novel MIMA algorithm, but
also proving that a MAPPER-derived topological structure is
more effective than a kNN-derived structure regarding LCLU
classification.

4) Parameter µ. As shown in Fig. 5, with ONE-NN and
KSVM classifiers, a higher value of µ results in better classi-
fication performance for both SSMA and MIMA algorithms.
Recalling that a higher value of µ assigns stronger weight on
topological structure of data in the fusing phase, this is solid
evidence that topological structure benefits our classification
task. We also find that the way MIMA derives the structure
is more beneficial to this LCLU classification than the way
SSMA accomplishes it.

5) Fusion visualization. In Fig. 6, we visualize the fused
features of different algorithms using the t-SNE algorithm
[70]. It is obvious that the joint dimension reduction technique
results a set of features which is less discriminative than the
original feature. This is also reflected on the classification
results, shown in Fig. 5. On the other side, when using
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Fig. 7: Classification performance in terms of overall accuracy (OA) for the experiments applied on the LCZ data set. The
charts show results for the three classifiers, from left to right, ONE-NN, LSVM, and KSVM.

TABLE V: Quantitative performance comparison with the different algorithms on the LCZ data, in terms of class-specific
accuracy, kappa coefficient, average accuracy, overall accuracy, and mean overall accuracy. The best performance achieved is
shown in bold. Power (a, b) of learning rates α = 10a and β = 10b are shown for COSPACE and LeMA in terms of the best
performance. Number of dimensions (dn) is indicated as (dn) for the best performance of LPP and LPP-SE. Parameter values
of µ and number of dimensions (dn) are indicated as (µ, dn) for the best performance of SSMA and MIMA.

Algorithm Parameter Classifiers Compact
mid-rise

Open
high-rise

Open
mid-rise

Open
low-rise

Large
low-rise

Sparsely
built

Dense
trees

Scattered
trees

Bush,
scrub

Low
plants

Bare soil
or sands

Water KAPPA AA OA Mean OA

POL -
1NN 43.76 29.13 21.4 59.26 33.64 18.54 82.33 10.98 19.59 70.62 28.13 54.23 0.4566 39.3 52.66

59.47LSVM 24.78 18.93 23.92 71.1 48.95 7.11 96.23 2.25 14.51 94.19 32.29 88.88 0.5688 43.6 63.03
KSVM 40.6 20.87 24.67 75.46 46.76 10.75 95.3 0.13 14.37 92.04 33.85 66.4 0.5637 43.43 62.72

OPT -
1NN 72.32 39.56 40.63 67.24 53.99 20.97 98.63 33.99 32.66 79.46 72.4 98.95 0.648 59.23 69.29

72.29LSVM 72.93 47.33 52.55 74.66 53.66 20.45 99.5 37.7 28.01 84.87 79.69 99.19 0.6933 62.55 73.34
KSVM 70.3 36.17 51.16 73.19 65.85 23.92 99.77 34.79 38.9 90.23 65.63 94.36 0.7024 62.02 74.24

OPT-POL -
1NN 61.42 35.44 26.3 73.83 50.55 23.92 98.71 37.3 35.27 82 75.52 98.39 0.6413 58.22 68.68

72.10LSVM 49.3 33.01 47.45 80.4 61.14 22.18 99.42 46.16 23.66 89.62 89.06 99.03 0.6957 61.7 73.66
KSVM 57.47 32.52 40.04 79.51 61.56 22.36 99.8 37.17 43.11 92.38 77.08 98.07 0.6991 61.75 73.95

COSPACE
(−1,−1) 1NN 70.74 32.77 8.35 67.82 42.39 14.56 98.48 32.54 34.83 82.45 73.96 97.66 0.5961 54.71 65.06

68.97(−1,−3) LSVM 69.86 63.83 25.41 78.44 54.58 18.02 99.15 34.39 44.56 83.27 77.6 93.07 0.6653 61.85 70.85
(−1,−1) KSVM 68.63 45.39 25.75 75.74 71.83 10.05 99.39 31.48 42.09 87.5 60.94 90.01 0.6651 59.07 71

LeMA
(−1,−1) 1NN 82.07 75.49 37.47 68.31 56.85 37.44 99.62 56.61 39.04 81.66 87.5 99.92 0.6953 68.5 73.25

74.40(−3,−2) LSVM 82.07 78.64 46.27 76.69 55 34.14 99.24 51.59 40.93 81.24 75.52 99.6 0.7166 68.41 75.14
(−1,−1) KSVM 75.22 74.27 42.26 72.73 67.45 35.88 99.74 50 47.46 86.35 86.98 87.11 0.7119 68.79 74.8

LPP
(30) 1NN 60.98 62.62 33.22 68.65 51.3 26.69 99.77 44.31 33.96 75.22 85.94 98.23 0.6407 61.74 68.55

71.19(60) LSVM 49.12 62.86 45.13 68.77 60.22 25.3 99.8 44.31 50.8 83.06 79.17 99.19 0.6761 63.98 71.76
(65) KSVM 60.37 54.85 43.45 71.01 81.5 24.09 99.8 35.71 45.43 86.02 69.27 92.51 0.6927 63.67 73.27

LPP-SE
(35) 1NN 58.88 41.99 19.67 76.35 44.41 19.76 99.36 52.25 42.38 83 77.6 99.68 0.6453 59.61 69.15

71.57(50) LSVM 48.59 50 22.24 79.33 64.51 30.68 99.68 53.97 50.22 89.23 83.33 99.44 0.6867 64.27 72.77
(70) KSVM 43.23 44.17 25.46 77.88 81.92 20.45 99.77 48.68 51.38 89.77 70.31 96.21 0.6873 62.44 72.8

SSMA
(1, 60) 1NN 80.49 53.16 17.55 75.25 49.29 23.4 99.3 37.04 45.86 78.52 74.48 99.11 0.6496 61.12 69.36

71.70(1, 70) LSVM 72.06 65.53 36.38 71.81 58.37 27.73 99.59 37.17 53.85 82.09 78.13 98.55 0.6838 65.1 72.33
(1, 70) KSVM 71.53 61.17 32.43 78.22 80.07 23.74 99.8 33.6 50.8 80.94 56.25 96.54 0.6949 63.76 73.4

MIMA
(2, 35) 1NN 75.04 49.51 23.18 75.03 48.53 25.48 99.15 40.61 38.17 78.82 75.52 98.87 0.6496 60.66 69.42

72.78(1.5, 70) LSVM 73.73 53.64 43.85 78.22 60.39 26 99.36 40.34 49.06 83.69 74.48 98.31 0.7055 65.09 74.36
(1.5, 70) KSVM 70.83 47.09 44.34 80.09 76.87 22.88 99.65 35.19 45.57 84.96 54.69 90.09 0.7072 62.69 74.57

manifold alignment techniques, it is clear that the derived
feature is more discriminative than the original ones.

D. Classification on the LCZ data set

This section demonstrates and discusses the experimental
results obtained on the LCZ data set.

1) LeMA. The most outstanding phenomenon appears in
Fig. 7 and Table. V is that LeMA outperforms all the other al-
gorithms by 2 to 6%, which is considered a large margin in this
experiment. Since LeMA and COSPACE both accomplish the
fusion by using the labeled data and have similar performance
in the experiment of LCLU data set, it is very interesting
to find out the reason why LeMA not only outperforms
COSPACE but also all the other fusion algorithm with a large
margin. The difference between COSPACE and LeMA is that,
while learning the projections from the labeled data, LeMA,
additionally, includes pseudo-label into the learning phase. The
pseudo-label are predictions of unlabeled data inferred by a
trained classifier. LeMA has a strategy of selecting pseudo-
label which have a high probability to be correctly labeled.

In our classification evaluation, those correct-prone pseudo-
label are also used for training classifiers of fused data. In the
case of the experiment on the LCZ data set, by comparing
to original 3170 training records and 18205 testing records,
there are 1231 additional pseudo-label selected from the test
data set which are used for training classifiers. It increases the
training data set by 38.83% and occupies 6.76% of the testing
data for validation. We believe the change in classification
setting is the main reason that LeMA performs the best in
the experiment of LCZ data set. On the other hand, in the
experiment of the LCLU data set (3116 training records and
441778 testing records), LeMA has 721 additional pseudo-
label, which increases the training data set by 23.14% and
occupies 0.16% of the testing data for validation.

2) Fusion. According to Table. V, all fusion algorithms,
except LeMA, have similar performance to the classification
using only the multispectral imagery. Based on the 0.19%
difference between OPT-POL and OPT, we might infer that
features extracted from dual-Pol SAR data do not benefit
the LCZ classification scheme in terms of overall accuracy.
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However, the dual-Pol SAR data do benefit classifications of
certain classes, namely, scattered trees, low plants, bare soil
or sand, and water. By comparing COSPACE, LPP, LPP-SE,
SSMA, and MIMA to OPT, mean overall accuracy improve
-3.32%, -1.1%, -0.72%, -0.59%, and 0.49%, respectively. This
infers that few can be done by these fusion algorithms.
However, among these fusion algorithms, our propose MIMA
outperforms these four former algorithms by 3.81%, 1.59%,
1.21%, and 1.08%.

3) Data-driven manifold alignment. When the fusion is
carried out by the OPT-POL, essentially, the information given
by the label decides the classification boundary. However,
in addition to the label, the data-driven manifold alignment
involves the topological structures of the data to find the
classification boundary. As shown in Fig. 7, SSMA cannot
compete with OPT-POL. This means that data structure is
not beneficial with respect to LCZ classification. This is
actually reasonable. The LCZ classification scheme describes
the contents of an urban local neighborhood relating to the
morphological structure, man-made or natural components,
and height of structures. However, the topological structure
derived from the remote sensing data reveals data structure in
terms of its physical meanings, such as covering materials for
multispectral images and geometric information for SAR data.
Thus, the structure is not directly related to LCZ concepts.
On this regard, the data-driven manifold alignment is more
appropriate for the LCLU classification, since the information
derived in the topological structure is directly related to LCLU
classes.

Despite the challenges that LCZ classes pose, when compar-
ing to OPT-POL, the proposed MIMA slightly improves 1.02%
overall accuracy with the LSVM. Comparing to LeMA, the
performance of MIMA differ by -3.83%, -0.79%, and 0.23%
in terms of overall accuracy with three different classifier. We
consider the performance are comparable. Only the -3.83%

indicates a big difference. However, this is because 38.83%
and 6.76% differences of training and testing records have
a huge impact on the classifier 1NN. With the two other
classifiers, even with fewer training samples, the proposed
MIMA is able to provide comparable classification accuracy.

4) Parameter µ. According to Fig. 7 and Table V, trends
in terms of µ show that SSMA achieves its best performance
when parameter µ equals one and performances are down-
graded by increasing µ without a pattern. However, MIMA
exhibits a pattern that classification accuracy increases as the
value of parameter µ increases. This means that putting higher
weights on the topological structure while fusing with MIMA
would provide better classification performance in terms of
OA.

5) Fusion visualization. We visualize the fused features of
different algorithms by t-SNE, as illustrated in Fig. 8. How-
ever, it is difficult to carry out a detailed analysis according
to the visualization results. In general, the manifold alignment
based fusion provides spaces where classes concentrate well.
To our knowledge, the optical data are projected into a more
discriminative subspace via the proposed MIMA.

TABLE VI: The computational cost of algorithms in compar-
ison. The time listed in this table are means of ten repetitions
on each algorithm, carried out on the LCZ data set. The unit
is reported in second

Fusion algorithm (D) COSPACE (E) LeMA (F) LPP (G) LPP-SE (H) SSMA (I) MIMA

Time (sec) 324.3175 1080.3080 4.6141 6.0033 45.2369 129.3108

E. Computational cost
In order to show the computational efficiency of algorithms

in comparison, experiments of ten repetitions over the LCZ
data set had been carried out for every algorithm in compari-
son. All the experiments are accomplished on a desktop with
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Fig. 9: Plots of the classification overall accuracies achieved by applying the classifiers: the ONE-NN, the LSVM, and the KSVM
on MIMA fused feature, while only values of two parameters varies, the number of data bins and the overlap rate. From left
to right: (1) plot of overall accuracies achieved on the LCLU data set; the curve and the error bar represent the mean and the
standard deviation, which achieved statistically with varying overlap rates; (2) plot of overall accuracies achieved on the LCLU
data set; the curve and the error bar represent the mean and the standard deviation, which achieved statistically with varying
number of bins; (3) plot of overall accuracies achieved on the LCZ data set; the curve and the error bar represent the mean
and the standard deviation, which achieved statistically with varying overlap rates; (4) plot of overall accuracies achieved on
the LCZ data set; the curve and the error bar represent the mean and the standard deviation, which achieved statistically with
varying number of bins;

a processor of Intel Core i7-4790 CPU (3.60 GHz). The mean
time of these repetitions are listed in Table. VI.

Our proposed MIMA do suffer from comparably high
computational cost, as shown in Table VI. This is due to
the high computational cost of the spectral clustering [51] in
MIMA. If the algorithm efficiency is of key importance for a
targeted application, more studies could be carried out to find a
less demanding clustering algorithm as a substitute. However,
considering 9170 optical pixels with 34 dimensions and 9170
SAR pixels with 40 dimension are involved in the training of
the algorithm, we think two minutes which required by MIMA
is still acceptable.

F. Data bins and overlap rates

As described in the section II-C, there are two parameters
brought to MIMA by the MAPPER. They are: the number of
data bins and the overlap rate of adjacent data bins. Among all
experiments in the previous sections, the number of data bins
is chosen as 5 and the overlap rate is selected as 50%, based
on the experience of medical studies [46], [48]. However, in
this section, the impact of those two parameters are discussed,
in terms of the remote sensing data.

Theoretically, the number of data bins has a similar effect
to the value k of the kNN, which controls the extent of a
local neighborhood. Because the local topological structure is
derived by the clustering in smaller slices of the data, when a

larger number of bins is applied. On the other hand, the overlap
rate controls the strength of the connection between adjacent
local neighborhoods. Although the theoretical concept is clear,
their impacts are really depending on the data set which it
works with.

Fig. 9 demonstrate the impact of the number of data bins
and the overlap rate by using the LCLU data set and the LCZ
data set, in terms of classification accuracy. The number of
bins is set to values from 5 to 50 with an interval of 5. The
overlap rate is set to values from 0.1 to 0.9 with an interval
of 0.1. For the sake of simplicity, the parameter µ is set to 2
and the latent space dimension is set to 50, for the analysis in
this section.

According to the upper two plots in Fig. 9, regarding the
LCLU classification, the number of bins and the overlap rate
do not have a significant influence in terms of the overall
accuracy. However, based on the bottom two plots in Fig. 9,
regarding the LCZ classification, one can recommend a large
overlap rate around 90% and the number of data bins around
10. Thus, the decision of both parameters really depends on the
data set and the targeted classification scheme. Last but not the
least, it also relates to the choices of the filtering function. One
more interesting point is that, by comparing the fluctuation of
curves in Fig. 5, Fig. 7, and Fig. 9, we can observe that impacts
of µ and dn are much larger than impacts of the number of
bins and the overlap rate.
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IV. CONCLUSION

In this paper, we propose a MAPPER-induced manifold
alignment for semi-supervised fusion of optical data and
polarimetric SAR data, inspired by the semi-supervised tech-
nique and the emerging field of topological data analysis.
Specifically, we embed a successful topological data analysis
tool, MAPPER, into SSMA, to accomplish heterogeneous
data fusion. Furthermore, our modified version of MAPPER
functions adaptively to data by improving clustering. The
performance of MIMA on fusing optical data and polarimetric
SAR data is superior to that of SSMA, LPP, COSPACE,
LeMA, and the feature concatenation, with respect to LCLU
classification and LCZ classification. SSMA-based method is
applied to fuse optical data and SAR data for the first time.
This is also the first time that topological data analysis is
applied in remote sensing field.

In the future, further experiments will be conducted to
explore the potential of the proposed MIMA by selectively
introducing field knowledge of remote sensing data. In this
manner, physical meanings of different remote sensing data
can be explicitly introduced into data fusion, instead of treating
it as a data-driven machine learning problem. We believe an
expert knowledge driven MIMA can further improve the fusion
performance.
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Abstract: In remote sensing, hyperspectral and polarimetric synthetic aperture radar (PolSAR)
images are the two most versatile data sources for a wide range of applications such as land use
land cover classification. However, the fusion of these two data sources receive less attention than
many other, because of their scarce data availability, and relatively challenging fusion task caused
by their distinct imaging geometries. Among the existing fusion methods, including manifold
learning-based, kernel-based, ensemble-based, and matrix factorization, manifold learning is one
of most celebrated techniques for the fusion of heterogeneous data. Therefore, this paper aims
to promote the research in hyperspectral and PolSAR data fusion, by providing a comprehensive
comparison between existing manifold learning-based fusion algorithms. We conducted experiments
on 16 state-of-the-art manifold learning algorithms that embrace two important research questions
in manifold learning-based fusion of hyperspectral and PolSAR data: (1) in which domain should
the data be aligned—the data domain or the manifold domain; and (2) how to make use of existing
labeled data when formulating a graph to represent a manifold—supervised, semi-supervised, or
unsupervised. The performance of the algorithms were evaluated via multiple accuracy metrics
of land use land cover classification over two data sets. Results show that the algorithms based
on manifold alignment generally outperform those based on data alignment (data concatenation).
Semi-supervised manifold alignment fusion algorithms performs the best among all. Experiments
using multiple classifiers show that they outperform the benchmark data alignment-based algorithms
by ca. 3% in terms of the overall classification accuracy.

Keywords: data fusion; generalized graph fusion; hyperspectral image; data alignment; locality
preserving projections; manifold alignment; manifold learning; MAPPER-induced manifold
alignment; polarimetric SAR; manifold alignment; MIMA

1. Introduction

1.1. Related Work

Multi-modal data fusion [1–7] continuously draws attention in the remote sensing community.
The fusion of optical and synthetic aperture radar (SAR) data, two important yet intrinsically different
data sources, has also began to appear frequently in the context of multi-modal data fusion [8–14].
With the rapid development of Earth observation missions, such as the Sentinel-1 [15], Sentinel-2 [16],
and the upcoming EnMAP [17], the availability of both data sources create a huge potential for
Earth-oriented information retrieval. Among all optical data [18–20], hyperspectral data are well
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known for their distinguishing power that originates from their rich spectral information [21–24].
Similarly, polarimetric SAR (PolSAR) data are a popular choice for classification task in the field of SAR
because it can reflect the geometric and the dielectric property of the scatterers [25–29]. It is of great
interest to investigate the fusion of hyperspectral and PolSAR images, especially with the application
to land use land cover classification (LULC).

Few studies attempted to address the challenge of fusing hyperspectral and PolSAR data. Jouan
and Allard [30] proposed a hierarchical fusion strategy for land cover classification using PolSAR and
hyperspectral images. In their work, hyperspectral images are firstly used to distinguish vegetation and
non-vegetation area. The PolSAR data are used to classify the non-vegetation area to man-made objects,
water, or bare soil. Li et al. [31] applied feature level and decision level fusion using hyperspectral
and PolSAR data. They combined the parameters of scattering mechanism of the PolSAR data and
the features of the hyperspectral image to create a concatenation of features. The classification results
of multiple classifiers are then merged using decision fusion. An application of spilled oil detection
was studied by Dabbiru et al. [32] using hyperspectral and PolSAR data. They applied pixel level
concatenation on the data, and employed support vector machine (SVM) as the classifier. Hu et al. [33]
proposed a framework for fusing hyperspectral and PolSAR data based on the segmented objects
that provide spatial information. A two-stream convolutional neural network (CNN) was introduced
in [34] that takes advantage of the feature extraction power of CNN.

Among the existing fusion methods, including manifold learning-based [35,36], kernel-based [37],
ensemble-based [38,39], tensor-based [40,41], and matrix factorization [42], manifold learning is one of
most celebrated techniques. However, although it has been proven as a powerful technique in the field
of data fusion, it is barely studied in the scope of fusing hyperspectral and PolSAR data. Generally,
manifold-based fusion techniques attempt to find a shared latent space where the original data sets can
be fused or aligned. Wang and Mahadevan [35,43–45] proposed several manifold-based techniques
to find the correspondence of data sets which describe the same object from different aspects via the
latent space. A kernel based manifold alignment [46] searches the latent space from a kernel space
of the original data, because the kernel space has a better representation of the data than the original
feature space of the data. In remote sensing, it was introduced in [36,47] that the manifold latent space
is able to align multiple optical data sets and improve the LULC classification. A manifold-based
data alignment technique was introduced in [48] for the fusion of hyperspectral and Lidar data with
application to classification. Besides data fusion, various manifold techniques can be found in remote
sensing field for detection [49], visualization [50], and dimension reduction [51].

1.2. Scope of This Paper

When fusing data with manifold techniques, one technical question is that: in which domain
should the fusion be carried on? We categorized the existing techniques into two types: (1) data
alignment-based approach and (2) manifold alignment-based approach. As shown in the left of Figure 1,
the data alignment approach carries out the fusion in the data domain. As the simplest example,
it fuses the data by concatenation, and carries out a manifold-based dimension reduction. Essentially,
this approach assumes that an intrinsic manifold exists in the concatenated data. Representatives of this
approach are the locality preservation projection (LPP) [52] and the generalized graph fusion (GGF) [48].
On the contrary, the manifold alignment-based approach carries out the fusion on manifolds which
are separately derived from different data sources. This is demonstrated in the right of Figure 1.
The assumption of this approach is that different manifold exists in each data source. Those manifolds
can be aligned in a latent space. Representative algorithms are the manifold alignment (MA) [36] and
the MAPPER-Induced manifold alignment (MIMA) [53].
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Figure 1. Frameworks of manifold learning fusion techniques. Left: the data alignment fusion; Right:
the manifold alignment fusion. The blue arrow indicates the fusion step. The yellow arrow indicates
where the modeling of manifold takes place. The black arrow indicates the feature extraction. Xi: ith
data source; A or W: mathematical modeling of manifolds; Y: fused feature; f: the learned projection. ·̃:
a fusion of certain form.

The other essential research question of manifold-based fusion is: how should the manifold be
extracted? We categorize the existing techniques into three learning strategies in terms of the usage of
labeled data: unsupervised, semi-supervised, and supervised. When modeling a manifold, a general
assumption is that, hidden in the data representation, there exists an underlying lower dimensional
manifold where the data truly distributes [54]. Early studies [54–57] model manifolds by following
a geometric assumption that the Riemannian manifold can be locally approximated by Euclidean
measures. The geometric assumption models the manifold in an unsupervised manner by using
k-nearest-neighbor (kNN). With the presence of labeled data, the manifold can be jointly modeled
by the Riemannian manifold and the labeled data. For example, one can construct the manifold in
a semi-supervised fashion by using both kNN and the labeled data [35,36]. The manifold can also
be modeled in a supervised manner by using only the labeled data. One of the main goals of this
paper is to investigate the impact of these learning strategies on the classification performance on the
fused data.

1.3. Contribution of This Paper

This paper investigates the performance of manifold learning technique on the fusion of
hyperspectral and PolSAR data, based on four state-of-art algorithms, locality preservation
projection (LPP) [52], generalized graph fusion (GGF) [48], manifold alignment (MA) [36,44], and
MAPPER-induced manifold alignment (MIMA) [53]. We implemented 16 variants of the four
algorithms which involve the above-mentioned two alignment approaches and the three manifold
learning strategies. These algorithms were tested on two study areas for a LULC classification task
with five classifiers: one nearest neighbor (1NN) [58], linear SVM (LSVM) [59,60], Gaussian kernel
SVM (KSVM) [59,60], random forest (RF) [61], and canonical correlation forest (CCF) [62]. We avoided
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any deep network classifiers, because the goal of this article is to solely evaluate the performance of
multi-sensory data fusion. In total, 80 classification maps were produced for each study area, based on
which a comprehensive discussion was carried out. The main contributions of this paper are as follows:

• An exhaustive investigation of existing manifold learning techniques. A sufficient number of
manifold techniques and classifiers were tested on the fusion of hyperspectral and PolSAR data in
terms of classification. It provides a reliable demonstration on the performance of the manifold
technique regarding hyperspectral and PolSAR data fusion.

• An objective comparison of the performance of different manifold data fusion algorithms. To avoid
any fortuity, five classifiers were applied for the classification. A grid search was applied to all
tunable hyperparameters of those algorithms. The best classification accuracies are compared.

• A comprehensive analysis of the results. The experiment results were analyzed in regard to two
fusion approaches, three manifold learning strategies, four basic algorithms, and five classifiers.

1.4. Structure of This Paper

The second section recalls the theory of manifold technique and the four selected state-of-art
algorithms. The third section describes the data sets used in the experiments, introduces the experiment
setting, and carries out the discussion. The fourth section concludes the paper. Table 1 also lists the
symbols used in this article for a better understanding of the content of the article.

Table 1. The notations used in this article.

Notation Explanation

Xi The ith data source
Mi The manifold of the Xi
xp

i The pth instance of the Xi
mi The number of dimensions of the Xi
Ei The labeled subset of the Xi
yp

i The pth instance of the Yi
li The number of dimensions of the Yi
F The filter function in MAPPER
W The weight matrix that models a manifold
D The degree matrix of a graph
·̃ The fusion at certain form
L The loss fuction
dn The dimension of underlying manifold
b The number of bins in MAPPER
λ The eigenvalue of generalized eigenvalue decomposition
K The total number of data sources
Yi The data representation of theMi
xq

i The qth instance of the Xi
ni The number of instances of the Xi
n∗i The number of instances of the Ei, n∗i < ni
yq

i The qth instance of the Yi
f The projection Y = fTX
A The binary matrix that models a manifold
σ The filtering parameter of weight matrix
L The Laplacian matrix of a graph
D The pairwise distance matrix
k The number of local neighbors
µ The weighting of topology structure in MA
c The overlap rate in MAPPER

2. Materials and Methods

In this section, the general concept of the manifold technique is introduced, with the help of
necessary mathematical notations. Meanwhile, the theoretical impact of different learning strategies
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to the fusion result is discussed. Then, the following up sub-sections recall the principles of the
four selected state-of-art manifold fusion techniques, namely LPP [52], GGF [48], MA [36,44], and
MIMA [53]. Pseudo-codes of these four algorithms are listed in the Appendix A–D, which provides
the technical details.Finally, the data sets and the experiment settings are introduced in detail.

2.1. Manifold Technique, Learning Strategy, and Notations

Let Xi = [x1
i , ..., xp

i , ..., xni
i ] ∈ Rmi×ni be a matrix representing the ith data source, with mi

dimensions by ni instances. For simplicity, the subscript i is omitted in the following content when
only one data source is involved. The mi-dimensional data space is named as the feature space of data
Xi in this paper. The term xp

i denotes the pth instance of the ith data source. Let K denote the total
number of data sources.

A manifoldM is a smooth hyper-surface embedded in a higher dimensional space [56], e.g.,
the surface of a sphere is a 2D manifold in a 3D space. The underlying assumption of the manifold
technique is that, for a data X ∈ Rm×n of redundant m dimensions, there exists a low dimensional
intrinsic manifoldM where the data distributes [54,57,63,64]. The goal of a manifold technique is to
pursue a representation, realized by a projection Y = [y1, ..., yp, ..., yn] ∈ Rl×n, l < m of the original
data, of the manifoldM. In order to approximate Y, the bridging property is that the data point yp

on the manifold is locally homeomorphic to its counterpart xp in the feature space [56]. It means that
a data point has identical local structures in its intrinsic manifold and in its feature space. With this
property, a variety of methods [54,55,57,65] extract the local structure of a data [52,66–69] in its feature
space as an estimation to the local structure in its intrinsic manifold, with different locality criterion.
All those methods pursue an optimized projection f which maps data from the feature space to a
representation (Y = fTX) of the intrinsic manifoldM. In terms of the manifold technique for data
fusion [36,44,48], the aim is to find the projection which maps multiple data sources {X1, X2, ..., XK}
into a fused manifold M̃ where the fused data locates.

The centerpiece of the abovementioned algorithms is the modeling of the manifold. Usually, an
intrinsic manifold of the data is modeled by an n× n symmetric binary matrix A that describes the
connection among the data points. A(p, q) = 1 for a confirmed connection between xp

i and xq
i while

A(p, q) = 0 otherwise. A can be generalized to an n× n symmetric weight matrix W. Different from
A, W(p, q) takes a real value in [0, 1], which describes the strength of the connection between xp

i and
xq

i . Essentially, A and W are the adjacency and weight matrix of a graph that captures the topology of
the manifold. As introduced in [52], the manifold structure (A or W) can be defined from different
perspectives. In this paper, we would like to categorize these perspectives based on how the labeled
data is utilized for modeling the manifold, namely the unsupervised learning, supervised learning,
and semi-supervised learning.

• The unsupervised learning takes the original geometric assumption that the manifold and the
original data space share the same local property. Besides the geometric measure, model-based
similarity measurement can also be used to build up the structure of the manifold. The key
point is that the definition of the similarity measurement is capable of revealing the underlying
distribution of the data or the physical information in the data.

• The supervised learning assumes that a given set of labeled data includes sufficient amount
of inter- and intra-class connections among the data points, so that they can well capture the
topology of the manifold. As a result, the underlying manifold is directly defined by the label
information. Thus, the quality of the label has a great impact.

• The semi-supervised learning pursues a manifold where the data distribution partially correlates
to the label information and partially associates to the distribution predefined by a similarity
measurement. This manifold implicitly propagates the label information to the unlabeled data.
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2.2. Locality Preservation Projection (LPP)

LPP aims to find a lower dimensional representation Y of the original data X which reflects
the intrinsic manifoldM. According to the geometric assumption that the intrinsic manifold and
the original data share the same local properties, the lower dimensional representation Y achieved
by LPP preserves the local structure of the original data X. The locality is defined by either the
k-nearest-neighbor or the ε-neighborhoods [52] and is mathematically described in a weight matrix W
as Equation (1).

W(p, q) =





e−
||xp−xq ||2

σ xp and xq are local neighbors

0 xp and xq are not local neighbors
(1)

where σ is a filtering parameter.
LPP pursues an optimized projection f which maps the data X to a lower dimensional

representation Y = fTX. As the local structure of the intrinsic manifold is modeled by Equation (1),
minimizing the objective function expressed by Equation (2) encourages the preservation of the derived
local structure in the intrinsic manifold.

L = ∑
pq
(yp − yq)W(p, q) = ∑

pq
(fTxp − fTxq)W(p, q). (2)

Thus, the optimization is formulated as follow:

min
f

∑
pq
(fTxp − fTxq)W(p, q). (3)

Proven in [52], the solution that minimizes the objective function L(f) is given by the minimum
eigenvalue solution to the generalized eigenvalue problem expressed in Equation (4).

XLXTf = λXDXTf, (4)

where D is the degree matrix; if p = q, D(p, q) = ∑
p=n
p=1 W(p, q), otherwise, D(p, q) = 0; and the L is

the Laplacian matrix, L = D−W.
As brief described above, LPP is originally designed to as a dimension reduction algorithm,

instead of data fusion. However, it is essential to include this algorithm in the scope of this paper,
because (1). When conducting manifold fusion, the dimension reduction is also accomplished as a
side effect. Due to the well-known curse-of-dimensionality [70], classification on selective subset of
dimensions could result in better performance than using the data with all dimensions [71]. LPP can
serve as a baseline algorithm to reduce the dimension of the data; and (2). LPP is essentially a manifold
learning technique. Some data fusion algorithms [48,72] are developed on the idea of data alignment
using the LPP.

2.3. Generalized Graph-Based Fusion (GGF)

GGF is originally proposed to fuse hyperspectral data and LiDAR data for land cover
classification [48]. Its fusion strategy comprises a joint LPP dimension reduction and an additional
constraint that captures the common local structure that exists in all data sources.

Technically, GGF concatenates K data sources (Xi = [x1
i , ..., xp

i , ..., xn
i ] ∈ Rmi×n, i ∈ {1, 2, ..., K})

into a stack (X̃ = [x̃1, ..., x̃p, ..., x̃n] ∈ R(m1+m2+...+mK)×n) which are treated as one data sources in its
high dimensional feature space. Therefore, GGF is essentially a LPP carried out on the data stack X̃,
with an additional constraint. The constraint assumes that the connectivity Ã of the fused intrinsic
manifold M̃ should be a complete subset of the connectivity matrices of the manifoldsMi of the
individual data sources Xi, i ∈ {1, 2, ..., K}. Thus, the assumption is formulated as Equation (5).
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Ã = A1 �A2�, ...,�AK (5)

where � indicates element-wise multiplication.
The manifold constraint Ã is embedded into a n by n pairwise distance matrix D̃ (D̃(p, q) =

||x̃p − x̃q||), which is expressed by Equation (6) where ¬means logical operator negative, and max(·)
means the maximum value of all elements in ’·’. The distance between any two data points that are
not connected according to Ã is penalized with the maximum distance value of D̃. The final distance
matrix is named as D̃GGF.

D̃GGF = D̃ + (¬Ã)max(D̃) (6)

The weight matrix W̃ of the intrinsic manifold is then as follows.

W̃(p, q) =

{
e−D̃GGF(p,q) xp and xq are local neighbors

0 xp and xq are not local neighbors
(7)

After achieving the weight matrix W̃, similar to the LPP, the optimized projection f is given by
the minimum eigenvalue solution to the generalized eigenvalue problem in Equation (8).

X̃L̃X̃Tf = λX̃D̃X̃Tf (8)

where D̃ is the degree matrix. If p = q, D̃(p, q) = ∑
p=n
p=1 W̃(p, q), otherwise, D̃(p, q) = 0. L̃ is the

Laplacian matrix, L̃ = D̃− W̃.

2.4. Manifold Alignment (MA)

Manifold alignment [35,36,44] aims to learn a set of projections {f1, ..., fK} that (1) apply to
individual data sources Xi in order to obtain their individual manifolds Mi, and (2) align those
obtained manifolds {M1, ...,MK} to each other.

Designed in [36,44], three properties hold in the fused manifold: (a) data of the same class should
locate close to each other; (b) data of different classes should locate far from one another; and (c) the
intrinsic manifolds of individual data are preserved. These three properties are respectively formulated
by the following three connection matrices Ãs (9), Ãd (10), and Ãg (11).

Ãs =




A1,1
s ... A1,K

s
... ... ...

AK,1
s ... AK,K

s


 (9)

The connection matrix of similarity (9) is computed by the labeled information to pursue
property (a).

Ãd =




A1,1
d ... A1,K

d
... ... ...

AK,1
d ... AK,K

d


 (10)

The connection matrix of dissimilarity is modeled as (10) to accomplish property (b), which is
also computed from the label.

Ãg =




A1,1
g 0 0
0 ... 0
0 0 AK,K

g


 (11)

The connection matrix (11) describes the manifolds of individual data sources by using kNN,
which aims at the property (c). All of the matrices (9)–(11) have the size of (n1 + n2 + ... + nk)× (n1 +

n2 + ... + nk). In each matrix, the superscript i, j, e.g., Ai,j, represents the relationship between the ith
and jth data sources.



Remote Sens. 2019, xx, 5 8 of 28

With connection matrices (9)–(11), three terms are formulated as Equations (12)–(14) to preserve
the three properties, respectively.

A =
K

∑
i=1

K

∑
j=1

ni

∑
p=1

nj

∑
q=1
‖fT

i xp
i − fT

j xq
j ‖2Ãi,j

s (p, q). (12)

Minimizing Equation (12) pulls data of the same class together, which meets property (a).

B =
K

∑
i=1

K

∑
j=1

ni

∑
p=1

nj

∑
q=1
‖fT

i xp
i − fT

j xq
j ‖2Ãi,j

d (p, q). (13)

Maximizing Equation (13) pushes data of different classes away, which meets property (b).

C =
K

∑
i=1

ni

∑
p=1

ni

∑
q=1
‖fT

i xp
i − fT

i xq
i ‖2Ãi,i

g (p, q). (14)

Minimizing Equation (14) preserves the geometric structure of individual data sources, which
corresponds to property (c). The terms (12)–(14) jointly construct the objective unction (15):

L(f1, ..., fK) = (A+ C)/B, (15)

and hence an optimization problem (16) can be written as

min
f1,...,fK

L(f1, ..., fK). (16)

Proven in [35], the solution {f1, ..., fK} that minimizing the cost function L(f1, ..., fK) is given by
the smallest non-zero eigenvectors of the generalized eigenvalue decomposition of (17).

X̃(µL̃g + L̃s)X̃Tf = λX̃L̃dX̃Tf, (17)

where

X̃ =




X1 0 ... 0
... ... ... ...
0 ... 0 XK


,

L̃{s,d,g} = Ã{s,d,g} − D̃{s,d,g},

D̃{s,d,g}(p, q) =

{
∑m1+...+mk

q=1 Ã{s,d,g}(p, q) p = q

0 p 6= q
.

The matrices D̃ and L̃ with subscript s, d, and g are the degree matrices and the Laplacian matrices,
respectively.

2.5. MAPPER-Induced Manifold Alignment (MIMA)

MIMA is designed to fuse optical and PolSAR data for the purpose of LULC classification [53].
It follows the framework of MA [36,44] yet introduces a novel constraint term which originates from a
recent field of topological data analysis (TDA). TDA has emerged as a new mathematical sub-field of big
data analysis that aims to derive relevant information from the topological property of a data [73–77].
One TDA tool, named MAPPER [78], has been proven capable of revealing unknown insights in
medical studies, by interpreting topological structures of data sets [79–82]. As a brief introduction,
the MAPPER requires a filter function as an input which projects the data into a parameter space.
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The original data is sorted into overlapping bins guided by the projected parameter. MAPPER carries
out clustering of data points in each of the data bins, respectively. Afterwards, MAPPER models
a graph where a node represents a cluster and an edge links two clusters that share common data
points. Finally, a simplified graph is built up to represent the shape of the data. Such graph is an
approximation of the Reeb graph [83] .

Technically, MIMA pursues the solution {f1, ..., fK} by solving the same generalized eigenvalue
decomposition as in Equation (17), except the the connection matrix of geometry Ãg (Equation (11))
is replace by the MAPPER-derived connection matrix ÃMIMA where Ai,i

MIMA(p, q) = 1 if xp
i and xq

i
belongs to the same cluster or belongs to two separated but linked clusters; Ai,i

MIMA(p, q) = 0 elsewhere.
Comparing to Ãg, ÃMIMA introduces some unique properties that are listed as follows:

• Field knowledge. An expertise knowledge is introduced by the selection of the filter function.
It defines a perspective of viewing the data while deriving the structure.

• A regional-to-global structure. Clustering in each data bin provides a regional structure.
The design of overlapping bins combines the regional structures into a global one. It makes
the derived structure more robust to outliers than the one derived by kNN.

• A data-driven regional structure. A spectral clustering is applied in the step, which is capable of
detecting the number of clusters by the concept of eigen-gap [84]. It allows the derived structure
constraining to the data distribution.

2.6. Data Description

Two sets of real data were used to investigate the manifold learning techniques for the
fusion of hyperspectral and PolSAR data. The two data sets are in city of Berlin, Germany, and
Augsburg, Germany.

2.6.1. The Berlin Data Set

In the Berlin data set, the hyperspectral image is a synthetic spaceborne EnMAP scene synthesized
from airborne HyMap data. It has a size of 817 by 220 pixels, a 30-m ground sampling distance (GSD),
and 244 spectral bands ranging from 400 nm to 2500 nm [85]. The dual-channel PolSAR data is a
VH-VV polarized Sentinel-1 data acquired in interferometric wide swath mode. The Sentinel-1 SLC
data is preprocessed using ESA SNAP toolbox and filtered by a non-local mean filter [86]. The PolSAR
data has a GSD of 13 m and a size of 1723 by 476 pixels. The ground truth is a land use land cover map
derived from Open Street Map (OSM) data [87]. The ground truth labels are spatially separated into a
training data set and a testing data set shown in Figure 2. The details of the training and testing data
sets are summarized in Table 2.

Table 2. Summary of the training data and the testing data for the scene of city Berlin.

Class # of Training Sample # of Testing Sample

Forest 298 52,455
Residential area 756 262,903
Industrial area 296 17,462

Low plants 344 56,683
Soil 428 14,505

Allotment 281 11,322
Commercial area 560 20,909

Water 153 5539
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Forest Residential Industrial Low Plants soil Allotment Commercial Water
area area area

Figure 2. The Berlin data set. From left to right: RGB components of the simulated EnMAP data;
Sentinel-1 dual-Pol data; The training data; The testing data.

2.6.2. The Augsburg Data Set

Similar to the Berlin data set, the hyperspectral image in the Augsburg data set is a synthetic
spaceborne imagery simulated based on an airborne HySpex data. It has a GSD of 30 m, a size of 332
by 485 pixels, and 180 bands ranging from 400 nm to 2500 nm. Same as the Berlin data set, the PolSAR
data is a VH-VV polarized Sentinel-1 image with a GSD of 10 m and a size of 997 by 1456 pixels. The
training data and the testing data are shown in Figure 3 which are spatially separated. The details of
the training and testing data sets are summarized in Table 3.

Table 3. Summary of the training data and the testing data for the scene of city Augsburg.

Class # of Training Sample # of Testing Sample

Forest 200 4100
Residential area 200 4100
Industrial area 200 4100

Low plants 200 4100
Soil - -

Allotment 200 4100
Commercial area 200 4100

Water 200 4100
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Forest Residential Industrial Low Plants Allotment Commercial Water
area area area

Figure 3. The Augsburg data set. From left to right, top to bottom: RGB components of the
hyperspectral image; Sentinel-1 dual-Pol data; The training data; The testing data.

2.7. Experiment Setting

We start with a reasonable feature selection and extraction strategy from the original data, since it
is well known that feature selection and extraction promote the classification performance of remote
sensing data. The spectral-spatial feature extraction was employed for the hyperspectral image because
of its excellent performance on classification tasks [88–91]. Specifically, the first four and six principal
components (PCs) which occupy 99% of the variance of the data were extracted from the hyperspectral
images of Berlin and Augsburg, respectively. The morphological profiles with radius of one, two, and
three were employed to extract the spatial information on each PC. Thus, in total, 28 features and
42 features were extracted from the hyperspectral images of Berlin and Augsburg, respectively. For
the feature extraction of Sentinel-1 dual-Pol data, four polarimetric features were extracted. They are
the intensity of the VH channel, the intensity of the VV channel, the coherence of VV and VH, and the
intensity ratio of VV and VH. Since the morphological profile was proven to promote classification
of PolSAR [92,93], it is also used to extract spatial information from the four polarimetric features
with radius equal to one, two, and three. In addition, the local statistics including the mean and
standard deviation were extracted using a sliding window of 11 by 11 pixel on those four polarimetric
features. In total, 36 features were extracted from the dual-Pol SAR data for both data sets of Berlin
and Augsburg, respectively.

To carry out a comprehensive comparison of the fusion algorithms, in total 16 algorithms were
implemented. Listed in Table 4, they are (1) PolSAR data only (POL), (2) hyperspectral image
only (HSI), (3) feature stacking of hyperspectral and PolSAR data (HSI+POL), (4) data alignment
using the original locality preserving projections (LPP) [52], (5) supervised version of LPP (LPP_SU),
(6) semi-supervised version of LPP (LPP_SE), (7) the generalized graph-based fusion (GGF) [48],
(8) supervised version of GGF (GGF_SU), (9) semi-supervised version of GGF (GGF_SE), (10) manifold
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alignment (MA) [36,44], (11) unsupervised version of MA (MA_UN), (12) supervised version of MA
(MA_SU), (13) MAPPER-Induced manifold alignment with first two principal components as filter
functions (MIMA) [53], (14) unsupervised MIMA (MIMA_UN), (15) MIMA with local density as filter
function (MIMA-D), and (16) unsupervised MIMA with local density as filter function (MIMA-D_UN).

Table 4. Technical summary of the selected algorithms. ’SU’, ’UN’, and ’SE’ represent the learning
strategy of supervised, unsupervised, or semi-supervised, respectively. W and A represent the weight
matrix and the connection matrix, respectively. The hyperparameter set {k, dn, µ, b} indicates the
number of neighbors, the number of dimensions, the topology weighting parameter, and the number
of bins.

Algorithm
Data Learning Strategy Fusion

Manifold
Hyper-

HSI POL SU UN SE Concept Parameter

1 POL - X - - - - - -
2 HSI X - - - - - - -
3 HSI+POL X X - - - Concatenation - -
4 LPP X X - X - data alignment W {k, dn}
5 LPP_SU X X X - - data alignment W {k, dn}
6 LPP_SE X X - - X data alignment W {k, dn}
7 GGF X X - X - data alignment W {k, dn}
8 GGF_SU X X X - - data alignment W {k, dn}
9 GGF_SE X X - - X data alignment W {k, dn}

10 MA X X - - X manifold alignment A {µ, k, dn}
11 MA_UN X X - X - Constrained dimension reduction A {k, dn}
12 MA_SU X X X - - manifold alignment A {dn}
13 MIMA X X - - X manifold alignment A {µ, b, dn}
14 MIMA_UN X X - X - Constrained dimension reduction A {b, dn}
15 MIMA-D X X - - X manifold alignment A {µ, b, dn}
16 MIMA-D_UN X X - X - Constrained dimension reduction A {b, dn}

These manifold algorithms listed in Table 4 are categorized into the two approaches (data
alignment or manifold alignment) mentioned in Section 1.2. LPP and GGF belong to the category of
data alignment which concatenates data as a stack, and applies manifold learning on the stacked data.
MA and MIMA belong to the category of manifold alignment which independently project K data
sources to a latent space where the data are aligned.

The hyperparameters of each algorithm were tuned via a grid search, so that each algorithm
reaches its best performance. The k was set in a range of 10 to 120 with an interval of 10. The number
of dimension dn is set in a range of 5 to 50 with an interval of 5. The topology weighting parameter µ

is set in a range of 0.5 to 3 with an interval of 0.5. The number of bins b is set in a range of 5 to 55 with
an interval of 5.

After the data being fused, five different shallow classifiers were applied to the fused data set in
the classification step. They are: one nearest neighbor (1NN) [58], linear SVM (LSVM) [59,60], Gaussian
kernel SVM (KSVM) [59,60], random forest (RF) [61], and canonical correlation forest (CCF) [62].
The parameter tuning of LSVM is done in a heuristic procedure [60]. LIBSVM [94] is employed for the
implementation of the KSVM. The number of trees was set as 40 for both RF and CCF.

3. Experiment Results

The discussion of experiment result mainly focus on the following three aspects:

• Manifold learning strategy. The experiment result supports the discussion of the impact that
causes by different learning strategies, the unsupervised learning, the supervised learning, and
the semi-supervised learning.

• Data fusion approach. The result supports the discussion of the two fusion approaches, the data
alignment-based and the manifold alignment-based, for the fusion of the hyperspectral image
and PolSAR data.
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• Performance on classification. The experiment result reveals how manifold techniques
perform on fusing hyperspectral images and PolSAR data and how different these manifold
techniques perform.

The classification result is quantitatively evaluated by the class-specific accuracy, the average
accuracy, the overall accuracy, and the kappa coefficient. The class-specific accuracy provides the
percentage of correct predictions for a specific class. The average accuracy is the mean value of
class-specific accuracy. The overall accuracy indicates the percentage of correctness for all predictions.
And kappa coefficient also evaluates the overall correctness, yet is more robust than the overall
accuracy [95].

3.1. Experiment on the Berlin Data Set

As shown in Figure 4 and Table 5, for the data alignment-based fusion algorithms (LPP and GGF),
the unsupervised versions outperform the supervised and the semi-supervised versions. However, for
the manifold alignment-based fusion algorithms (MA, MIMA, and MIMA-D), the semi-supervised
versions have the best performance comparing to the supervised and the unsupervised ones.
Surprisingly, in both type of fusion algorithms, the fully supervised strategy performs the worst.

(a) 1NN (b) LSVM

(c) KSVM (d) RF

(e) CCF (f) All experiments

Figure 4. Comparison of the classification accuracies of different classifiers applied on the Berlin data
set. Each chart is resulted from a corresponding classifier. The right bottom chart demonstrates all the
overall accuracy resulted by applying five classifiers on every fused data achieved from the selected 16
algorithms. The y-axis report the overall accuracy in percentage (%). The ’SU’, ’SE’, and ’UN’, represent
supervised, semi-supervised, and unsupervised, respectively.
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Taking the result of the simple concatenation (HSI+POL in Table 5) as reference, the data
alignment-based fusion algorithms (LPP and GGF) marginally improve the classification accuracy.
Sometimes the performance even drops below the reference accuracy. On the contrary, the manifold
alignment-based fusion algorithms (MA, MIMA, and MIMA-D) have a more consistent improvement
of the classification accuracy by ca. 3%. In fact, MIMA and MIMA-D have a considerable improvement
comparing to LPP, GGF, and MA, especially when RF and CCF are employed as the classifier. This can
be seen in Figure 4. Among all the algorithms, MIMA and MIMA-D have the best overall performance.
Shown in Table 5, their best performance reach over 0.66, 65%, and 79%, for the kappa coefficient, the
average accuracy, and the overall accuracy, respectively. For a visual comparison, Figure 5 plots the
ground truth and the classification maps predicted by the 16 algorithms with CCF.

Ground truth POL HSI HSI+POL LPP LPP_SU LPP_SE GGF GGF_SU

GGF_SE MA MA_UN MA_SU MIMA MIMA_UN MIMA-D MIMA-D_UN

Forest Residential Industrial Low Plants soil Allotment Commercial Water
area area area

Figure 5. Visualization of the classification maps and the ground truth. The 16 classification maps are
provided by applying CCF on fused data of the 16 algorithms, for the Berlin data set. Classification
maps achieved by manifold alignment fusion methods are more accurate than the maps achieved by
data alignment fusion methods.
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Table 5. Quantitative performance comparison on the Berlin data, in terms of class-specific accuracy, kappa coefficient, average accuracy, overall accuracy, and mean
overall accuracy. The mean overall accuracy is calculated based on the overall accuracies achieved by the five classifiers. The listed indications are achieved after
hyperparameter tunning. The hyperparameters of each algorithm are listed under the name of the algorithm and their values are listed in the table. The kappa
coefficient, average accuracy, and the overall accuracy that larger than 0.66, 65%, and 79% are marked in bold. And the three highest mean overall accuracies are also
marked in bold.

Algorithm Parameter Classifiers Forest Residential Area Industrial Area Low Plants Soil Allotment Commercial Area Water KAPPA AA OA Mean OA

POL -

1NN 40.64 57.67 25.14 32.94 56.88 32.19 30.37 33.85 0.2927 38.71 48.92

56.76
LSVM 33.02 77.92 13.85 36.46 72.6 40.64 32.23 37.68 0.4012 43.05 60.94
KSVM 34.36 69.94 20.38 30.61 68.27 38.62 32.79 42.82 0.3566 42.23 55.76

RF 35.61 72.3 25.63 28.66 66.38 43.9 37.87 45.39 0.3789 44.47 57.61
CCF 37.96 76.87 24.87 30.69 64.72 38.82 36.88 41.34 0.4035 44.02 60.56

HSI -

1NN 68.78 63.87 30.01 57.58 90.73 55.76 32.86 73.89 0.4599 59.18 61.64

70.14
LSVM 69.2 82.5 18.55 65.7 79.06 53.59 44.77 72.81 0.585 60.77 73.48
KSVM 72.58 78.68 35.43 63.74 74.18 56.87 31.58 74.29 0.5625 60.92 71.34

RF 66.65 79.64 30.25 57.44 75.33 47.77 35.17 78.1 0.5437 58.79 70.21
CCF 71 81.86 31.54 68.95 81.36 53.47 38.35 74.81 0.597 62.67 74.03

HSI+POL -

1NN 64.83 69.7 32.89 65.27 83.81 54.77 34.59 63.51 0.4975 58.67 65.44

73.73
LSVM 66.57 86.24 30.48 75.3 79.61 53.52 40.12 76.11 0.6329 63.49 76.93
KSVM 67.27 80.93 41.78 64.02 72.37 57.58 33 74.6 0.5764 61.44 72.36

RF 63.46 84.99 37.79 74.38 82.72 56.26 40.61 82.09 0.6266 65.29 76.26
CCF 71.51 86.27 34.05 72.03 83.24 56.3 44.33 77.7 0.6445 65.68 77.67

{60, 15} 1NN 69.53 69.07 34.56 66.09 80.27 57.51 32.18 64.56 0.5009 59.22 65.65

74.18
{20, 30} LSVM 70.1 87.05 32.52 70.97 79.26 58.88 36.48 72.61 0.6354 63.48 77.27

LPP {30, 25} KSVM 71.19 85.77 41.43 70.95 82.36 53.97 30.77 72.68 0.6297 63.64 76.69
{k, dn} {10, 20} RF 56.2 85.87 28.9 69.28 76 49.9 38.64 67.07 0.5874 58.98 74.25

{10, 15} CCF 68.41 86.68 34.35 71.96 80.07 54.07 37.54 75.93 0.6325 63.63 77.04

{10} 1NN 63.86 67.04 34.79 71.42 79.06 54.39 28.17 72.32 0.4817 58.88 64.25

71.26
{30} LSVM 64.41 81.51 34.12 70.1 81.56 56.74 29.1 71.38 0.578 61.11 72.9

LPP_SU {50} KSVM 67.06 81.6 43.96 72.17 82.34 57.81 25.04 69.69 0.5908 62.46 73.77
{dn} {25} RF 64.71 80.89 30.98 65.55 72.26 55.27 32.9 69.36 0.5596 58.99 71.67

{25} CCF 64.25 81.99 33.72 74.47 75.59 55.89 33.77 69.76 0.5883 61.18 73.7

{80, 10} 1NN 68.22 72.17 38.92 73.21 73.43 58.09 30.65 74.02 0.5327 61.09 68.26

73.52
{120, 40} LSVM 64.68 85.37 38.15 74.36 79.63 59.18 29.75 77.41 0.6194 63.57 76.04

LPP_SE {120, 40} KSVM 69.02 81.93 41.67 70.74 77 59.76 30.77 76.17 0.6001 63.38 74.15
{k, dn} {120, 30} RF 66.96 83.15 29.66 72.12 66.45 56.39 34.17 74 0.5919 60.36 74.03

{120, 25} CCF 64.86 85.09 34.63 71.85 66.83 56.05 34.33 75.05 0.6044 61.09 75.12

{20, 30} 1NN 69.28 71.37 36.65 66.54 83.51 56.94 31.34 63.82 0.5186 59.93 67.17

75.31
{90, 30} LSVM 68.11 88.76 34.14 76.11 79.29 54.93 36.54 75.14 0.655 64.13 78.7

GGF {20, 30} KSVM 72.18 84.64 37.08 70.29 81.88 57.25 34.49 74.44 0.6254 64.03 76.15
{k, dn} {10, 20} RF 68.97 86.55 29.13 70.39 81.23 49.45 41.85 62.88 0.6242 61.31 76.58

{10, 25} CCF 70.53 87.51 31.29 76.34 70.86 51.95 42.06 67.95 0.6448 62.31 77.98
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Table 5. Cont.

Algorithm Parameter Classifiers Forest Residential Area Industrial Area Low Plants Soil Allotment Commercial Area Water KAPPA AA OA Mean OA

{10} 1NN 65.57 69.99 37.73 68.89 80.13 51.96 28.71 76.62 0.5013 59.95 66.05

71.59
{50} LSVM 63.6 82.87 36.49 69.8 82.34 56.58 29.62 76.22 0.5906 62.19 73.77

GGF_SU {50} KSVM 69.99 80.63 46.43 60.43 77.21 53.92 25.15 78.77 0.5695 61.57 71.98
{dn} {50} RF 62.01 81.42 32.09 67.3 74.08 53.3 38.83 65.17 0.5678 59.28 72.17

{40} CCF 65.54 83.4 31.38 70.58 72.26 51.15 37.02 68.24 0.5906 59.95 74

{10, 15} 1NN 66.96 70.63 36.07 69.65 80.62 55.65 29.49 76.35 0.5119 60.68 66.77

72.40
{120, 45} LSVM 63.06 83.52 37.69 73.01 81.94 55.48 29.11 79.87 0.6007 62.96 74.54

GGF_SE {40, 40} KSVM 70.19 82.26 41.52 67.92 80.35 54.38 31.22 82.51 0.5988 63.79 74.19
{k, dn} {20, 40} RF 65.27 80.56 34.49 67.01 75.85 54.57 38.72 66.98 0.5716 60.43 72.21

{70, 30} CCF 60.15 83.94 35.07 74.18 74.3 51.22 35.51 68.64 0.5942 60.37 74.29

{2, 90, 10} 1NN 69.83 73.8 38 75.68 69.64 60.09 29.41 72.27 0.5474 61.09 69.54

76.40
{2.5, 20, 25} LSVM 65.49 86.97 37.63 79.08 80.06 55.63 34.46 73.37 0.6445 64.09 77.77

MA {2.5, 90, 35} KSVM 69.38 85.81 37.49 78.3 80.54 55.42 33.29 73.21 0.6405 64.18 77.39
{µ, k, dn} {2, 10, 50} RF 64.5 90.08 30.25 77.68 65.58 49.41 36.85 67.95 0.644 60.29 78.45

{2, 10, 20} CCF 66.66 89.12 33.05 79.51 68.95 54.91 39.47 71.01 0.6557 62.84 78.89

{120, 15} 1NN 68.46 69.61 32.87 72.87 78.51 54.88 34.76 67.95 0.5159 59.99 66.68

75.13
{90, 30} LSVM 66.86 87.58 35.97 77.55 78.59 55.44 36.3 76.15 0.649 64.3 78.1

MA_UN {40, 50} KSVM 70.55 85.61 36.23 74.18 79.83 57.57 35.55 73.14 0.6346 64.08 76.97
{k, dn} {100, 30} RF 58.91 87.37 26.35 69.77 80.7 53.14 41.94 60.71 0.6079 59.86 75.74

{30, 30} CCF 67 88.05 33.05 74.11 81.85 55 41.91 70.52 0.6467 63.94 78.14

{5} 1NN 69.88 71.34 34.87 68.69 71.01 57.88 32.38 73.52 0.5199 59.94 67.21

75
{50} LSVM 67.56 86.73 38.76 79.67 77.21 56.87 32.27 75.45 0.6457 64.31 77.85

MA_SU {50} KSVM 71.6 83.96 35.72 75.92 61.57 59.59 37.1 72.65 0.6204 62.26 75.84
{dn} {50} RF 60.53 87.82 33.22 77.13 70.16 52.42 38.82 63.66 0.6242 60.47 76.94

{50} CCF 64.09 88.37 30.57 76.73 62.56 51.86 36.99 59.9 0.6257 58.89 77.14

{1, 15, 5} 1NN 69.91 70.2 33.39 69.63 61.94 53.49 35.07 68.62 0.5055 57.78 66.26

76.22
{1, 15, 15} LSVM 67.76 84.97 36.22 78.36 79.08 57.74 38 70.25 0.6328 64.05 76.85

MIMA {1, 15, 15} KSVM 71.06 84.24 41.01 76.11 69.87 55.82 32.97 68.97 0.6233 62.51 76.11
{µ, b, dn} {1.5, 25, 40} RF 65.1 90.31 32.54 80 82.77 50.79 35.08 71.01 0.6642 63.45 79.6

{2, 25, 20} CCF 70.86 88.06 36.54 80.42 76.88 57.21 39.61 73.21 0.667 65.35 79.36

{10, 20} 1NN 72.57 68.39 35.96 70.18 79.27 62.58 30.73 67.41 0.513 60.89 66.25

75.85
{10, 35} LSVM 68.21 88.59 36.62 74.6 80.79 55.87 29.86 76.08 0.6495 63.83 78.29

MIMA_UN {10, 35} KSVM 71.78 87.1 36.85 73.13 82.31 58.05 31.79 73.14 0.6449 64.27 77.81
{b, dn} {55, 30} RF 67.92 88.44 27.36 77.22 81.32 50.9 35 61.04 0.6417 61.15 78.08

{30, 20} CCF 71.06 88.19 29.72 77.55 79.81 55.71 39.99 69.67 0.658 63.96 78.86

{1.5, 30 ,15} 1NN 71.31 72.3 35.31 74.51 76.66 57.37 33.48 71.84 0.5423 61.6 68.92

76.75
{1.5, 45, 20} LSVM 67.59 86.85 36.8 81.07 78.3 56.4 38.97 75.88 0.6549 65.23 78.38

MIMA-D {2.5, 55, 30} KSVM 70.01 85.33 36.79 78.84 78.52 56.83 36.44 76.08 0.6425 64.86 77.37
{µ, b, dn} {1, 30, 30} RF 67.02 89.85 33.09 80.46 83.21 50.61 37.95 74.27 0.6698 64.56 79.81

{1, 45, 30} CCF 68.91 89.18 34.79 78.63 75.48 51.74 39.85 69.45 0.6628 63.5 79.28

{55, 15} 1NN 72.57 68.39 35.96 70.18 79.27 62.58 30.73 67.41 0.513 60.89 66.25

75.52
{55, 25} LSVM 68.21 88.59 36.62 74.6 80.79 55.87 29.86 76.08 0.6495 63.83 78.29

MIMA-D_UN {40, 20} KSVM 71.78 87.1 36.85 73.13 82.31 58.05 31.79 73.14 0.6449 64.27 77.81
{b, dn} {45, 30} RF 67.92 88.44 27.36 77.22 81.32 50.9 35 61.04 0.6417 61.15 78.08

{45, 25} CCF 71.06 88.19 29.72 77.55 79.81 55.71 39.99 69.67 0.658 63.96 78.86
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3.2. Experiment on Augsburg Data Set

The findings of the Augsburg data set are consistent with that of the Berlin data set. For the data
alignment-based fusion algorithms, the unsupervised learning strategy works the best among the
three learning strategies. For the manifold alignment-based fusion algorithms, the semi-supervised
learning strategy performs the best. Comparing the results to that of simple concatenation (HSI+POL),
the data alignment-based fusion (LPP and GGF) barely has any improvement, while the manifold
alignment fusion has a 2% improvement comparing to the LPP and GGF. These findings can be seen
in Figure 6, and Table 6. Among all the algorithms, combining MIMA or MIMA-D with RF or CCF
provide the best classification performance. Their kappa coefficient, the average accuracy, and the
overall accuracy, reach 0.56, 62.5%, and 62.5% respectively. A visual comparison of the results is shown
in Figure 7. Similar to Figure 5, the classification maps were predicted by CCF.

(a) 1NN (b) LSVM

(c) KSVM (d) RF

(e) CCF (f) All experiments

Figure 6. Comparison of the classification accuracies of different classifiers applying on the Augsburg
data set. Each chart is resulted from a corresponding classifier. The right bottom chart demonstrates all
the overall accuracy resulted by applying five classifiers on the fused data achieved from each of the 16
algorithms. The y-axis is the overall accuracy in percentage (%). The ’SU’, ’SE’, and ’UN’, represent
supervision, semi-supervision, and un-supervision, respectively.
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Table 6. Quantitative performance comparison on the Augsburg data, in terms of class-specific accuracy, kappa coefficient, average accuracy, overall accuracy, and
mean overall accuracy. The mean overall accuracy is calculated based on the overall accuracies achieved by the five classifiers. The listed indications are achieved
after hyperparameter tunning. The hyperparameters of each algorithm are listed under the name of the algorithm and their values are listed in the table. The kappa
coefficient, average accuracy, and the overall accuracy that larger than 0.56, 62.5%, and 62.5% are marked in bold. And the three highest mean overall accuracies are
also marked in bold.

Algorithm Parameter Classifiers Forest Residential Area Industrial Area Low Plants Allotment Commercial Area Water KAPPA AA OA Mean OA

1NN 64 35.88 38.8 55.02 22.54 38.9 18.66 0.2897 39.11 39.11

48.21
LSVM 86.93 46.44 39.15 73.17 25.37 44.29 21.8 0.3952 48.16 48.16

POL - KSVM 86.51 64.49 31.41 81.98 22.39 41.98 19.12 0.4131 49.7 49.7
RF 81.88 63.44 47.76 88.46 28.88 38.71 14.63 0.4396 51.97 51.97

CCF 82.29 61.85 47.8 88.37 30.34 38.07 16.1 0.4414 52.12 52.12

1NN 27.9 52.49 61.1 78.2 60.66 24.9 55.24 0.4341 51.5 51.5

51.33
LSVM 25.44 50.22 75.93 67.46 38.32 15.15 57.93 0.3841 47.21 47.21

HSI - KSVM 31.2 65.2 70.71 86.37 55.98 20.8 54.63 0.4748 54.98 54.98
RF 25.59 58.29 70.29 84.34 40.41 15.98 52.98 0.4131 49.7 49.7

CCF 27.29 64.56 75.71 84.68 48.29 16.54 55.66 0.4546 53.25 53.25

1NN 34.76 58.17 55.93 84.56 57.73 34.9 54.88 0.4682 54.42 54.42

56.71
LSVM 31 65.95 73.29 83.85 36.9 25.07 42.85 0.4315 51.28 51.28

HSI+POL - KSVM 40.59 67.83 67.07 92.59 45.24 27.1 55.78 0.4937 56.6 56.6
RF 61.27 73.88 70.1 94.98 47.51 25.63 59.17 0.5542 61.79 61.79

CCF 46.07 75.63 78.05 95.51 58.07 18.49 44.22 0.5267 59.44 59.44

{10, 40} 1NN 44.9 60.61 53.29 86.56 61.37 34.76 56.32 0.4963 56.83 56.83

57.42
{20, 20} LSVM 28.17 64.93 76.63 81.54 38.27 17.88 53.93 0.4356 51.62 51.62

LPP {40, 50} KSVM 40.98 67.98 73.49 92.32 45.49 22.68 53.66 0.4943 56.66 56.66
{k, dn} {10, 30} RF 73.66 66.15 65.8 89.54 51.24 25.78 55.17 0.5456 61.05 61.05

{10, 35} CCF 59.63 70.71 72.8 92.2 51.9 22.78 56.51 0.5442 60.93 60.93

{5} 1NN 31.93 55.83 56.95 78.51 49.07 33.98 42.76 0.415 49.86 49.86

52.97
{10} LSVM 40.85 63.1 63.29 87.46 49.17 32.61 36.05 0.4542 53.22 53.22

LPP_SU {40} KSVM 54.24 63.93 66.32 87.2 45.05 28.49 29.41 0.4577 53.52 53.52
{dn} {35} RF 44.46 60.93 62.78 90.07 44.15 30.95 41.88 0.4587 53.6 53.6

{35} CCF 52.07 62.15 64.66 90.17 44.24 28.88 40.51 0.4711 54.67 54.67

{20, 45} 1NN 49.76 59.15 53 85.05 60.98 40.05 55.15 0.5052 57.59 57.59

56.06
{10, 10} LSVM 43.49 65.51 77.22 85.07 40.76 20.8 41.05 0.4565 53.41 53.41

LPP_SE {120, 35} KSVM 37.66 71.27 75.22 93.22 48.44 20.54 45.49 0.4864 55.98 55.98
{k, dn} {30, 15} RF 27.17 63.22 72.2 91.78 54.46 26.54 55.66 0.485 55.86 55.86

{80, 40} CCF 47.2 66.46 73.22 90.93 56.07 23.27 45.17 0.5039 57.47 57.47

{20, 50} 1NN 41.37 57.22 49.68 82.63 61.61 38.2 56.32 0.4784 55.29 55.29

55.81
{30, 15} LSVM 29.17 63.76 74.83 82.12 36.54 19.71 56.71 0.438 51.83 51.83

GGF {20, 15} KSVM 34.51 69.22 73.71 92.34 45.32 23.9 59.61 0.4977 56.94 56.94
{k, dn} {40, 45} RF 60.22 65.61 61.29 89.73 46.46 31.78 56.56 0.5194 58.81 58.81

{40, 35} CCF 47.9 70.9 72.22 92.44 43.34 23.05 55 0.5081 57.84 57.84
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Table 6. Cont.

Algorithm Parameter Classifiers Forest Residential Area Industrial Area Low Plants Allotment Commercial Area Water KAPPA AA OA Mean OA

{5} 1NN 31.93 55.83 56.95 78.51 49.07 33.98 42.76 0.415 49.86 49.86

53.36
{10} LSVM 40.85 63.15 63.29 87.46 49.2 32.61 36.05 0.4543 53.23 53.23

GGF_SU {35} KSVM 51.17 64.07 65.46 86.78 44.37 30.9 31.49 0.4571 53.46 53.46
{dn} {45} RF 44.93 61.05 60.15 89.93 42.88 32.68 45.02 0.4611 53.8 53.8

{45} CCF 51.2 62.61 66.93 90.24 46.78 28.76 48.59 0.4918 56.44 56.44

{120, 10} 1NN 44.8 58.17 63.32 84.54 56.05 32.95 46.83 0.4778 55.24 55.24

56.19
{20, 30} LSVM 53.02 66.54 66.95 84.61 47.27 29.41 31.88 0.4661 54.24 54.24

GGF_SE {10, 50} KSVM 67.54 68.24 66.8 87.12 41.32 23.98 24.41 0.4657 54.2 54.2
{k, dn} {90, 15} RF 42.88 64.9 68.07 92.56 56.68 26.63 56.54 0.5138 58.32 58.32

{120, 40} CCF 47 65.83 67.88 92.51 57.29 27.07 55.15 0.5212 58.96 58.96

{2, 70, 35} 1NN 30.88 58.68 61.39 82.05 77.27 27.78 54.02 0.4868 56.01 56.01

57.52
{2.5, 60, 35} LSVM 26.22 66.63 78.2 72.44 42.9 16.1 55.27 0.4296 51.11 51.11

MA {2, 70, 25} KSVM 31.44 69.54 78.8 93 59.05 17.73 53.76 0.5055 57.62 57.62
{µ, k, dn} {1, 110, 45} RF 75.34 72.15 64.66 91.61 48.88 30.12 43.24 0.5433 60.86 60.86

{1, 110, 45} CCF 65.85 73.24 72.61 93.61 55 23.8 50.05 0.557 62.02 62.02

{100, 25} 1NN 31.61 56.85 57.29 80.71 73.98 26.61 54.83 0.4698 54.55 54.55

56.54
{100, 30} LSVM 26.51 67.12 76.8 73.78 41.07 15.71 55.83 0.428 50.98 50.98

MA_UN {100, 20} KSVM 32.56 68.2 74 89.29 58.63 18.88 55.32 0.4948 56.7 56.7
{k, dn} {20, 25} RF 75.15 67.93 63.17 87.93 44.29 31 50.83 0.5338 60.04 60.04

{20, 40} CCF 75.27 69.07 60.95 89.83 50.07 32.41 45.56 0.5386 60.45 60.45

{50} 1NN 26.71 52.78 61.15 80.22 69.93 26.07 54.46 0.4522 53.05 53.05

54.53
{50} LSVM 25.2 57.2 77.56 70.29 36.85 16.68 53.76 0.3959 48.22 48.22

MA_SU {50} KSVM 28.68 60.68 74.83 87.9 56.2 17.46 50.39 0.4602 53.74 53.74
{dn} {50} RF 49.76 67.1 67.12 91.9 47.27 28.85 54.32 0.5105 58.05 58.05

{45} CCF 64.07 69.12 66.78 92.41 52.39 27.63 44.63 0.5284 59.58 59.58

{2.5, 35, 35} 1NN 27.68 57.07 62.56 81.39 72.17 26.46 55.51 0.4714 54.69 54.69

58.01
{3, 25, 5} LSVM 23.61 71.93 78.63 79.98 44.29 13.76 54.51 0.4445 52.39 52.39

MIMA {1.5, 35, 15} KSVM 34.15 68.12 72.9 92.27 53.51 22.07 59.34 0.5039 57.48 57.48
{µ, b, dn} {0.5, 40, 35} RF 66.22 76.88 65.51 92.8 47.78 26.27 59.02 0.5575 62.07 62.07

{0.5, 55, 40} CCF 76.78 77.49 65.12 92.73 50 28.78 53.15 0.5734 63.44 63.44

{5, 35} 1NN 34.34 55.24 54.85 80.76 71.41 28.44 53.39 0.4641 54.06 54.06

56.56
{10, 50} LSVM 28.39 67.78 76.05 74.17 40.73 19.22 53.02 0.4323 51.34 51.34

MIMA_UN {5, 30} KSVM 31.9 68.12 74.78 90.78 59.44 20.1 57.9 0.505 57.57 57.57
{b, dn} {20, 30} RF 58.95 66.54 71.76 89.68 51.68 25.24 42.68 0.5109 58.08 58.08

{15, 45} CCF 83.71 67.61 68.07 89.73 57.98 27.68 37.37 0.5536 61.74 61.74

{3, 50, 35} 1NN 28.76 57.63 62.68 80.22 74.83 24.98 55.49 0.4743 54.94 54.94

56.5
{3, 40, 15} LSVM 25.27 67.44 78.46 73.29 39.85 15.41 52.17 0.4198 50.27 50.27

MIMA-D {3, 40, 15} KSVM 33.12 68.95 70.41 92.8 55.8 20.05 60.59 0.5029 57.39 57.39
{µ, b, dn} {3, 35, 30} RF 52.54 72.27 73.56 92.24 49.83 24.29 47.71 0.5207 58.92 58.92

{2.5, 30, 40} CCF 55.51 73.66 72.98 92.85 53.61 24.05 54.22 0.5448 60.98 60.98

{20, 30} 1NN 34.93 56.02 56.54 80.46 75.29 26.39 54.41 0.4734 54.86 54.86

60.29
{55, 5} LSVM 87.22 55.24 48 57.41 36.2 41.95 54.41 0.4674 54.35 54.35

MIMA-D_UN {15, 30} KSVM 35.27 67.93 77.54 91.83 66.56 17.37 54.73 0.5187 58.75 58.75
{b, dn} {20, 50} RF 82.95 65.17 58.12 88.41 54.32 34.05 56.63 0.5661 62.81 62.81

{20, 30} CCF 78.54 72.29 65.85 92.63 49.88 26.68 53.56 0.5657 62.78 62.78
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Figure 7. Visualization of the achieved classification maps and the ground truth. The 16 classification
maps are provided by applying CCF on fused data of the 16 algorithms, for the Augsburg data set.
Classification maps achieved by manifold alignment fusion methods are more accurate than the maps
achieved by data alignment fusion methods, especially MIMA based methods.

4. Discussion

4.1. The Setting of the Training and Testing Samples

As shown in Figures 2 and 3, the training and testing samples are spatially separated as a
standard machine learning practice. However, the distribution of training samples of the Berlin and
the Augsburg data set are slightly different. For each class of the Berlin data set, the training data are
block-wisely scattered over the whole area. For the Augsburg data set, the training data only covers
on the western part of the area. There is no sample from the eastern half of the site where the testing
data distribute. Both scenarios are common in remote sensing applications. The latter one is naturally
more challenging. This is why the overall accuracy of the Augsburg data set fluctuates around 56%,
while it is around 76% for the Berlin data set.

4.2. The Data Alignment Fusion

An unsupervised data alignment-based fusion in this article pursues an intrinsic manifold of a
concatenation of the hyperspectral and PolSAR data. Intuitively, making use of the additional label
information in the manifold learning (semi-supervision) should be improve the classification accuracy.
However, we observed the exact opposite in our experiments. We believe it is due to the misalignment
of image pixels of optical and SAR images caused by their distinct imaging geometry. This pixel
misalignment leads to extra difficulty in learning a joint manifold. Adding one more manifold defined
by the misaligned label will only lead to destructive effects. Therefore, the data alignment-based fusion
algorithm is not competent for fusing hyperspectral and PolSAR data with the resolution similar to
our dataset. This finding should also be able to generalized to high resolution optical and SAR data,
although we have not conducted any experiment.

4.3. The Manifold Alignment Fusion

Different to the data alignment-based fusion, the semi-supervised manifold alignment-based
fusion outperforms the unsupervised manifold alignment fusion. This fusion concept is able to
introduce the advantage of label information while pursuing the intrinsic manifold. The reason is that
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this fusion concept models the manifold of individual data sources independently which suits the
fact that hyperspectral and PolSAR data are severely dissimilar in geometry and content. The label
information is merged into the two manifolds in a way that the two manifolds are separately link to
the label and are then aligned to each other by the label. In such manner, the advantage of label data
appears on the classification results. Comparing to the data alignment-based fusion, the manifold
alignment-based fusion introduces considerable improvements to the classification accuracy, which
shows its competence for the fusion of hyperspectral and PolSAR data.

4.4. The Filter Function of MIMA

As introduced in Section 2.5, the filter function of MIMA introduces an expertise knowledge
while deriving the manifold structure of data. MIMA and MIMA-D in this paper employed PCA and a
density estimation as the filter function, respectively. The principal components are frequently used
in classification. It is proven to be effective [82,96]. The density function is an important property for
classification or clustering tasks [97,98]. However, from the experiment in this paper, it is inconclusive
which choice is more suitable to serve as the filter function.

5. Conclusion and Outlook

This paper compares 16 variants of four state-of-the-art multi-sensory data fusion algorithms
based on manifold learning. The comparison was done via a rigorous evaluation of the performance of
the 16 algorithms on land use land cover classification on two sets of spaceborne hyperspectral images
and PolSAR data. To carry out an objective comparison, the hyperparameters of the 16 algorithms
were optimized via a grid search. Five different shallow classifiers were applied on the data sets fused
by the 16 algorithms. We avoided any deep network classifiers, because the goal of this article is to
solely evaluate the performance of multi-sensory data fusion algorithms. The experiments conclude
that (1) data alignment-based (data concatenation) manifold techniques are less competent for the
fusion of hyperspectral images and PolSAR data, or in general optical and SAR images fusion, because
a concatenation of the two data sets with distinct imaging geometries causes difficulty even destructive
effects when optimizing the target manifold; On the contrary, manifold alignment-based techniques are
more competent for the task of optical and SAR images fusion, because the manifolds of the two data
are separatly modeled and aligned; (2) Among the manifold alignment-based manifold techniques,
semi-supervised methods are able to effectively make use of both the structure of data and the existing
label information; (3) the MIMA algorithm cooperating with the CCF classifier provides the best
classification accuracy among all the algorithms.

Based on our current research, our future research directions can include:

• In the current algorithms, the learned manifold is specific to the very input data sets. We would
like to study the generalization of such manifold on data sets of the same sensors. Eventually, we
aim at big data processing where one common manifold can be applied to all the data sets of the
same type.

• Graph CNN has been an emerging filed in deep lerning. It is also of great interest to combine it
with the traditional manifold learning techniques described in this article.

• Because of the data availability of spaceborne hyperspectral and PolSAR data, they have not been
extensively applied to real world problems. We would like to address more real world applications
especially those for social good using those two types of data, for example, contributing to the
monitoring of Unite Nation’s sustainable development goals.
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Appendix A. Pseudo-Code of LPP

Algorithm A1: LPP(X,k,σ)
Input:

X: the data source X = [x1, ..., xp, ..., xn] ∈ Rm×n with n instances and m dimensions
k: the number of local neighbors
σ: the filtering parameter

Output:
Y: the representation of data X on the intrinsic manifoldM.
f: the projection maps data X to Y

1 construct the n by n weight matrix with Equation (1)
2 construct the degree matrix D
3 construct the Laplacian matrix L = D−W
4 solve the generalized eigenvalue decomposition XLXTf = λXDXTf
5 construct Y: Y = fTX
6 Return Y and f

Appendix B. Pseudo-Code of GGF

Algorithm A2: GGF(X1,X2,k,σ)
Input:

X1: the data source X1 ∈ Rm1×n with n instances and m1 dimensions
X2: the data source X2 ∈ Rm2×n with n instances and m2 dimensions
k: the number of local neighbors
σ: the filtering parameter

Output:
Ỹ: the fused data.
f: the projection maps data X̃ to Ỹ

1 stacking data sources on the feature dimension: X̃ =

[
X1

X2

]
= [x̃1, ..., x̃p, ..., x̃n] ∈ R(m1+m2)×n

2 construct binary matrices Ai(i ∈ {1, 2}) to model manifolds of Xi:

Ai(p, q) =

{
1 xp

i is one of the k nearest neighbor to xq
i

0 otherwise

3 construct a fused binary matrix Ã(p, q) = A1(p, q) ∗A2(p, q)
4 calculate a n by n pairwise distance matrix D̃
5 construct a GGF pairwise distance matrix D̃GGF as Equation (6)
6 calculate the n by n weight matrix: W̃ as Equation (7)
7 calculate the degree matrix D̃
8 calculate the Laplacian matrix L̃ = D̃− W̃
9 solve the generalized eigenvalue decomposition X̃L̃X̃Tf = λX̃D̃X̃Tf

10 calculate Ỹ = fTX̃
11 Return Ỹ and f
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Appendix C. Pseudo-Code of MA

Algorithm A3: MA(X1,X2,E1,E2,k)
Input:

X1: the data source X1 ∈ Rm1×n1 with n1 instances and m1 dimensions
X2: the data source X2 ∈ Rm2×n2 with n2 instances and m2 dimensions
E1: E1 ∈ R1×n∗1 with n∗1 < n1, labels for the first n∗1 instances of X1

E2: E2 ∈ R1×n∗2 with n∗2 < n2, labels for the first n∗2 instances of X2

k: the number of local neighbors
Output:

Ỹ1: the projected data of X1.
Ỹ2: the projected data of X2.
f1: the projection maps data X1 to Ỹ1

f2: the projection maps data X2 to Ỹ2

1 construct (n1 + n2) by (n1 + n2) binary matrices Ãs (Equation (9)) and Ãd (Equation (10))
using E1 and E2

2 construct (n1 + n2) by (n1 + n2) binary matrix Ãg (Equation (11)) using k-nearest-neighbor
with the given k

3 construct degree matrices D̃s, D̃d, and D̃g with Ãs, Ãd, and Ãg, respectively
4 construct Laplacian matrices L̃s, L̃d, and L̃g as instructed in Equation (17)
5 organize the data matrix X̃ as instructed in Equation (17)
6 solve the generalized eigenvalue decomposition X̃(µL̃g + L̃s)X̃Tf = λX̃L̃dX̃Tf so that f1 and f2

are achieved, f =

[
f1

f2

]
.

7 calculate Ỹ1 = fT
1 X1 and Ỹ2 = fT

2 X2

8 Return Ỹ1, Ỹ2, f1, f2

Appendix D. Pseudo-Code of MIMA

Algorithm A4: MIMA-MAPPER(X,b,c,F)
Input:

X: the data source X ∈ Rm×n with n instances and m dimensions
b: the number of data bins
c: the overlapping rate
F: the filtering function

Output:
AMIMA: the connection matrix

1 calculate the parameter space XF
2 divide XF into b intervals with c% overlap of adjacent intervals
3 divide data X into b bins corresponding to intervals achieved in 2
4 for (each data bin):
5 Spectral clustering
6 end for

7 Construct topological matrix AMIMA(p, q) =





1, if p and q in the same cluster;

1, if p and q in the linked clusters;

0, otherwise.

8 Return AMIMA
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Algorithm A5: MIMA(X1,X2,E1,E2,k)
Input:

X1: the data source X1 ∈ Rm1×n1 with n1 instances and m1 dimensions
X2: the data source X2 ∈ Rm2×n2 with n2 instances and m2 dimensions
E1: E1 ∈ R1×n∗1 with n∗1 < n1, labels for the first n∗1 instances of X1

E2: E2 ∈ R1×n∗2 with n∗2 < n2, labels for the first n∗2 instances of X2

k: the number of local neighbors
Output:

Ỹ1: the projected data of X1.
Ỹ2: the projected data of X2.
f1: the projection maps data X1 to Ỹ1

f2: the projection maps data X2 to Ỹ2

1 construct (n1 + n2) by (n1 + n2) binary matrices Ãs (Equation (9)) and Ãd (Equation (10))
using E1 and E2

2 for(i=1:2)
3 Ai,i

MIMA = MIMA-MAPPER(Xi,b,c)
4 end

5 construct matrix ÃMIMA =




A1,1
MIMA 0 0

0 ... 0
0 0 AK,K

MIMA




6 construct degree matrices D̃s, D̃d, and D̃MIMA with Ãs, Ãd, and ÃMIMA, respectively
7 construct Laplacian matrices L̃s, L̃d, and L̃MIMA as instructed in Equation (17)
8 organize the data matrix X̃ as instructed in Equation (17)
9 solve the generalized eigenvalue decomposition X̃(µL̃g + L̃s)X̃Tf = λX̃L̃MIMAX̃Tf so that f1

and f2 are achieved, f =

[
f1

f2

]

10 calculate Ỹ1 = fT
1 X1 and Ỹ2 = fT

2 X2

11 Return Ỹ1, Ỹ2, f1, f2
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Abstract—Access to labeled data is of vital importance in
supervised machine learning endeavors. This is especially true
for an automatic analysis of remote sensing images on a global
scale, which enables us to address global challenges such as
urbanization and climate change, and assess the progress of
UN sustainable development goals using state-of-the-art machine
learning techniques. To meet these pressing needs, especially in
urban research, we provide open access to a valuable benchmark
dataset named “So2Sat LCZ42,” which consists of local climate
zone (LCZ) labels of about half a million Sentinel-1 and Sentinel-
2 image patches in 42 urban agglomerations (plus 10 additional
smaller areas) across the globe. This dataset was labeled by 15
domain experts following a carefully designed labeling work flow
and evaluation process over a period of six months. Despite this
intensive labor, we would like to share this dataset, which is
intrinsically different from many other semantic land use and
land cover classifications because LCZs provide an objective
measure of the morphology, compactness, and height of urban
areas. These measures are human and culturally independent,
which is fundamental in creating an unbiased globally-distributed
dataset for urban growth monitoring using machine learning
methods. This dataset can be accessed from http://doi.org/10.
14459/2018mp1483140.

Index Terms—enchmark dataset, classification, deep learning,
Earth observation, local climate zones (LCZs), machine learn-
ing, multi-spectral, remote sensing, SAR, Sentinel-1, Sentinel-
2, urban areasenchmark dataset, classification, deep learning,
Earth observation, local climate zones (LCZs), machine learning,
multi-spectral, remote sensing, SAR, Sentinel-1, Sentinel-2, urban
areasB

I. INTRODUCTION

THE production of land use/land cover (LULC) maps at
large or even global scale is an essential task in the field

of remote sensing. These maps can provide valuable input to
a large number of societal questions, such as understanding
human poverty or climate change, supporting the conservation
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of biodiversity and ecosystems, and providing stakeholder
information for disaster management and sustainable urban
development [1]. Urbanization is undoubtedly the most im-
portant mega-trends in the 21st century, after climate change.
Currently, half of humanity – 3.5 billion people – lives
in cities. Shockingly, 1 billion of them still live in slums.
Therefore, sustainable urban development has become one of
the 17 sustainable development goals (SDGs) of the United
Nations. Today, sustainable development increasingly depends
on the successful management of urban growth, especially
in developing countries where the pace of urbanization is
projected to be the fastest, according to World Urbanization
Prospects: The 2018 Revision [2]. LULC maps enable us to
describe, track, and manage urban growth in an objective and
consistent manner.

Examples of global LULC products created by the remote
sensing community include the Global Urban Footprint (GUF)
[3], [4], produced from synthetic aperture radar (SAR) data
acquired by the TanDEM-X (TD-X) mission; the Global
Human Settlement Layer (GHSL) produced from global,
multi-temporal archives of fine-scale satellite imagery, census
data, and volunteered geographic information [5]; and the
Finer Resolution Observation and Monitoring of Global Land
Cover (FROM-GLC) and GlobeLand30 datasets, produced
from 30m-resolution Landsat data [6]. This list is not exhaus-
tive. However, these products all provide semantic labels of
urban/non-urban, or even finer classes. These semantic labels
are often subjective (to human interpretation), and culture-
dependent. For example, the definition of urban and non-urban
areas might be drastically different in Europe and Africa, and
from person to person.

A. Advantage of LCZ classification for global urban mapping

For a consistent analysis of the urban areas across the globe,
an objective and culture-independent classification scheme
of urban areas that is applicable worldwide is pressingly
needed. After extensive research, we turned to Local Climate
Zones (LCZs). LCZs were originally developed for metadata
communication of observational urban heat island studies, and
have also been shown to support the assessment of social
inequalities [7]. There are a total of 17 classes in the LCZ
classification scheme, where 10 are built classes and 7 are
natural classes. They are based on climate-relevant surface
properties on local scale, which are mainly related to 3D
surface structure (e.g., height and density of buildings and
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trees), surface cover (e.g., vegetation or paving), as well as
anthropogenic parameters (such as human-based heat output).
A schematic drawing of the 17 classes is shown in the left of
Fig. 1. The middle of the figure shows the LCZ classification
of Vancouver, Canada, created by the authors. As can be seen
the 10 urban classes describe the morphology of the area,
including the density and the height of the buildings, as well as
the percentage of the impervious surface. The urban classes
are mostly coded by red, with decreasing intensities as the
building density and height decreases from compact high-rise
to open low-rise. For example, the dark red part marked by
the yellow rectangle is downtown Vancouver, where most of
Vancouver’s high-rise buildings are located. As a reference,
the Google image of this area is shown in the right of Fig. 1.
The light red part of the classification map is mostly low-
rise residential houses. Because the LCZ classes are defined
by their physical properties, they are generic and applicable
to cities over the world, offering the potential to compare
different areas of different cities with trenchant distinctions
representing the heterogeneous thermal behavior within an
urban environment [8]. Besides the increasing impact on
worldwide climatological studies, such as the cooling effect
of green infrastructure and micro-climatic effects on town
peripheries [9]–[18], researchers have recently started to use
the LCZ approach to classify the internal structure of urban ar-
eas, providing promising information for various applications
such as infrastructure planning, disaster mitigation, health and
green space planning, and population assessment [19], [20]
in this increasingly urbanized world [1]. The remote sensing
community also addressed its particular attention to this topic
by organizing the 2017 IEEE data fusion contest with the goal
of LCZ classification [21].

B. Related work in LCZ classification

Recently, various promising classifiers for LCZ have been
proposed by different research groups. They include random
forests, support vector machines [23], canonical correlation
forests [24], [25], rotation forests [21], gradient boosting
machines [26], and ensembles of multiple classifiers [27].
Deep learning certainly played an important role in LULC
using remote sensing data [28]. Multiple algorithms based on
convolutional neural networks [29]–[34] have been developed.

A significant part of the existing development of LCZ clas-
sification is community-based large-scale LCZ mapping using
freely available Landsat data and softwares [35]–[37]. World
Urban Database and Portal (WUDAPT) [22], a community-
driven initiative, was organized by researchers to map high-
quality LCZ maps worldwide through the contribution of the
community. Within this framework, currently almost 100 cities
worldwide have been mapped with a moderate quality, provid-
ing sufficient detail for certain model applications [38]. LCZ
maps of tens of cities, after undergoing quality assessment
and generation of metadata, are now openly available in the
WUDAPT portal. More recently, LCZs of Europe is being
mapped as part of the WUDAPT project, with data including
Sentinel-1, Sentinel-2, and the Defense Meteorological Pro-
gram (DMSP) Operational Linescan System (OLS) night-time

lights product [39]. These LCZ maps and tools can benefit
various studies, such as modelling the effects of changes to the
energy infrastructure and simulating the urban climate [38].

The procedures of community-based LCZ mapping mainly
consist of two steps: 1) labeling ground truth data in Google
Earth, and 2) classification using shallow learning algorithms
such as random forest in GIS software, a process that is
detailed in [8] and Section II-A. These community-based
efforts mark the first step toward a more synergetic cooperation
among researchers. Yet, multiple studies have reported that the
quality of the produced LCZ maps is inconsistent [40], [41],
as the procedures strongly rely on the knowledge of individual
volunteers.

Therefore, it still requires a significant development toward
a global LCZ mapping because of the lack of high quality
labels, and transferable classifiers for global deployment. Ac-
cording to [8], [38], [42], regional variations in vegetation and
artificial materials, as well as significant variations in cultural
and physical environmental factors, cause large intra-class
variability of spectral signatures. As a result, transferability,
i.e., classifying one city with data from a different city,
is challenging and not possible to result in a large-scale
product in a short time, as demonstrated in [42]. Existing
effort to further improve LCZ classification results includes
fusing multi-source data such as SAR images and Google
Street View, as well as developing advanced models with high
generalization ability to facilitate efficient up-scaling [33],
[39], [42]. In order to fully exploit the state-of-the-art machine
learning algorithms for global LCZ mapping, it is necessary
to create a large quantity of reliable reference data as a first
step. This task will be addressed in this article.

C. Contribution of this paper

To answer the pressing need for LCZ training datasets,
we carefully selected 42 urban agglomerations plus 10 addi-
tional smaller areas across all the inhabited continents (except
Antarctica) around the globe. Their geographic distribution
can be seen in Fig. 2. A large quantity of polygons in those
cites were manually labeled by the authors. We find that only
following the definition of LCZs in [9] and the labeling process
mentioned in WUDAPT is not optimal for a joint labeling
activity by a group of people. To ensure the highest possible
quality of the result, we designed a rigorous labeling work
flow, shown in Fig. 4. Meetings were conducted before and
during the labeling process to calibrate our understanding
of the definition of the 17 classes. Afterwards, the labeling
results from each member of the labeling crew were visually
inspected by a different person to spot obvious errors. Last but
not least, we conducted a quantitative evaluation of 10 cities
in the dataset by having a group of remote sensing experts
cast 10 independent votes on each labeled polygon, in order
to identify possible errors and assess the human labeling ac-
curacy. This rigorous labeling processing took approximately
15 person-months. By projecting these labels to coregistered
Sentinel-1 and Sentinel-2 images, we obtained 400,673 pairs
of corresponding Sentinel-1 SAR and Sentinel-2 multi-spectral
image patches with LCZ labels. An impression of the Sentinel
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Fig. 1: Left: the schematic drawing of the 17 LCZ classes; middle: the LCZ classification map of Vancouver, Canada, created
by the authors; and right: the Google image of downtown Vancouver; where most of the high-rise buildings are located. The
yellow rectangle in the LCZ map marks the downtown areas. The left subfigure was modified from the WUDAPT [22].

image patch pairs in the dataset can be seen in Fig. 3. However,
the actual patches in the dataset have a dimension of 320m
by 320m, which is smaller than the visualization in Fig. 3. In
this paper, we provide open access to this high quality So2Sat
LCZ42 dataset to the research community. It is meant to foster
the development of fully automatic classification pipelines
based on modern machine learning approaches, and support
the accelerated use of LCZ mapping at a global scale.

• Provide the community a large dataset of
• Designed a LCZ labeling procedure that
•

D. Structure of this paper

The remainder of this paper is structured as follows: Sec-
tion II describes the detailed procedure of creating the So2Sat
LCZ42 dataset. Section III summarizes the label validation
endeavour carried out by the authors, in order to assess the
quality of our manual labels. Section IV highlights some
baseline classification results obtained using conventional ma-
chine learning algorithms on the dataset. Finally, Section VI
concludes the paper, and provides our insights into the future
development of this topic.

II. CREATING THE SO2SAT LCZ42 DATASET

The quality of training labels is of great importance to
machine learning approaches. Yet, annotating remote sensing
data remains a challenge for a variety of reasons, including
intense labor cost, requirement of domain expertise, and
personal discrepancy in understanding of each class. Thus, to
ensure the quality of the So2Sat LCZ42 dataset, a four-phase
labeling process was designed. It was designed to maximize
label consistency and minimize human error. The four phases
are: learning, labeling, visual validation, and quantitative val-
idation. They can be seen in Fig 4 as blocks A, B, C, and
D, respectively. The detailed procedures in each phase are
introduced in this section. In addition, we also downloaded
the corresponding Sentinel-1 and Sentinel-2 images of the 52
areas. Proper preprocessing procedures were performed on the

two types of images. By projecting the label to the Sentinel
images, we extracted coregistered Sentinel-1 and Sentinel-2
image pairs with corresponding LCZ labels.

A. Creating the labels

1) Learning phase: The learning phase aims at creating
a standard for the labeling crew. There are two reasons of
doing so. First, according to the criteria of LCZ classes given
in [9] and listed in Table. I, the LCZ classes definition are not
mutually disjoint (e.g. class 3 compact low-rise and 8 large
low-rise), and their union also does not describe the whole
Earth land surface. That is to say that some areas do not
fall into any of the LCZ classes, and some can be labeled
to multiple classes. Second, the interpretation of the definition
by different persons still differs from each other. We started
by building a visual impression of different LCZ classes in
Google Earth, then moved toward a quantitative understanding
of each class. As a result, we constructed a quantitative
labeling decision rule according to the literal definition. This is
shown in Fig. 7 in the appendix. A labeling ”examination” was
conducted before the actual labeling started, where everyone
in the labeling crew cast a vote on many selected scenes.
Ambiguous scenes were selected and discussed, in order to
calibrate everyone’s understanding.

2) Labeling phase: The labeling phase follows a standard
procedure defined in the WUDAPT project [22]. First, each
person on the labeling crew claimed a few cities among the
42 cities, and defined a region of interest (ROI) within each
selected city by drawing a rectangle of approximately 50×50
kilometers around the city center in Google Earth. Second,
polygons enclosing different LCZ classes were manually delin-
eated in Google Earth. These polygons are the preliminary la-
bels. Afterwards, Landsat 8 images were prepared for the ROI
of the city. With the help of the SAGA GIS (http://www.saga-
gis.org/en/index.html) software, a random forest classifier was
trained using the Landsat 8 images and the preliminary LCZ
labels, in order to produce a LCZ classification map of the
specific city. This classification map and the satellite image
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Fig. 2: The location of the 42 main cities (green dot) plus the 10 additional cities (orange dot) included in the So2Sat LCZ42
dataset.

TABLE I: Fractions of building surface, pervious surface, and impervious surface in percentage (%) of each class [9], as well
as their height above the ground in meters.

Class Building Surface Fraction [%] Pervious Surface Fraction [%] Impervious Surface Fraction [%] Height above ground [m]

Compact high-rise 1 40-60 0-10 40-60 > 25
Compact mid-rise 2 40-70 0-20 30-50 10 - 25
Compact low-rise 3 40-70 0-30 20-50 2 - 10

Open high-rise 4 20-40 30-40 30-40 > 25
Open mid-rise 5 20-40 20-40 30-50 10 - 25
Open low-rise 6 20-40 30-60 20-50 2 - 10

Lightweight low-rise 7 60-90 0-30 0-20 2 - 10
Large low-rise 8 30-50 0-20 40-50 2 - 10
Sparsely built 9 10-20 60-80 0-20 2 - 10

Heavy industry 10 20-30 40-50 20-40 2 - 10
Dense trees A 0-10 90-100 0-10 > 3

Scattered tree B 0-10 90-100 0-10 > 3
Bush, scrub C 0-10 90-100 0-10 1 - 2
Low plants D 0-10 90-100 0-10 < 1

Bare rock or paved E 0-10 0-10 90-100 0
Bare soil or sand F 0-10 90-100 0-10 0

Water G 0-10 90-100 0-10 0

on Google Earth served as auxiliary data to cross-check the
correctness and completeness of the LCZ labels. Regarding
the correctness of the label, the crew visually inspected the
discrepancies between the classification result and the label of
the polygons. If a label mismatch was found for a labeled
polygon, the crew inspected the satellite image on Google
Earth, and corrected the given label if necessary. This process
was repeated until no noticeable discrepancy between the
classification result and the label was found. Regarding the
completeness of the label, the labeling crew cross-checked
the classification result with the satellite image on Google
Earth in unlabeled areas, in order to find negative samples. For
example, dense forest might be classified as water because it
lacked the dense forest label. The labeling crew then labeled
those negative samples of dense forest and included them in

the whole label dataset. This hard negative mining procedure
was carried out iteratively until no noticeable discrepancies
between the classification map and the Google Earth image in
unlabeled areas were found. It is important to point out that
the classification maps produced during the manual labeling
process were only employed to provide guidance to the label-
ing crew, and were not used in the final data. All LCZ labels in
the final provided reference data fully relied on manual human
annotation.

3) Visual quality control phase: Despite a clear quantitative
definition that was conveyed to the labeling crew in the
learning phase, personal bias and outliers still existed in the
labeling result. A manual inspection was thus required before
a quantitative validation to adjust personal biases, as well
as decrease the inevitable human mistakes. Therefore, after
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Fig. 3: Examples of the Sentinel-1 and Sentinel-2 image scenes of the 17 LCZ classes. In each LCZ, the upper image is the
Sentinel-1 scene in PauliRGB visualization, and lower one is the corrsponding Sentinel-2 scene in RGB. For visualization
purposes, the image scenes are much larger than the actual patches (32*32 pixel) in the So2Sat LCZ42 dataset.

the labeling phase, two persons other than the expert who
labeled the polygons sequentially and independently validated
the labels, as demonstrated in block C of Fig. 7. The two
persons were responsible for visually inspecting two types of
signals in the classification map: 1) obvious outliers, such as
water being classified as a dense high-rise building, and 2) a
normal compactness-centric pattern of urban areas, i.e., the
compactness of urban buildings decreases as you go from
the city center to the suburbs. If the obvious outliers cover
a comparative large area, a polygon with the correct label has
to be added. If an abnormal compactness pattern appears, the
validation requires a detailed inspection, which often leads to
adding polygons or correcting the labels of existing polygons.
We found that visual validation already give us a significant
indication of label quality.

4) Label post-processing: After obtaining the labeled LCZ
polygons, we discovered the following post-processing proce-
dures were necessary:

• Polygon shrinking
Although all the polygons were correctly labeled, some
polygons in given LCZ class were drawn in a close proxim-
ity to another LCZ class. This might cause erroneous labels
on the pixels close to the borders of the polygon when the
polygon is rasterized, especially when using a large ground
sampling distance (GSD). For example, the GSD of a LCZ

label map defined in our research is 100 meters. A pixel
in the label map that is too close to the boundary of two
LCZs may cover both LCZ classes. To avoid this, shrinking
the polygon of all non-urban LCZ classes except water (i.e.,
A to F) by 160m was carried out. We chose a distance of
160m because this corresponds to half of the patch size (16
pixels) of the Sentinel-1 and Sentinel-2 image patches in the
So2Sat LCZ42 dataset. For class G (water), the shrinking
distance is only 10m, given that the width of many rivers is
in the order of hundreds of meters.

• Class balancing
To use those vector-format polygon labels in machine learn-
ing of Earth observation images, they need to be rasterized
into image format in certain geographic coordinate systems.
We used geotiff and local UTM coordinates. However, the
polygons of the non-urban LCZ classes (i.e., classes A
to G) tend to be much larger in area than those of the
urban classes, because the percentage of nonurban areas
are naturally larger, and they are certainly much easier for
humans to label. This results in many more pixels (samples)
for nonurban classes. In order to balance the number of
samples among all the LCZ classes, for each city, we
reduced the number of samples of each of classes A to G to
Nm, where Nm is the maximum number of samples from
the urban classes (i.e., classes 1 to 10). If the number of
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Quality?
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10 independent votes
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Necessary Changes

Fig. 4: Flowchart of four-phase labeling project. Block A: Learning phase; Block B: Labeling phase; Block C: First validation
phase; Block D: Second validation phase.

samples of certain classes was less than Nm, those classes
remained untouched. The samples of the urban classes were
not reduced, because they are difficult to label. To this end,
we were able to balance the different LCZ classes.

5) Quantitative quality control and validation phase: It
is known that the maximum accuracy achievable by any
supervised learning procedure depends not only on the chosen
algorithm, but also on the quality of the training data. There-
fore, we conducted quantitative evaluation on 10 European
cities in the dataset by having a group of remote sensing
experts cast 10 independent votes on each labeled polygons,
in order to assess the human labeling accuracy, and identify
possible remaining errors. Despite the huge labor cost, we
believe this is essential for Earth observation, because it is
important to establish an error bar for any product in Earth
observation, which is unique and distinctly different from the
computer vision community. This label evaluation procedure
will be discussed in detail in section III.

B. Preparing the Sentinel-1 data

The Sentinel-1 mission provides an open access global SAR
dataset. We accessed the Sentinel-1 VV-VH dual-Pol single
look complex (SLC) Level-1 data via the Copernicus Open
Access Hub (https://scihub.copernicus.eu/) using an automatic
script developed by the authors based on SentinelSat (https:
//github.com/sentinelsat/sentinelsat).

A series of preprocessing steps were applied to the Level-
1 Sentinel-1 dual-Pol data by the graph processing tool in
the ESA SNAP toolbox. The detailed configurations of the
preprocessing are listed as follows.

• Apply orbit profile: This module downloads the latest re-
leased orbit profile so that a precisely geocoded product
can be achieved.

• Radiometric calibration: Radiometric computes the
backscatter intensity using sensor calibration parameters in
the metadata. The output is set to complex-valued image,
in order to preserve the relative phase between VV and VH
channels.

• TOPSAR deburst: For each polarization channel, the
Sentinel-1 IW product has three swaths. Each swath image
consists of a series of bursts. The TOPSAR deburst merges
all these bursts and swaths into a single SLC image.

• Polarimetric speckle reduction: Speckle reduction was con-
ducted by using the SNAP-integrated refined Lee filter. An
unfiltered version is also included in the dataset.

• Terrain correction: Terrain correction eliminates the distor-
tion introduced by topographical variations. To accomplish
the correction, the SRTM was used as the DEM to provide
height information. The data was re-sampled to a 10m
GSD by the nearest-neighbor interpolation. The data was
geocoded into the WGS84/UTM coordinate system of the
corresponding city with a GSD of 10m.

To summarize, the Sentinel-1 data in the So2Sat LCZ42
dataset contain the following 8 real-valued bands:

1) the real part of the unfiltered VH polarization channel,
2) the imaginary part of the unfiltered VH polarization

channel,
3) the real part of the unfiltered VV polarization channel,
4) the imaginary part of the unfiltered VV polarization

channel,
5) the intensity of the refined LEE filtered VH polarization

channel,
6) the intensity of the refined LEE filtered VV polarization

channel,
7) the real part of the refined LEE filtered covariance matrix

off-diagonal element, and
8) the imaginary part of the refined LEE filtered covariance
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matrix off-diagonal element.

C. Preparing the Sentinel-2 data

The other satellite images employed in the So2Sat LCZ42
dataset are globally available Sentinel-2 multispectral images.

Google Earth Engine (GEE), a web- and cloud-based plat-
form for large-scale scientific analysis and visualization of
geospatial data, was used to create the cloud-free Sentinel-2
images [43]. The overall workflow, based on the GEE Python
API, consisted of three main steps.
• The querying step for loading Sentinel-2 images from the

catalogue,
• The scoring step for the calculation of a cloud related-

quality score of each loaded image, and
• The mosaicing step for mosaicing the selected images

based on the meta-information generated in the preceding
modules.

More details can be found in [44].
Sentinel-2 images contain bands B2, B3, B4, B8 with 10m

GSD, bands B5, B6, B7, B8a, B11, B12 with 20m GSD, and
bands B1, B9, B10 with 60m GSD. In the So2Sat LCZ42
dataset, the 20m bands were upsampled to 10m GSD, and the
bands B1, B9, and B10 were discarded because they mostly
contain data related to the atmosphere and thus bear little
relevance to LCZ classification. To summarize, the Sentinel-2
data in the So2Sat LCZ42 dataset contain the following 10
real-valued bands:

1) Band B2, 10m GSD
2) Band B3, 10m GSD
3) Band B4, 10m GSD
4) Band B5, upsampled to 10m from 20m GSD
5) Band B6, upsampled to 10m from 20m GSD
6) Band B7, upsampled to 10m from 20m GSD
7) Band B8, 10m GSD
8) Band B8a, upsampled to 10m from 20m GSD
9) Band B11, upsampled to 10m from 20m GSD

10) and Band B12, upsampled to 10m from 20m GSD

D. Content of the So2Sat LCZ42 dataset

By projecting the labels to the coregistered Sentinel-1 and
Sentinel-2 images, we can extract Sentinel-1 and Sentinel-
2 image patch pairs with corresponding LCZ labels. We
define the dimension of the image patches in the So2Sat
LCZ42 dataset as 32 by 32 pixels, which corresponds to a
physical dimension of 320m by 320m. In order to create non-
overlapping patches, we sampled the labeled polygons with
a 320m by 320m grid, where the grid nodes are the center
of each image patch. We obtained 400,673 pairs of Sentinel
image patches. The whole dataset is about 56GB.

For machine learning purposes, the dataset was split into
a training set, a testing set, and a validation set. They con-
sist of 352,366, 24,188, and 24,119 pairs of image patches,
respectively. The training set comprises all the image patches
of 32 cities plus the 10 add-on areas in the city list (please
see Appendix B for the full list of cities). The remaining
10 cities are distributed across all the continents and culture

TABLE II: 10 European cities selected for the evaluation.

City Country
Amsterdam The Netherlands
Berlin Germany
Cologne Germany
London United Kingdom
Madrid Spain
Milan Italy
Munich Germany
Paris France
Rome Italy
Zurich Switzerland

regions over the world. For each of them, we split the labels
of each LCZ class into the west and east halves of each city,
to form the testing and validation sets, respectively. Therefore,
all three sub-datasets are geographically separated from each
other, despite having drawn the testing and validation sets from
the same list of cities.

III. LABEL EVALUATION

It is well known that the maximum accuracy achievable by
any supervised learning procedure depends not only on the
chosen algorithm, but also on the quality of the training data
[45]. In the context of the HUMINEX experiment, Bechtel et
al. [40] have recently shown the difficulties associated with
the assignment of LCZ classes by human experts. Therefore,
evaluating the labels as a result of human expert knowledge
is of vital importance for further use of the dataset in the
training of classification algorithms for large-scale automatic
LCZ mapping.

A. The Evaluation Set

For the evaluation, we have chosen a subset of 10 European
cities (shown in Table II) from the group of cities we labeled.
The choice was based on three rationales:

1) All our labeling experts have lived in Europe for a
significant number of years. This ensures familiarity with
the general morphological appearance of European cities.

2) Google Earth provides detailed 3D models for the 10
cities, which is of great help in determining the approx-
imate height of urban objects. This is necessary to be
able to distinguish between low-rise, mid-rise, and high-
rise classes.

3) As previously mentioned, LCZ labeling is very labor-
intensive. Reducing the evaluation set to 10 cities allowed
us to generate more individual votes per polygon for
better statistics.

Unfortunately, not many European cities contain LCZ class
7 (light-weight low-rise), which mostly describes informal
settlements (e.g., slums). Therefore, we included the polygons
of class 7 for an additional 9 cities that are representative of
the 9 major non-European geographical regions of the world
(see Table III).

B. Evaluation Strategy and Results

For the evaluation experiment, 10 remote sensing experts
(hereafter referred to as the label validation crew), who were
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TABLE III: Additional 9 cities whose polygons of class 7
(light-weight low-rise) were used for the evaluation.

City Geographic Region
Guangzhou, China East Asia
Islamabad, Pakistan Middle East
Jakarta, Indonesia South-East Asia
Los Angeles, USA North America
Melbourne, Australia Oceania
Moscow, Russia Eastern Europe
Mumbai, India Indian Subcontinent
Nairobi, Kenya Sub Saharan Africa
Rio de Janeiro, Brazil Latin America

already trained in applying the LCZ scheme to annotate urban
areas, were provided with .kml-files containing the polygons
of the original So2Sat LCZ42 dataset, but without labels. They
were then asked to reassign an LCZ class to every polygon,
using Google Earth as the labeling environment. After all the
relabeled .kml-files were submitted, both a polygon-wise and
a pixel-wise evaluation between the original labels and the
votes newly cast by the label validation crew was carried out in
the form of confusion matrices, which combine the validation
results of the 10 European validation cities (cf. Table II) and
the slum areas of the additional 9 non-European validation
cities (cf. Table III). These confusion matrices are displayed
in Fig. 5.

In addition, majority voting was carried out for each poly-
gon, i.e., each polygon was reassigned to the class for which
a majority of the label validation crew had voted, although we
kept the original label in case there was a draw between this
original class and another major class. The polygon-wise and
pixel-wise confusion matrices between these final labels and
the votes of the label validation crew can be seen in Fig. 6.

C. Interpretation of the Evaluation Results

The confusion matrices in Figs. 5 and 6 show that:
• There is no significant difference between the polygon-

wise and the pixel-wise results, which indicates that the
polygons are evenly distributed with respect to size.

• The majority voting step helped to slightly improve the
label confidences: Before the refinement, 11 of the 17
LCZ classes provided a confidence of more than 80%;
after the refinement, this confidence level held for 13
classes.

• In general, confusion among the urban classes is slightly
higher than among the non-urban classes.

• The most confident classes are 8 (large low-rise), A
(dense trees), D (low plants), and G (water), with classes
2 (compact mid-rise) and E (bare rock/paved) following
close behind.

• The least confident classes are classes 3 (compact low-
rise), 7 (lightweight low-rise), and C (bush, scrub), with
classes 4 (open high-rise) and 9 (sparsely built) following
behind. The main sources of confusion for these classes
are summarized in Table IV.

These experiences go hand-in-hand with the findings of
[40], who also found that LCZ classes A (dense trees), D (low
plants), G (water), 2 (compact mid-rise), 6 (open low-rise),

(a)

(b)

Fig. 5: Confusion matrices (values in %) of the original labels
vs. votes cast by the label validation crew for the polygons of
the evaluation cities selected in Tables II and III: (a) polygon-
wise assessment, (b) pixel-wise assessment.

TABLE IV: Main sources of confusion for the less confident
LCZ classes.

Low confidence class Major confusion classes
3 (compact low-rise) 2 (compact mid-rise),

and 6 (open low-rise)
4 (open high-rise) 5 (open mid-rise)
7 (lightweight low-rise) 3 (compact low-rise)
9 (sparsely built) 6 (open low-rise)
C (bush, scrub) B (scattered trees),

and D (low plants)

and 8 (large low-rise) were recognized consistently well by
all operators, while classes 9 (sparsely built) and B (scattered
trees) were reported as difficult to classify. Classes 1 (compact
high-rise), 4 (open high-rise), 7 (lightweight low-rise), and C
(bush, scrub) were not present in most of their study cities and
thus not discussed in detail.

Looking at the major sources of confusion as summarized
in Table IV, all these confusions appear fairly reasonable:
Apparently, it is difficult even for human experts to distinguish
the vaguely defined characteristics open and compact, as well
as mid-rise and high-rise. In addition, sparsely built environ-
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(a)

(b)

Fig. 6: Confusion matrices (values in %) of the final labels
(refined by majority voting) vs. votes cast by the label valida-
tion crew for the polygons of the evaluation cities selected in
Tables II and III: (a) polygon-wise assessment, (b) pixel-wise
assessment.

ments are understandably frequently confused with open low-
rise neighborhoods, as is bush/scrubland with scattered trees
and low plants.

Given the accordance with the findings of [40], the semantic
subtleties of the LCZ classification scheme, and a mean class
confidence of about 80% before refinement by majority voting
and 85% after refinement, the So2Sat LCZ42 dataset can
be considered a reliable source of labels for the training
of machine learning procedures aiming at automated LCZ
mapping at a larger scale.

IV. BASELINE METHODS

In order to provide a baseline for the achievable LCZ
classification accuracy, we performed classification on the
So2Sat LCZ42 dataset using popular classifiers, including
the classical random forests (RF), support vector machines
(SVM) [23], and an attention-based ResNeXt as proposed
in [46] and [47]. The employed RF consists of 200 trees,
and the max depth is set to 10, with the other parameters

set to the default. A radial basis function kernel is chosen
for SVM in the experiment. The depth of the ResNeXt is
29 and the Convolutional Block Attention Module is plugged
into each of the residual blocks. For RF and SVM, the pixel
values of the patches are converted into vectors, using the
statistical measures (maximum, minimum, standard deviations
and mean) of each band. All the classifiers are trained using
the training set and tested on the validation set.

The resulting accuracy based on the Sentinel-2 images in the
So2Sat LCZ42 dataset can be seen in Table V. The accuracy
measures include overall accuracy (OA), averaged accuracy
(AA), and kappa coefficient. In addition, weighted accuracy
(WA) introduced in [40] is also considered, because it gives
user-defined weights to confusions between different classes.
For example, misclassifying compact high-rise as compact
middle-rise is less critical than the confusion between compact
high-rise and water, and should thus be penalized less.

TABLE V: Classification accuracy from three baseline meth-
ods, with the Sentinel-2 images in the proposed dataset.

OA WA AA Kappa
RF 0.51 0.87 0.31 0.46

SVM 0.54 0.88 0.36 0.49
ResNeXt-CBAM 0.61 0.92 0.51 0.58

V. DISCUSSION

The goal of this paper is to provide documentation about a
large benchmark dataset for local climate zone classification
from Sentinel-1 and Sentinel-2 satellite data. Since the Sen-
tinel data is openly available for the whole globe, the main
intention of the dataset is to enable the training of models
that generalize to any unseen areas across the world. This
is ensured by sampling the data from altogether 52 cities
located on all inhabited continents. In spite of these promising
characteristics, two major challenges have to be noted:

1) Local climate zones are sometimes hard to distinguish
As the label validation results shown in Section III
illustrate, it is extremely hard to distinguish some of
the local climate zone classes, even if human experts
investigate several data sources (such as high-resolution
optical imagery and 3D building models as available in
Google Earth). This holds especially for the distinction
of different height levels in compact areas, but also for
open areas, which comprise both open land / vegetation
and building structures. This has to be acknowledged
as a natural limitation when tackling local climate zone
mapping with remote sensing data and can possibly only
be solved by combining remote sensing data with other
data sources, e.g. information from social media data.

2) Learning a generic LCZ prediction model is challenging
As described in Section II-D, the test set and the training
set are completely disjunct, with the test cities being
distributed across the ten major cultural regions of the in-
habited world. Therefore, results achieved on this dataset
can be considered a good measure of how well the trained
model will generalize to completely unseen data. In this
regard, overall accuracies between 50% and 60% can
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already be considered promising – especially for a target
scheme comprised of 17 difficult-to-distinguish classes.
Nevertheless, there is still room for improvement, as
usually an accuracy of at least about 85% to 90$ is
required for land cover mapping purposes according to
[48].

We hope that the community is eager to tackle those challenges
and puts the So2Sat LCZ42 dataset to good use in order to
achieve significant progress in the global mapping of cities
into local climate zones.

VI. CONCLUSION AND OUTLOOK

This paper introduces a unique dataset that contains man-
ually labeled LCZs reference data, as well as coregistered
Sentinel-1 and Sentinel-2 image patch pairs over 42 cities plus
10 smaller areas across the six inhabited continents on this
planet. The paper describes the carefully designed labeling
process and a rigorous evaluation procedure that ensures the
quality of the dataset. Despite the fact that each LCZ class is
quantitatively defined in the original paper, we discovered that
several LCZ classes can be easily confused with each other,
because the height and percentage of pervious surface of these
classes cannot be easily distuiguished by the human eye from
aerial images during labeling. This renders the whole labeling
process highly labor-intensive. Still, we were able to achieve
an average class confidence of 85% through our human evalua-
tion procedure with independent voting by 10 experts. Hence,
this dataset is a reliable source for the training of machine
learning procedures, and can be considered a challenging and
large-scale data fusion and classification benchmark dataset for
cutting-edge machine learning methodological developments.
Examples for possible research directions include:

• Since we have provided the label confusion matrix, the
question of how to introduce such prior knowledge into
machine learning, deep learning models in particular, is
an interesting direction;

• Due to culture-induced diversity existing in the data,
transferablity of the models will be a key to achieving
good classification results on a global scale;

• Radar and optical data possess completely different
yet partially complementary characteristics. Developing
methods to fuse them in an optimal way or select ap-
propriate features from such diverse data sources is of
general interest to the remote sensing community;

• Thanks to the large scale of the proposed benchmark data
set, it can serve as a test bed for the development of
efficient training techniques.

Our vision in the near future is to produce the world’s
first global LCZ classification map using multi-sensory remote
sensing images, which will be made available to the commu-
nity. This will strongly boost urban geographic research and
help us develop a better understanding of global urbanization.
As an example, Fig. 8 shows the LOD1 building model of
Munich, Germany overlaid on the LCZ classification map.
The left subfigure is the center of Munich, which is mostly
shown as compact mid-rise class. The right subfigure is mostly
an open mid-rise area next to the city center, which mostly

consists of middle density residential blocks. As we can see,
the height and density of the buildings in city center are
significantly greater than those in the open mid-rise area.
Such matching of LCZs and building models seems trivial
in developed countries, because precise 3D building models
are readily available. However, for developing areas, a 3D
model cannot always be taken for granted. For example,
the city of Lagos, Nigeria (population 21 million) does not
have a quality 3D city model. Therefore, a quality LCZ
classification map will become the firsthand information of
urban building volume and distribution. For this purpose,
we invite everybody to contribute by using this dataset and
developing new, sophisticated algorithms.

APPENDIX A
DECISION RULE OF THE LCZ LABELING

Please see Fig. 7.

APPENDIX B
CITY LIST OF THE SO2SAT LCZ42 DATASET

Training: Amsterdam, Beijing, Berlin, Bogota (addon),
Buenos Aires (addon), Cairo, Cape Town, Caracas (addon),
Changsha, Chicago (addon), Cologne, Dhaka (addon), Dongy-
ing, Hong Kong, Islamabad, Istanbul, Karachi (addon), Ky-
oto, Lima (addon), Lisbon, London, Los Angeles, Madrid,
Manila (addon), Melbourne, Milan, Nanjing, New York, Paris,
Philadelphia (addon), Qingdao, Rio De Janeiro, Rome, Sal-
vador (addon), Sao Paulo, Shanghai, Shenzhen, Tokyo, Van-
couver, Washington D.C., Wuhan, Zurich

Testing and validation: Guangzhou, Jakarta, Moscow, Mum-
bai, Munich, Nairobi, San Francisco, Santiago de Chile, Syd-
ney, Tehran

ACKNOWLEDGMENT

This research was funded by the European Research Council
(ERC) under the European Unions Horizon 2020 research and
innovation program with the grant number ERC-2016-StG-
714087 (Acronym: So2Sat, project website: www.so2sat.eu),
and the Helmholtz Association under the framework of the
Young Investigators Group Signal Processing in Earth Obser-
vation (SiPEO) with the grant number VH-NG-1018 (project
website: www.sipeo.bgu.tum.de).



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 12

A. Homogeneous?

B. Large footprint? C. Industrial ?

D. Height?

G. Compact?

Heavy 
industry

no

yes

no

yes

yes

no

D1

E1 E2

E3 E4

E. Compact? F. Compact?

D2 D3

no noyesyes

Area to 
be labeled

go to the 
next one

Large low-
rise

Sparsely built
Open        

low-rise

Open       
high-rise

Compact 
high-rise

Open        
mid-rise

Compact 
mid-rise

Compact  
low-rise

Lightweight 
low-rise

Fig. 7: Flowchart of the labeling decision rule, which labels one scene with seven decisions. They are: A: Is it homogeneous
for at least five pixels of 100-by-100 meters? B: Is the building footprint large? C: Does any obvious industrial feature exist
(such as oil tanks, cranes, or conveyor belts)? D1: Buildings with up to three floors; D2: Buildings with three to ten floors;
D3: Buildings with ten floors and higher; E1: Building surface fraction between 20% and 40%; E2: Building surface smaller
than 20%; E3: Building surface fraction between 40% and 70%; E4: Light material built with surface fraction larger than 60%;
F: Is building surface fraction larger than 40%?; G: Is building surface fraction larger than 40%? The percentage is estimated
by experts with a 100-by-100-meter polygon drawn on Google Earth. The building height is decided by experts using any
available information, such as a 3D model, street view, or photo.

REFERENCES
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ABSTRACT

Urban sustainable development has an influence on the livelihood of 55% inhabitants on Earth,
according to the United Nations’ report of ’The World′s Cities in 2018’. The urban sustainable
development is crucial enough to be listed in the Sustainable Development Goals (SDGs) announced
by the United Nations General Assembly. One of its essential contents of the goals is to balance the
trade-off of efficient land consumption and demands of current inhabitants. However, due to related
countless variables, such as historical impact, cultural influence, economic status, and future plan, it is
difficult to locate the balancing pivot, and it is even harder to have a standard ruler measuring all cities
around the world in terms of sustainable development. In this study, we developed a methodology to
produce morphological maps of cities by using Sentinel satellite images, and to categorize cities based
on their urban morphological formation and population distributions. This methodology is applied
to 42 cities selected around the world and resulted in eight clusters. Coupling with the population
density, we analyzed the status of land consumption within each cluster where cities have similar
urban structure and functionality. This paper concludes in a statistical perspective that, New York
and Sao Paulo are at the balanced spot for the trade-off between land consumption and inhabitants
demands for a group of cities that are super compact; London and Berlin are in the same position for
openly built cities; Santiago de Chile is the city among compact cities; And lastly, Zurich is the one
for cities of open and green formations. Additionally, the city Dongying is found to be severely under
efficient in land consumption, while Mumbai, Hong Kong, and Cairo are heavily populated.

Keywords Local climate zone (LCZ) · Population density · Sentinel-1 · Sentinel-2 · Sustainable Development
Goals (SDGs) · Topology enhanced ensemble classification
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1 Introduction

The sustainable development goals (SDGs) set by the United Nation General Assembly aims at achieving a prosper
world in the year of 2030 [1]. The 17 goals of the SDG framework involve eliminating poverty, improving education
quality, reduce inequality and so on. As reported in an UN survey [2], 55.3% of the world’s population lived in urban
area in the year of 2018, which is estimated to be 60% in the year of 2030. With more than half of the global population
are urban inhabitants and the number is still increasing, the sustainable development in general wouldn’t be successful
without a dedicated plan for the development of the city. Therefore, the 11th goal of the SDG framework, ’make cities
and human settlements inclusive, safe, resilient and sustainable’, aims at achieving a sustainable urban environment by
creating job, providing housing, building resilient societies, investing public infrastructures, and extending green public
space [1]. In order to accomplish these goals, necessary information of current urban status needs to be acquired in an
unbiased manner. This is where remote sensing technique appears on the stage.

The remote sensing community has already been serving the urban sustainable development for decades. A tremendous
number of studies have been published, such as urban local climate [3, 4, 5] and urban land monitoring [6, 7, 8, 9].
Besides numerous research groups, European Space Agency (ESA) has also put an huge effort on the urban sustainable
development. It initiated an association called Earth observation for Sustainable Development (EO4SD)1 which aims
to utilize the remote sensing technique on benefiting sustainable development. The top-priority thematic of EO4SD
is the urban sustainable development which is addressed by a group named as EO4SD-urban2. The EO4SD-urban
has provided strategic spatial information on the status of the urban by a portfolio [10] of information services which
consists of urban extent detection [11, 12, 13], land cover land use classification [14, 15], urban heat islands [16, 17],
detecting land use changes [8, 18], and so on. As the SDGs has been announced as the strategic goal of the human
kind by UN, the Group on Earth Observation (GEO)3 initiated an organization named as Earth Observation for the
Sustainable Development Goals (EO4SDG)4 who aims to advance the 2030 Agenda and enable societal benefits of
the SDGs by applying Earth observation data and geospatial information. Regarding technical development of the
urban aspect of SDGs, according to an official documentation [19], EO4SDG focuses on monitoring the urban growth
by using the product of Global Urban Footprint (GUF) [13, 20, 21]. Another major contributor of SDGs in remote
sensing is Committee on Earth Observation Satellites (CEOS)5. One of its three Ad Hoc teams is the Ad Hoc Team
on Sustainable Development Goals (AHT-SDG) who aims to support SDGs in the content of Earth observation. It is
reported in their documentation [22] that, in terms of urban aspect, they detect land consumption by using the Global
Human Settlement Layer (GHSL) [23, 24] and the World Settlement Footprint 2015 (WSF2015) [22, 21]. As the GHSL
was a global settlement layer for the years of 1975,1990,2000,and 2015, it enabled temporal analysis of urbanization on
the global scale [25], and it directly supported the SDGs goal 11.3.1 for 10,000 cities [26].

The SDGs goal 11.3.1 is described as: "ratio of land consumption rate to population growth rate". According to UN
explanation [27], the indicator is designed to reveal the efficiency of land consumption. The indicator itself focuses on
monitoring the efficiency of land consumption in terms of dynamic changing along time which answers the question,
’whether the change of land consumption is proportionate to the change of population?’. This changing is of course
important. Besides measuring whether the changing quantity is reasonable, it is also important to answer, does the
current land consumption of the whole city fall into a status of sustainability? Unfortunately, there are countless
variables that make it too complex to quantify a city being sustainable or not. For example, should different standards
applied to industrial cities and non-industrial cities? And the higher the population density, the more efficient of the
land consumption, and the less well-being of the inhabitant. Where is the balance? How to quantify it? In this work, we
attempted to find the cluster of city and locate the balance of land consumption and population density within each
cluster in a statistical manner. In order to achieve our goal, we take the advantages of a recent classification scheme,
local climate zone (LCZ) [28, 29, 30].

Being the available state-of-the-art global scale urban mappings, the GUF [13] and the GHSL [24] often appear as
the remote sensing product that supports the urban SDGs. The GUF delineates the built-up area as a binary mask,
and the GHSL characterizes the urban area as a four-category thematic map considering the density of built-ups
and population [26]. Both products follow a relatively easy classification scheme which benefits describing cities
from regions of transcultural, transnational, and cross-environmental in a consistent manner. Meanwhile, the detailed
information within an urban area is missing from them, such as the functional type of a region in a city. The LCZ
classification scheme also aims classify urban areas in a consistent manner across the global, yet attempts to detail
urban areas into 17 classes [28]. Although the LCZ classification scheme was originally designed for urban climatic

1http://eo4sd.esa.int/
2http://www.eo4sd-urban.info/
3http://www.earthobservations.org/index.php
4http://eo4sdg.org/
5http://ceos.org/
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studies [28, 29], it essentially classifies the urban area by morphological criteria, mainly including the land surface
material, the compactness of built-ups, and the height of built-ups. Additionally, according to our experiences of
annotating an half million LCZ labels [31] and related studies [32, 33], LCZ scheme is also able to map functional types
of regions and to support applications as urban planning. Thus, comparing to the current state-of-the-art global urban
mappings, the LCZ scheme could also theoretically suit the role of supporting urban SDGs with more detailed defined
classes within a city extent. Therefore, we would like to investigate the potential of the LCZ scheme in supporting the
urban SDGs in this paper.

Since the initiation of LCZ, researchers have focus on the development of classification algorithms. As first introduced
in [30, 34], LCZ map is produced for individual city by annotating labels, preparing LandSat-8 multi-spectral imagery,
training a random forest classifier, and predicting the LCZ map with the trained classifier. To explore the potential
of different types of remote sensing data sources on the task, researches have carried out studies on varies optical
data [35, 36, 37], digital surface model (DSM) [38, 39], Interferometric Synthetic Aperture Radar (InSAR) [39],
geographical information system (GIS) data [5, 40, 41], and polarimetric synthetic aperture radar (PolSAR) data
[42, 43]. To sum up, the optical data source is the common choice for its easy access and good performance. The other
data sources are often servers as additional ones. The DSM provides height information which is crucial in the LCZ
scheme and is complementary to the spectral information provided by the optical data, but it has limited accessibility.
The GIS benefits the classification procedure, but also limited by the availability. The InSAR data is not perfect for this
task because of its height information in urban area is still not precise enough. The PolSAR data benefits this task by
providing spatial information and back scatterings of built-ups, and it even more available than the optical data for being
independent of weather condition. After the comprehensive literature review on the data sources, the Sentinel-1 dualPol
SAR data and the Sentinel-2 multi-spectral imagery were chosen as data sources in this paper, for their performance,
accessibility, and global coverage.

Beside investigating data sources, in terms of methodology, the aforementioned studies are successful on producing
LCZ map for a city by a classifier trained with data of that city. However, those trained models are not applicable
to other cities [44], due to the challenge of transferability. To sum up the findings of studies that attempt to fill the
gap of transferring [45, 46, 47, 43], it is still the most precise way to producing LCZ map for a city by a classifier
trained with data of that city, if the training data is available. In order to demonstrate the potential of LCZ maps on
applications, we followed the strategy of producing LCZ maps for selected 42 major cities where LCZ labels are
available. We developed an automatic classification system in this paper, which fuses Sentinel-1 and Sentinel-2 data in
a semi-supervision strategy [48, 49] and produces a classification map with a topological enhanced ensemble strategy.
With the LCZ maps describe the morphological characteristics of these 42 cities, coupling a population dataset [50], we
categorized those cities into different urban morphological clusters. Finally, we carried out a statistical analysis of the
sustainable development of land consumption among those 42 cities.

In this study, we found out that the lightweight built-up area defined in LCZ scheme is over populated than the other
defined classes, as long as it exists in a city. And the city of Dongying is severely under efficient in land consumption,
while Mumbai, Hong Kong, and Cairo are heavily populated in general. It is also found in this study there are eight
clusters among the 42 selected cities, which are different in morphology. The city that having a median population
density within a cluster is treated as a statistical balanced spot of land consumption and well-being of inhabitants.

This paper describes the data sets and explains the proposed methodology in section 2, demonstrates the results and
carries out a detailed discussion in section 3, and concludes the work in section 4.

2 Data and Method

2.1 Study Area

The study area includes 42 major cities that are listed in Table 1. They geographically distribute on every continents
except Antarctica, as shown in Fig. 1. In order to carry out a comprehensive analysis of the urban morphology, these 42
cities are selected from transcultural, transnational, and cross-environmental regions. While selecting the 42 cities, the
population is also considered. Each one of these cities is known as either highly populated or rapidly expanded. In total,
according to UN statistic [51, 52], the 42 cities are homeland to about 400 million urban inhabitants, in the year of
2016.

2.2 Data

The Sentinel-1 data is the SAR data source used in this paper. A level-1 product, VV-VH dual-Pol single look complex
(SLC) data, is freely downloaded via the Copernicus Open Access Hub (https://scihub.copernicus.eu) using a programme
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Figure 1: The geographic locations of the 42 cities of interest.

developed by the author. Thereafter, the data is prepared as an analysis-ready data via a group of preprocessing using
the ESA SNAP toolbox. The procedure is detailed as follows:

• Apply Orbit Profile: A latest released orbit metadata will be downloaded which includes accurate satellite
position and velocity information. It leads to a precisely geocoded product.

• Radiometric Calibration: A radar backscatter of the scene surface is achieved from a digital number of the
pixel. It reveals a quantitative meansure of the surface.

• TOPSAR Deburst: A complete single look complex image is achieved by combining bursts and swaths.

• Polarimetric Speckle Reduction: A speckle-free dual-Pol SAR data is achieved by using the SNAP-integrated
refined Lee filter.

• Terrain Correction: A analysis-ready data is achieved which has a ground sampling distance of 10 meter and is
geocoded in the WGS84/UTM coordinate system. The topographical variation is eliminated with the help of
the SRTM.

After the preprocessing, the feature extraction was carried out on the analysis-ready data. It is designed to derive features
representing polarimetric information, local neighborhood information, and spatial information [15, 43]. The features
related to polarimetric information are the intensity of VV, the intensity of VH, the coherence between VV and VH, and
the intensity ratio of VV and VH. The intensity features are converted into dB. The local neighborhood information
includes the mean and the standard deviation of an 11-by-11-pixel local area for each of the four polarimetric features.
The spatial information is derived by the morphological profile [53, 54], with radius of 1, 2, and 3 pixels, for each of the
four polarimetric features. The feature extraction results in 36 features in total.

The Sentinel-2 imagery was preprocessed by the Google Earth Engine (GEE) [55, 56] for eliminating clouds. After-
wards, the feature extraction is carried out on the Sentinel-2 analysis-ready data. The principal components of the data
that holds 99% of the total spectrum information is derived to represent the whole dataset. The morphological profile is
utilized to derive the spatial information on each of the principal component, with radius of 1, 2, and 3 pixels. Thus, the
number of extracted S2 features varies from city to city depending on the numbers of principal components.

The population data used in this paper is a spatial raster dataset depicting the distribution of global population of the
year 2015 at a resolution of 250 meters [50]. It was disaggregated from census or administrative units to grid cells,
constrained to the distribution of built-up that mapped in the Global Human Settlement Layer (GHSL) global layer [57].

The LCZ ground reference data used in this paper is the benchmark data set, the So2Sat LCZ42 [31]. It was annotated
by a group of 15 experts who followed an elaborately designed labeling protocol that maximizes the consistence,
completeness, and correctness of labeling, meanwhile minimizes inevitable human error. For each of the 42 cities, the
reference data is formatted as a raster image with a ground sampling distance of 100 meter. It is important to mention

iv



A PREPRINT - NOVEMBER 18, 2019

Table 1: 42 cities of interest, with information on the regions and populations [51, 52].

Region City Population at Year
2000 2016 2030

Australia Melbourne 3,461,000 4,258,000 5,071,000
Sydney 4,052,000 4,540,000 5,301,000

Eastern Asia

Beijing 10,162,000 21,240,000 27,706,000
Nanjing 6,160,000 8,270,000 9,750,000
Wuhan 6,638,000 7,979,000 9,442,000
Hong Kong 6,835,000 7,365,000 7,885,000
Shanghai 13,959,000 24,484,000 30,751,000
Changsha 2,182,000 3,882,000 5,013,000
Dongying 628,000 967,000 1,278,000
Guangzhou 7,330,000 13,070,000 17,574,000
Kyoto 18,660,000 20,337,000 19,976,000
Qingdao 2,940,000 4,686,000 5,920,000
Shenzhen 6,550,000 10,828,000 12,673,000
Tokyo 34,450,000 38,140,000 37,190,000

Southern Asia Jakarta 8,390,000 10,483,000 13,812,000
Mumbai 16,367,000 21,357,000 27,797,000
Islamabad 597,000 1,433,000 2,275,000

Western Asia Tehran 7,128,000 8,516,000 9,990,000
Istanbul 8,744,000 14,365,000 16,694,000

Africa Cairo 13,626,000 19,128,000 24,502,000
Nairobi 2,214,000 4,070,000 7,140,000
Cape Town 2,715,000 3,698,000 4,322,000

Europe

Amsterdam 1,005,000 1,099,000 1,213,000
Berlin 3,384,000 3,578,000 3,658,000
London 8,613,000 10,434,000 11,467,000
Paris 9,737,000 10,925,000 11,803,000
Zurich 1,078,000 1,259,000 1,494,000
Milan 2,985,000 3,104,000 3,162,000
Rome 3,385,000 3,738,000 3,842,000
Lisbon 2,672,000 2,902,000 3,192,000
Moscow 10,005,000 12,260,000 12,200,000
Cologne 963,000 1,042,000 1,095,000
Munich 1,202,000 1,454,000 1,548,000
Madrid 5,014,000 6,264,000 6,707,000

North America

Washington DC 3,949,000 5,013,000 5,690,000
Los Angeles 11,798,000 12,317,000 13,257,000
San Francisco 3,230,000 3,299,000 3,615,000
Vancouver 1,959,000 2,523,000 2,930,000
New York 17,813,000 18,604,000 19,885,000

South America
Rio de Janeiro 11,307,000 12,981,000 14,174,000
Santiago de Chile 5,658,000 6,544,000 7,122,000
Sao Paulo 17,014,000 21,297,000 23,444,000

that, instead of the original 17 classes of LCZ, this paper aims to classify a modified version of LCZ with 11 classes.
The 17 classes of original LCZ scheme were categorised by three elements, the covering material, the compactness of
neighborhood, and the vertical height. Since the height element is not crucial in this study and the data used have no
information on height, the modified version of LCZ eliminated the element of height by merging the compact high rise,
compact middle rise, and compact low rise as compact buildup area, the open high rise, open middle rise, and open low
rise as open buildup area. From our labeling experience, the large low rise class is very often warehouses locating in
industry area so that we merged the large low rise with heavy industry as industry area. The sparsely buildup is ignored
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because it frequently locates in scattered tree area or low plant area. Therefore, we came up with a modified version of
LCZ with 11 classes. The main reason of modifying the LCZ scheme is that there is no access to a global scale data set
that provides reliable and accurate height information in urban area.

2.3 Method

The proposed methodology includes two modules, a classification module, and a clustering module. The classification
module is an automatic classification system consisting of a data fusion section and a topology enhanced ensemble
classification section, which are detailed in subsection 2.3.1 and 2.3.2, respectively. The workflow of the automatic
classification is demonstrated in Fig. 2. The clustering module categorizes the 42 cities into clusters of different urban
morphological properties. It is detailed in subsection 2.3.3.

Topology hyper-parameter set 2

Topology hyper-parameter set 1

Semi-supervised data fusion

Topology hyper-parameter set 
...

Topology hyper-parameter set N

Classification

Ground reference

Sentinel-1 data

Sentinel-2 data

Input Output

Majority voting

... ...

Tree N
Tree ...

Tree 2
Tree 1

Tree N
Tree ...

Tree 2
Tree 1

Tree N
Tree ...

Tree 2
Tree 1

Figure 2: The workflow of the proposed automatic classification system.

2.3.1 Semi-supervised data fusion

This section explains the technical details of the data fusion algorithm. It is demonstrated as the grey block in the
Semi-supervised data fusion column in Fig. 2. One might notice that there are multiple grey blocks in the column of the
Fig. 2. All those blocks indicate the same data fusion procedure, except with different hyper-parameters for deriving
topological structure. The reason of doing so will be detailed later in section 2.3.2.

The data fusion algorithm maps the multi-sensory data sources, the Sentinel-1 dual-Pol SAR data and the Sentinel-2
multispectral imagery, into a latent space where (I) the data of the same class locate close to each other, and (II) the
topological structure of individual data source is preserved.

To precisely explain the methodology in the paper, the terminology has to be defined. Let X1 and X2 represent
the Sentinel-1 and Sentinel-2 data, respectively. Xi = [x1i , ..., x

p
i , ..., x

ni
i ] ∈ Rmi×ni , where i ∈ {1, 2}, p indicates

the pth instance (p ∈ {1, 2, 3, ..., ni}), n is the number of data instances, and m is the dimension of data. Let
Xa

i ∈ Rmi×na
i represents the annotated subset of Xi and Xa

i ∈ Rmi×na
i represents the subset without annotation, so

that Xa
i ∪Xa

i = Xi, Xa
i ∩Xa

i = ∅, and nai + nai = ni. Let the annotation of instance xa,pi indicated by ya,pi , thus, the
annotated data set is {Xa

i ,Y
a
i }, where Ya

i ∈ R1×na
i .

In order to find the latent space that carries the desired properties (I) and (II), two mathematical terms have to be defined.
Firstly, a (n1 + n2) by (n1 + n2) similarity matrix S aims to present whether two data instances belong to the same
class or not.

S =

(
S1,1 S1,2

S2,1 S2,2

)
(1)
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where Sp,q
i,j = 1, if xp1, the pth instances of data X1, and xq2, the qth instances of data X2, belong to the same class,

otherwise, sp,qi,j = 0.

The second term, T, is also a (n1 + n2) by (n1 + n2) binary matrix, but presents the topological structures of the two
data sources.

T =

(
T1,1 0
0 T2,2

)
(2)

where T1,1 and T2,2 represent the topological structures of the Sentinel-1 and Sentinel-2 data, respectively. If xpi and
xqi are topologically connected, tp,qi,i = 1, otherwise, tp,qi,i = 0. The topological structure is the implementation of the
semi-supervision concept. It builds up the connection of data with and without annotation via topology closeness.
Conventionally, the topology closeness is practically calculated by k-nearest-neighbor [49, 58]. In this work, we applied
a recent topological data analysis tool to derive the topology closeness, which has been proven to outperform the
k-nearest-neighbor [15]. For more details, please refers to [59, 60, 61].

Let fT1 and fT2 stand for the two projections that respectively brighes the Sentinel-1 and Sentinel-2 data to the latent
space. Therefore, minimizing the cost function (3) pursues the property (I), data of the same class locate close to each
other in the latent space.

Cs =
2∑

i=1

2∑

j=1

n1∑

p=1

n2∑

q=1

‖fTi xpi − fTj x
q
j‖2Si,j(p, q). (3)

Minimizing the cost function (4) perserves the topological structures of the two data sources.

Ct =
2∑

i=1

n1∑

p=1

n2∑

q=1

‖fTi xpi − fTi x
q
i ‖2Ti,i(p, q). (4)

To minimize the two cost functions simutanensly, we only need to minimize L = Cs + Ct, which turns into an
optimization problem min

f1,f2
L. Therefore, the solution to the optimization problem is the smallest non-zero eigenvectors

of the generalized eigenvalue decomposition of (5).
X̃(Ls + Lt)X̃

T f = λX̃(Ds +Dt)X̃
T f , (5)

where X̃ =

(
X1 0
0 X2

)
, D and L are the degree matrix and the Laplacian matrix, respectively. After achieving

the projections f1 and f2, the Sentinel-1 and Sentinel-2 data are mapped into the latent space and are ready for the
classification.

2.3.2 Topology enhanced ensemble classification

Random forest is chosen as the classifier in our automatic classification system, since it is a state-of-the-art, non-
parametric, and time efficient classifier that is widely used in global scale classification tasks [43, 62] and local climate
zone classification tasks [30, 45, 46].

To briefly recall random forest, the classifier predicts a label for an instance by counting predictions of a number of
decision trees. In order to avoid decision trees, a deterministic classifier, producing identical predictions, random subset
of features and random subset of training samples are utilized to train each of the decision trees. Therefore, every
single decision tree considers slightly different information for the classification task and predict different labels for
an instance. This configuration creates a diversity that empowers random forest the most. The diversity makes the
random forest statistically follows the Law of Large Numbers so that it has robust performance, avoids overfitting that
the decision tree suffers, and meanwhile preserves the computational efficiency of the decision tree [63, 64, 65].

Topology ensemble is a practical strategy that the authors utilize to tackle the issue of hyper-parameter optimization
while deriving topological structure. The problem is that, no matter which method is chosen to obtain the topological
structure of the Sentinel-1 and Sentinel-2 data, one would inevitably confront with the issue of hyper-parameter
optimization. To handle this practical issue, a conventional method took an empirical value [49], and a recently
algorithm [60] reported no statistically significant optimal solution was found. However, the authors found that varying
values of the hyper-parameter leads to achieve topological structures with slight differences, as shown in the zoomed-in
parts of Fig. 2. Inspired by the Law of Large Numbers concept in random forest, the solution in this paper is to fuse
the two data multiple times with varying hyper-parameter. The variations of topological structures introduce an extra
diversity on the aspect of topology.

As demonstrated in the classification module of Fig. 2, the topology enhanced ensemble classification includes diversity
on three aspects, the derived different topological structure, the random subset of features, and the random subset of
training samples.
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2.3.3 Urban clustering module

The automatic classification module produces classification maps for the 42 cities, which categorizes the urban land
consumption as compact built-up, open built-up, light weight built-up, industrial structure, or one of the seven natural
types. In this urban clustering module, it first extracts the percentages of each land consumption type within a city
and the percentages of population that distributes on each land consumption type as features. Then, the 42 cities are
clustered by the classic K-mean algorithm. In the clustering, we have grouped all seven natural types of LCZ as one
class, natural space.
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Figure 3: The workflow of the clustering module. Upper block: feature extraction based on the LCZ map and the
population data; Bottom left: three clustering algorithms with number of clusters as input parameter are chosen as
candidate clustering algorithms; Bottom right: the SSE is applied as the indicator for choosing algorithm and deciding
the number of clusters.

Feature extraction. As shown in Fig. 3, we first calculate the percentages of the five urban land consumption
types, including the compact built-up, the open built-up, the light weight built-up, the industrial structure, and the
natural space. The water body was excluded here. These percentages describes how a city is formed in terms of
morphological characteristics. Accordingly, we also extract the percentages of population that distributes on each of the
five land consumption types. These population percentages describes how population distribution is related to the urban
morphology. For the population data, we need to point out that, the current stat-of-the-art population data with spatial
distribution is produced by census data and remote sensing human settlement layer. Population census data was evenly
distributed over human settlement layer with constrain to administrative boundaries. It results a strong correlation
between the amount of population and the area of built-up types. Nevertheless, there still some interesting phenomenon
were found, which will be introduced in detail in Section 3.2 and 3.3 . Therefore, for each city, we extracted in total 10
features which are the input for the following clustering.

Clustering. To chose the clustering algorithm and the number of clusters, the error sum of squares (SSE) was applied
as a quantitative indicator. SSE is the sum of squared error between each data record and the mean center of its cluster,
SSE =

∑n
i=1(Ci − C̃)2, where n is the number of data records, Ci is a 10 by 1 vector representing the feature of the

ith city, C̃ is the mean center of the cluster that Ci belongs [66]. When the number of clusters is fixed, the smaller
value of SSE, the more concentrate of these clusters. Regarding deciding the number of clusters, there are generally two
strategies among literature. First, the number of clusters is an input parameter of a clustering algorithm. Such as K-mean
clustering [67], spectral clustering [68, 69], and agglomerating clustering. Second, the number of clusters is decided
by a given criteria, such as DBSCAN [70], mean shift [71], modified spectral clustering [72], and persistence-based
clustering [73]. For the sake of simplicity, we chose the K-mean clustering, spectral clustering, and the agglomerating
clustering as candidate algorithms. They are evaluated by the indicator SSE with the number of clusters given as 2 to
42. With the same clustering algorithm, the larger the number of clusters, the smaller of the SSE. However, a large
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number of clusters means over-clustering. A simple way of choosing the number of clusters is named as the rule of
elbow [66]. It infers the point where increasing the number of clusters brings uninterestingly small reduce of SSE.
Depend on the experiment results shown in Fig. 3, the K-mean clustering has a better performance in terms of SSE so
that it was chosen as the clustering algorithm. The number of clusters equals to 8 according to the rule of elbow.

2.3.4 Population density

In section 2.3.3, the percentages of population that distributes on land consumption types reveal the distribution of
population within a city. It normalizes the population differences between cities for the clustering. For land consumption
analysis, it is necessary to access the absolute value of population density. We have calculated the population density
for each city, on the land of different morphological types, the densities is demonstrated in Table. 3 in the discussion. It
is simply the number of population that reside on a certain land type dividing the area of the land type. The unit of
the density is persons per 100 square meters. The absolute population density directly quantifies the status of land
consumption. It is one of the crucial quantity that was discussed in section 3.2 and 3.3.

3 Results and discussion

In this section, first, we perform a comprehensive evaluation on the performance of the proposed automatic classification
system, on three cities, Munich, Mumbai and New York. Second, we discuss the eight morphological clusters in details
which separates the 42 cities in terms of their morphological characteristics. At last, a sustainable development analysis
is carried out by statistically considering the population density and the dominant characteristics of morphological
clusters.

3.1 Evaluation of the automatic classification system

With three exemplary cities, Munich, Mumbai, and New York, this section carries out a comprehensive evaluations of
the proposed automatic classification system.

3.1.1 Ground reference configuration

To evaluate the classification system, the ground reference data needs to be separated as the training data and testing
data. We block-wisely and equally separate the ground reference data into ten subsets, as shown in Fig. 4.

It is preferred by the authors to block-wisely separate the ground reference data, because training data are block-wisely
delineated for real remote sensing applications. The random selection of training data that often appears in literature
would make the training and the testing samples strictly follow the same distribution, resulting in the trained algorithm
overfits the testing data and its performance is overestimated. This kind of evaluation can not summarize the performance
of an algorithm for real remote sensing applications [74].

The ground reference data is separated into ten subsets for two reasons. First, in real remote sensing applications, the
training samples normally occupies a very small fraction of data of the whole study area, as the example shown in
Fig. 4. It means the training data can not fully represent the data distribution. Therefore, training with 90% of ground
reference data and testing with 10% of it often overestimates the performance of an algorithm in terms of the whole
study area. Thus, in our evaluation, instead of only taking 90% of the ground reference as training samples, it also takes
10% and 50% of the ground reference as training samples. With the ten subsets, it is easy to pick up 10%, 50%, or
90% of the ground reference data as the training data by respectively selecting one, five, or nine subsets out of the
ten. The rest subsets that are not involved in training will then be used as the testing data. These three cases with
10%, 50%, and 90% in this evaluation are coded as TR10, TR50, and TR90, respectively, as shown in Fig. 5. The
authors believe that evaluation with training data occupying different percentages of reference data would provide a
possible range of accuracy as a reliable indication for a real application. Second, with the ten subsets, the authors
carried out the evaluation in a cross-validation style. For example, with 10% ground reference data as the training data,
the cross-validation evaluation first trains an algorithm with the first subset as training data and tests it with the rest nine
subsets. It repeats the procedure nine more times with the second to tenth subset as training data respectively. Therefore,
a mean accuracy over the ten experiments is statistically more accurate for the evaluation comparing to any one of the
ten accuracy. This evaluation is able to mitigate the impact over the evaluation indicator that is caused by fortuitous
factors hidden in training and testing data sets, such as different training data sets might represent slightly different data
distributions due to sampling.
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Figure 4: The ground reference data of the city New York is spatially block-wisely separated into ten subsets, sequentially
from west to east. The first subset includes the most western 10% samples of each class; the second subset includes the
second western 10% samples of each class; and so on so forth. From top to bottom, left to right: the RGB components
of Sentinel-2 data for the city New York; the ground reference data overlapped with the RGB imagery; the ground
reference data with the first subset highlighted; the ground reference data with the second subset highlighted; the ground
reference data with the third subset highlighted; the ground reference data with the tenth subset highlighted.

3.1.2 Comparison configuration

To demonstrate the performance of the proposed classification system, three other classification systems are chosen
for comparison. They are: (1) classifying Sentinel-1 data using random forest (S1); (2) classifying Sentinel-2 data
using random forest (S2); (3) classifying the concatenation of Sentinel-1 and Sentinel-2 data using random forest
(CON). The three classification systems are chosen for comparison because similar strategies have appeared on large
scale classification tasks in literature [45, 62, 46, 12, 75, 13, 76]. For all of the four classification systems, they are
all operated in an automatic way. There are two technical details should be mentioned. The first is the input data.
Each system takes the same input data as described in section 2.2. The second detail is setting the number of trees for
random forest. In our proposed system, the topology diversity results in 81 fused data. And 100 trees were used in
random forest for classifying each of the 81 fused data. Therefore, it results in 8100 trees in the topology enhanced
ensemble classification. To make a fair comparison, the number of trees in random forest is set as 8100 for all the three
classification systems in comparison. The proposed classification system is named as the TEEC in the evaluation, short
for topology enhanced ensemble classification.

3.1.3 Evaluation

As shown in Fig. 5, the proposed classification system outperform the other systems in terms of the mean overall
accuracy of a 10-folds cross-validation evaluation, under all scenario of different training sets and for all three cities.
More importantly, by comparing the accuracy differences of systems, one can find that the proposed system is specially
good at those cases where the amount of testing data is much larger than the amount of training data. This is exactly
the real case in remote sensing practice. With the sophisticated evaluation strategy, the authors conclude the proposed
classification system is a good option among state-of-the-art techniques to accomplish the task of classifying 42 cities
in this study.
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Figure 5: Evaluation of four classification systems, S1, S2, CON, and TEEC. The x-axis depicts the percentages of
training samples over the ground reference, TR10: training samples occupies 10% data of ground reference data; TR50:
50%; TR90: 90%. The y-axis denotes the mean overall accuracy of the 10-folds cross-validation evaluation.

3.2 Urban pattern

With the method described in section 2.3.3, the selected 42 cities have been categorized into eight clusters, as shown in
Fig. 6. Inspecting the classification maps visually in Fig. 6 and the cluster centers in Table. 2, we found each of the
eight clusters has an outstanding characteristic in urban morphology. And some are related to population distribution.

Table 2: This table presents the mean cluster centers of the ten features for the eight morphological clusters. The
features are explained in section 2.3.3 in details. The unit of the numbers is percentage (%).

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8

Share of compact area 63 10 5 31 15 50 29 13
Share of open area 8 27 35 11 55 11 10 40
Share of lightweight area 0 0 0 9 0 0 0 5
Share of industrial area 17 31 8 2 8 12 6 12
Share of natural area 12 31 52 47 22 27 55 30
Share of population in compact area 79 18 9 40 24 69 64 25
Share of population in open area 5 35 59 5 59 9 14 38
Share of population in lightweight area 0 0 0 43 0 0 0 13
Share of population in industrial area 13 36 14 3 9 12 8 16
Share of population in natural area 4 12 18 8 8 9 14 7

The first cluster concludes a group of cities which has a super compact urban morphology. This cluster has on average
63% of land having been consumed as compact built-up. And 79% of their population resides within the compact
built-up area. The second cluster represents an industrial urban morphology. It includes cities whose 31% of land are
occupied by industrial structure. Seven out of the total nine cities in this cluster are from China. By cross check with
optical images, the industrial structures are mostly large and low buildings functioning as factories and warehouses. For
the city of Amsterdam, tanks and warehouses near the harbor were also identified. The third cluster mainly includes
European cites that has an open and green urban morphology. They are characterized by having more than 50% of
land as natural cover and nearly 60% population is distributed in open area. The fourth cluster has the morphological
characteristics that a large portion of informal settlement exists. With the 42 cities, it includes only the city of Islamabad
which has 9% of land constructed as light weight built-up and has 43% of population residing in light weight built-ups.
According to our labeling experiences and visual inspection, the light weight built-up mostly reflects the distribution
of informal settlements. 9% is a very high percentage among the selected 42 cities. The 9% land area of light weight
build-up in Islamabad is home to 43% of the population in this city, which makes those areas heavily populated. The
fifth cluster owns an open urban morphology. This cluster includes eight cities whose 55% of land were constructed into
open built-ups. A very interesting point is that all those eight cities in this cluster are the capital city to eight different
countries. The sixth cluster has a compact urban morphology. It gathered cities that have high percentages of compact
built-up and population distributed in there, namely 50% and 69% respectively. Comparing to the first cluster which
also has a high percentage of compact area, there exists 10% shortage in the sixth cluster. And the sixth cluster has
27% of land being natural cover, which is 15% higher than it in the first cluster. The seventh cluster has a compact and
green urban morphology. It has 29% and 55% of their land covered by compact built-up and natural cover, respectively.
However, an average 64% of their population resides in the 29% compact built-up areas. The last cluster has mixture
urban morphology of light weight built-up and open built-up. In this cluster, the open built-up occupies 40% of the land
and the light weight built-ups accounts for about 5%.
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Morphological Cluster 1: Super compact
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Shanghai Changsha Guangzhou Nanjing Qingdao Milan Amsterdam Wuhan Shenzhen
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Figure 6: Visualization of the LCZ classification maps for the 42 cities. They are provided by the proposed classification
system and organized by the clustering results.

To sum up, we have identified eight different urban morphological clusters among the 42 cities around the world.
Those urban morphological clusters are: super compact, industry, open-green, informal settlement, open, compact,
compact-green, and open-informal.

3.3 Discussion of sustainable development

United Nations Human Settlements Program explains the SDG 11.3.1 in [27] as an indicator to reflect whether the
urban area and population change proportionally or not. It essentially evaluates the land consumption sustainability
of individual city by focusing on the changing along time. Besides the changing part, it is also important to analyze
whether an entire city suits the demand of the land consumption sustainability or not. However, an obvious contradiction
in the sustainability of land consumption locates at the trade-off of efficient land consumption and the well-being of
human kind. The population density is a quantitative measure for the trade-off. The higher value of population density,
the more efficient of land consumption, and the higher probability of less well-being for the inhabitants. Even with the
measurement, it is very complex to locate a balanced spot of the trade-off for a city. Furthermore, it might be reasonable
to apply different standards on different cities, due to historical, economical, and cultural impacts.
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To deal with the challenge, we first attempt to identify some extreme cases where cities are clearly not following a
pattern of sustainable development, in terms of urban morphology and population density. Afterwards, within in each
morphological cluster, we discuss the balance of the trade-off between efficient land consumption and human well-being
in a statistical way.

Figure 7: Left: the shares of land and population corresponding to the five different built-ups for the city of Islamabad;
Right: A zoomed in area of lightweight built-up in the city of Islamabad.

Figure 8: Left: the shares of land and population corresponding to the five different built-ups for the city of Mumbai;
Right: the shares of land and population corresponding to the five different built-ups for the city of Nairobi.

Among the urban morphological clusters, the city Islamabad is isolated as one cluster. As shown in the bar graph in
Fig. 7, 43% population of the city Islamabad resides in the lightweight built-up area which occupies 9% land of the
city. According to Table. 3, it leads to an heavily populated lightweight built-up area with a density of 3.22 persons per
100 square meters, which is almost three times denser than the overall population density of Islamabad, 1.21 persons
per 100 square meters. This severely uneven population distribution within a city is not an outcome of sustainable
land consumption. More importantly, as shown in the zoom-in lightweight built-up area of Islamabad in Fig. 7, the
evidence of arbitrary building sizes, disordered building orientations, and super compactness of the man-made structures
strongly suggest that the lightweight built-up area in Islamabad is a slum area [77, 78]. It was also found in [33] that the
lightweight built-up is highly related to slum districts. Since there is a high probability that the lightweight built-up is
related to slum area, we looked into the eighth cluster, open-informal, where the lightweight built-up exists. Unlike the
case of Islamabad where a dominated proportion of population live in lightweight built-up, the majority inhabitants in
Mumbai and Nairobi reside in compact and open built-up area. However, as shown in Table. 3, the population densities
in the lightweight built-up area are 4.13 and 4.01 persons per 100 spuare meters for Mumbai and Nairobi, respectively.
Both densities are even higher than it in Islamabad. According to the Table. 3, besides Nairobi, Mumbai, and Islamabad,
three other cities, Cairo, Shanghai, and Rio de Janeiro, also have heavily populated lightweight built-up areas with
population density of 6.34, 5.38, and 4.30 persons per 100 square meters. For all those six cities, their lightweight
built-up area is heavily populated both in absolute population density number and by comparing to the densities of
other built-up areas of the same city. To sum up, the prior task of these six cities, Mumbai, Cairo, Shanghai, Rio de
Janeiro, Islamabad, and Nairobi, for achieving sustainable land consumption is to decrease the population density in
lightweight built-up area.

As shown in Table. 3 and Fig. 9, the city Hong Kong has an overall population density of 3.37 persons per 100 square
meters, which is five times denser than Lisbon and Kyoto (0.80 and 0.77) which fall into the same morphological cluster
of Hong Kong. The large population density differences within one urban morphological cluster draw our attention. For
the three cities, they have on average 64% population resides in 29% of their land that was compact built-up, as shown
in Table. 2. These percentages have already demonstrated that inhabitants concentrate in the compact areas. However,
since Hong Kong has a much larger number of population, the absolute population density of the compact built-up is
4.38 persons per 100 square meters in Hong Kong, which is also the most dense compact built-up area among the 42
selected cities. Statistically within the 42 cities, one can concludes that it is too crowed to claim that Hong Kong is in
the track of sustainable development of land consumption.
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Table 3: Population densities in the 42 selected cities in terms of overall built-up areas, compact built-up areas, open
built-up areas, lightweight built-up areas, and the industrial built-up areas. The unit is the number of persons per 100
square meters.

City Population density (unit: persons per 100 square meters)
Overall Compact built-up Open built-up Lightweight built-up Industrial built-up

Mumbai 3.83 4.24 3.79 4.13 3.42
Hong Kong 3.37 4.38 2.34 0.00 1.71
Cairo 3.27 3.97 0.72 6.34 2.32
Shanghai 2.53 3.50 2.35 5.38 2.55
Guangzhou 2.15 3.35 2.41 2.00 1.82
Istanbul 2.12 2.22 1.53 0.00 2.14
Beijing 1.98 2.08 1.99 0.00 1.55
Wuhan 1.72 2.61 1.59 0.00 1.84
Tehran 1.67 1.77 1.20 0.00 1.61
Tokyo 1.50 1.54 1.38 0.00 1.31
Jakarta 1.46 1.46 1.16 1.66 1.45
Shenzhen 1.42 1.59 1.47 0.00 1.29
Rio De Janeiro 1.39 1.58 0.97 4.30 0.70
Moscow 1.33 1.25 1.35 0.00 1.22
Nanjing 1.32 2.72 1.27 0.00 1.12
New York 1.31 1.82 0.83 0.00 0.28
Paris 1.30 1.88 1.05 0.00 1.01
Sao Paulo 1.25 1.44 0.74 0.00 0.60
Islamabad 1.21 0.92 0.34 3.22 0.94
Qingdao 1.19 1.41 1.37 0.00 0.83
Nairobi 1.06 1.88 0.51 4.01 1.23
London 1.02 0.75 1.07 0.00 0.66
Changsha 0.97 1.32 0.91 0.00 0.72
Santiago De Chile 0.95 1.00 0.60 0.00 0.90
Madrid 0.93 1.16 0.87 0.00 0.94
Lisbon 0.80 0.92 0.66 0.00 0.46
Kyoto 0.77 0.78 0.53 0.00 0.73
Berlin 0.59 0.73 0.57 0.00 0.66
Milan 0.59 0.72 0.52 0.00 0.53
San Francisco 0.58 0.72 0.14 0.00 0.34
Los Angeles 0.55 0.64 0.27 0.00 0.30
Munich 0.54 0.75 0.52 0.00 0.55
Rome 0.47 0.62 0.41 0.00 0.52
Sydney 0.46 0.56 0.36 0.00 0.32
Vancouver 0.39 0.49 0.17 0.00 0.24
Zurich 0.39 0.60 0.36 0.00 0.41
Cologne 0.38 0.48 0.38 0.00 0.40
Amsterdam 0.36 0.60 0.39 0.00 0.33
Washington DC 0.36 0.56 0.26 0.00 0.29
Cape Town 0.35 0.60 0.27 0.97 0.31
Melbourne 0.33 0.38 0.20 0.00 0.24
Dongying 0.11 0.09 0.12 0.00 0.12

According to Fig. 9 and Fig. 10, from statistical perspective within morphological types or over 42 cities, Mumbai,
Hong Kong, and Cairo are over populated for their excessive margin of population densities. Similarly on the other end,
Dongying has the issue of under efficient land consumption.

It is worthy to point out that we didn’t detail the sustainable discussion relating to the cities of industrial type. The state-
of-the-art global population data is produced by evenly distributing census data to the built-up area of the administrative
unit [57, 79]. It results in the number of inhabitants in a district is linear correlated with the area of the district.
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Figure 9: A bar graph of overall population densities of the selected 42 cities organized in clusters. The colors represent
clusters.

Therefore, the industrial area is also assigned with a number of inhabitant who actually live in the non-industrial area of
the same administrative unit. For those cities of industrial type, these industrial area were filled with population that
resides somewhere else and the population density of residential areas was heavily underestimated.

As each city cluster reveals its morphological characteristics and partially functionalities, we tend to believe different
standards should be applied to different city clusters. Because city has its own morphological characteristics, func-
tionality, historical impact, future plan, economic status, and cultural influence. Therefore, we nominate the cities
having the median population density of each cluster and having not suffered from any extreme case as a potential
model of sustainable development for cities belonging to the same cluster. New York and Sao Paulo are the models for
the super compact cluster. London and Berlin are the models for the open cluster. Santiago de Chile is the model for
the compact cluster. Although the cities in open-green cluster, mainly European cities, are generally under efficient
in land consumption by comparing the population density to all other clusters, Zurich is the model for this cluster.
The compact-green cluster includes cities of, Hong Kong, Lisbon, and Kyoto, where statistical analysis would not be
convincing for a sampling number of three. Hong Kong is evidently over populated which persuades us Lisbon and
Kyoto are closer to the goal of sustainable development, in this cluster.

4 Conclusion and outlook

In this work, we have developed an automatic classification system that fuses the Sentinel-1 and Sentinel-2 data
with a state-of-the-art semi-supervised technique and produces a LCZ classification map by a topological enhanced
ensemble classification technique. With the classification system, we have produced LCZ maps for 42 selected cities
that distributes around the world in trans-cultural, transcontinental, and trans-environmental regions. The LCZ map
categorized the urban area into five classes, compact built-up area, open built-up area, lightweight built-up area,
industrial built-up area, and natural land cover. Coupling with the freely accessible global population data provided by
Joint Research Centre of European Commission, we have derived the percentages of land that fall into the five classes
and the percentages of population that reside in the five classes as features upon which eight morphological clusters
were derived from the 42 cities. Those eight clusters reveal the morphological characteristics and the functionalities.
Considering the absolute value of population density as an important additional factor, we have analyzed the land
consumption efficiency in a statistical manner within each cluster and among all 42 cities.

In the discussion, we have analyzed the sustainable development of land consumption for the 42 cities, from the
perspectives of city clusters and the population density. We first conclude that, on the way to sustainable development,
the issue for Mumbai, Cairo, Shanghai, Rio de Janeiro, Islamabad, and Nairobi is the unevenly and heavily populated
lightweight built-up area being an obstacle for human well-being. Second, Hong Kong suffers from super populated
compact built-up area. Third, statistically among the 42 cities, the cities of Mumbai, Hong Kong, and Cairo are heavily
populated in general, and the city of Dongying is severely under efficient in land consumption. At last, besides those
extreme cases, we name the cities of New York and Sao Paulo as the model of sustainability of land consumption for
the super compact cities; London and Berlin as the models for the openly built cities; Santiago de Chile as the model
for the compact cities; and Zurich as the model for open-green cities.
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Figure 10: A graph visualization of the 42 cities in terms of their urban morphological types. This size of the node
represents the overall population density of the city. The MIN and MAX are designed to show the minimum and
maximum sizes, respectively. Within one urban morphological type, city with smaller population density locates closer
to the center.

For the future work, instead of a binary settlement layer, our future global LCZ layer will categorize the urban area
into detailed classes which reveal the functionality and the morphology of the land. As having been discussed in
the section 3.3, the binary settlement layer is not accurate enough to estimate the spatial distribution of population.
Therefore, our future global LCZ layer is able to improve the spatial distribution accuracy of population, within an
urban area. For example, the urban inhabitant will not appear in an industrial area.

As this work aimed at exploring the possibility of using LCZ maps to study the sustainable development of land
consumption statistically, 42 representative cities from the world were chosen, yet not statistically significant. We plan
to carry out a much more statistically meaningful study in the future with about 1700 cities around the world. And
several technical details will be improved in the future study, such as how to decide the city boundary.
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