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Abstract

U rban land cover (LC) mapping is a crucial issue, e.g., in environmental protection
and sustainable development. Spaceborne remote sensing is so far the only efficient

way to map urban LC over large areas. Satellite data has enabled the creation of global LC
products since the 1990s. Currently, there is a high expectation in the application of machine
learning methods for mapping LC from space to achieve higher accuracies in less time. In
particular, deep learning (DL), as a promising approach to artificial intelligence, has played
an increasingly influential role in the algorithm developments. Through investigations into
the potential of modern DL techniques for a step-by-step observation of the urbanizing
world, this thesis provides contributions to three aspects of urban LC mapping on three
scales: the detection of urban areas, the classification of urban LC, and the simultaneous
characterization of urban density and heterogeneity.

Binary mapping of urban human settlement extent (HSE) can be addressed by fully con-
volutional neural networks (F-CNNs). However, one essential requirement of DL, i.e., the
availability of large annotated datasets, is challenging to meet in this real-world scenario.
To solve this problem, an F-CNN-based framework tailored to this task is proposed, using
regionally available geodata as training labels, and an uncomplicated and effective F-CNN
architecture is implemented. Practical experiments show that reliable mapping results can
be delivered.

Classifying urban LC with more semantic details is needed for numerous urban stud-
ies. Considering the feasibility for large-scale applications, it is suggested to rely on the
freely available Sentinel-2 data and the globally applicable local climate zone (LCZ) scheme.
To more accurately distinguish urban LC by fusing multi-seasonal Sentinel-2 data, CNN-
based approaches are developed and validated: (i) Re-ResNet, a recurrent ResNet, capable
of learning spectral, spatial, and temporal representations within a unitized framework and
(ii) a decision-level fusion method based on a multi-branch ResNet, achieving improve-
ment over Re-ResNet. For the complex LCZ scheme with 17 distinct classes, a multi-level
feature fusion-based CNN, Sen2LCZ-Net-MF, is developed and benchmarked on the open
dataset, So2Sat LCZ42, to which this thesis has contributed. Large-scale LCZ classification
examples demonstrate the potential of both Sen2LCZ-Net-MF and So2Sat LCZ42.

To exploit shareable features and to avoid unnecessary redundancies for improved per-
formance, simultaneous mapping of HSE density and LCZs is presented in a multi-task
learning approach. A generalized framework is proposed, and an end-to-end CNN is devel-
oped, which is trained using Sentinel-2 imagery and regional geodata. The idea is assessed
over various urban scenes across the world, as with the proposed HSE mapping solution.
HSE density and LCZ classification results are obtained, providing urban information on a
more detailed scale than a binary HSE layer.
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Zusammenfassung

D ie Kartierung der städtischen Landbedeckung ist in vielen Bereichen ein wichtiges
Thema, z.B. im Umweltschutz oder der nachhaltigen Entwicklung. Die satel-

litengestützte Fernerkundung ist bisher der einzige brauchbare Ansatz für die Kartierung
ausgedehnter Gebiete. Seit den 1990er Jahren haben Satellitendaten die Schaffung globaler
Landbedeckungs-Produkte ermÃ¶glicht. Gegenwärtig bestehen große Erwartungen in die
Awendung von Methoden des maschinellen Lernens für die Kartierung von Stadtgebieten,
um höhere Genauigkeiten bei gleichzeitig verringertem Zeitaufwand zu erzielen. Insbeson-
dere Deep Learning als vielversprechender Ansatz der künstlichen Intelligenz, hat in der
jüngeren Vergangenheit eine zunehmend wichtige Rolle in der Fernerkundung von urbanen
Gebieten gespielt. Um das Potenzial moderner Deep Learning-Verfahren voll auszuschöpfen
und für eine schritthaltende Beobachtung der sich urbanisierenden Welt zu nutzen, befasst
sich diese Arbeit mit den folgenden drei Aspekten der Kartierung städtischer Landbedeck-
ung auf drei Skalenebenen: der Detektion urbaner Gebiete an sich, der Klassifizierung
städtischer Landbedeckung und der simultanen Charakterisierung von Dichte und Het-
erogenität in Stadtgebieten.

Die binäre Kartierung des Ausmaßes menschlicher Siedlungen ist eine wesentliche
und höchst anspruchsvolle Aufgabe im Zusammenhang mit der globalen Kartierung, die
grundsätzlich mit Hilfe vollständig faltungsbasierter neuronaler Netze gelöst werden kann.
Eine wesentliche Anforderung des Deep Learning, nämlich die Verfügbarkeit großer an-
notierter Datensätze, ist in diesem Zusammenhang jedoch schwer zu erfüllen. Zur Lösung
dieses Problems wird ein auf diese Aufgabe zugeschnittener, F-CNN-basierter Ansatz
vorgeschlagen, der regional verfügbare Geodaten als Trainingslabels verwendet. Als Kern
des Ansatzes wird eine unkomplizierte und effektive F-CNN-Architektur entwickelt und
implementiert.

Für viele urban-geographische Studien wird eine Klassifizierung städtischer Landbedeck-
ung mit mehr semantischen Details benötigt. Das Schema der lokalen Klimazonen hat sich
in früheren Studien als global anwendbar erwiesen, wobei insbesondere die Ableitung der
entsprechenden Klassen aus Sentinel-2-Satellitendaten als vielversprechend herausgestellt
hat. Um LC genauer unterscheiden zu können, werden CNN-basierte Ansätze zur Fu-
sionmehrjähriger Sentinel-2-Daten entwickelt und validiert: (1) ein rekurrentes, residuen-
basiertes neuronales Netzwerk das in der Lage ist, simultan spektrale, räumliche und
zeitliche Merkmalsdarstellungen innerhalb eines einheitlichen Rahmens zu erlernen; (2)
ein Fusionsansatz auf Entscheidungsebene auf der Basis eines Multibranch-ResNet, das
die erreichbare Klassifikationsgenauigkeit gegenüber einer klassischen Fusion auf Merk-
malsebene verbessert. Aufgrund der Komplexität des Schemas der lokalen Klimazonen,
das Stadtgebiete anhand von 17 unterschiedlichen Klassen beschreibt, werden außer-
dem weitere Ansätze untersucht. So wird eine Netzwerkarchitektur entwickelt, die sich
einer mehrstufigen Merkmalsfusion bedient. Anhand des frei verfügbaren Datensatzes
So2Sat LCZ42, zu dem diese Arbeit beigetragen hat, wird das Potenzial des Ansatzes für
großflächige Stadtkartierungen untersucht.

Um das Potenzial gemeinsam erlernter Merkmale zu nutzen wurd zuetzt eine simultane
Kartierung der Dichte menschlicher Siedlungen und lokaler Klimazonen im Rahmen
eines multi-task-learning Ansatzes analysiert. Die Erwartung, dass ein solcher Ansatz
zu einer verbesserten Klassifikationsleistung führt und unnötige Redundanzen in Bezug
auf den notwendigen Rechenaufwand vermeidet, wird anhand von Sentinel-2-Daten ver-
schiedener global verteilter städtischer Szenen validiert.
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1 Introduction 1

1 Introduction

1.1 Motivations and Objectives

Timely and accurate mapping of urban land cover (LC) is essential for various researches,
such as urbanization monitoring, hydrologic dynamics, carbon cycles, and climate

change, due to its unique role as a key component of global change. For instance, urban
LC information is critical for evidence-based policymaking, contributing to sustainable de-
velopment in economic, social, and environmental dimensions. Currently, more than 50% of
the world’s population live in the less than 3% of the Earth’s surface, and the ratio is grow-
ing into approximately two thirds by 2050. “The future of the world’s population is urban,”
as has been investigated in the literature (Schneider et al., 2010; Liu et al., 2014; United
Nations, 2018). Under this circumstance, global LC information with a focus on urban and
human settlements is a crucial step in building a more sustainable future, providing a refer-
ence for a broad spectrum of applications related to urbanization, ranging from excavating
and understanding the drivers and the ecological impacts on a global scale to improved
planning for infrastructure resiliency on a local scale (Chuvieco, 2008).

LC mapping from space, i.e., by satellite-based remote sensing (RS) is a fundamental ap-
proach, especially on a large scale and for spatiotemporal monitoring, due to its unique
characteristics, such as global coverage, frequent update, long-term continuity, and cost-
effectiveness (Defries and Townshend, 1999). Additionally, there has been a large amount
of RS data of varying spatial, temporal, and spectral resolutions, due to international efforts
on earth observation (EO) for global change. Therefore, RS data is feasible to be used for in-
formation extraction on multiple scales in both semantic and spatial dimensions, enabling
a variety of applications at macro and micro levels. Particularly, Sentinel-2 data provides
enormous general information potential to be unlocked (Tiede et al., 2019). It covers the
vast majority of the Earth’s land surface and has an approximate 5-day revisiting time and
13 multispectral bands, ranging from 10 m to 60 m spatial resolution.

RS-based LC mapping, especially when focused on a large scale, has been framed as a ma-
chine learning (ML) task because of its advantages in accuracy, speed, and automation (Lary
et al., 2016). Deep learning (DL) has revolutionized many ML tasks after taking off in the
early 2010s, ranging from image classification and video processing to speech recognition
and natural language understanding (Goodfellow et al., 2016). Specifically, one essential
type of DL models, deep convolutional neural networks (CNNs), with connectivity patterns
between neurons as a mimic of the organization of the animal visual cortex, has achieved
undeniable success for vision-related tasks, due to their powerful and automatic abilities
of hierarchical feature learning (LeCun et al., 1995a). As a result, DL is one of the hottest
topics in RS for the inherently challenging task of urban LC mapping.

With the coming of the “big data” era and “urban future,” it has become an increasingly
urgent yet challenging issue to better retrieve information and knowledge from EO data
on a large scale. Keeping pushing the frontiers of various CV tasks, DL plays a promising
role in addressing the tasks of global urban mapping, monitoring, and responding. Hence,
this thesis’s general goal is to investigate suitable and generalizable frameworks for large-
scale urban mapping tasks on different semantic scales by exploiting DL and the globally
available Sentinel-2 data smartly. Towards this overarching goal, three primary research
and methodology objectives have been specified in the following.

− Objective 1: Large-scale binary mapping of urban human settlement extent (HSE).
Binary HSE maps focusing on urban areas, as a delineation of the urban extent, aid in
understanding urbanization on a large scale. Binary mapping of HSE is a seemingly sim-
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ple yet highly challenging task in the context of global urban LC mapping. This goal is
to explore DL approaches for HSE mapping in the absence of massive precise GT data,
which is a common scenario when applying DL in the field of RS.

− Objective 2: Classifying urban LC with more semantic details.
This objective aims at accurately classifying urban LC with more semantic details than
the binary HSE layer. This can be performed with the openly available Sentinel-2 satellite
imagery and the globally applicable local climate zone (LCZ) scheme, considering the
feasibility of subsequent upscaling. This objective ultimately helps to understand how
to better explore the ubiquitous DL, which is going to play an important role in urban
mapping and strongly complement and enrich the classical model-driven approaches.
Also, it facilitates a better understanding of the exploitation of multispectral satellite data,
which is often updated regularly, depending on the revisit frequency of the platforms.

− Objective 3: Joint and simultaneous mapping of urban HSE density and LCZ on different
semantic scales.
This objective aims at more detailed urban HSE density regression and LCZ classification
via joint optimization. This can provide fine-grained semantic classes for applications
such as urban heat island (UHI) studies. Another motivation of this goal is related to the
fact that most of the urban LC classification schemes are closely correlated by definition,
providing information on the land surface on different semantic and spatial scales, such
as the HSE and LCZ scheme. Yet, these tasks have been often addressed separately in the
literature. Consequently, there are many redundancies, inconsistencies, and uncertainties,
while they could be jointly tackled, primarily because the same input data can be used,
and some distinguishable features might be easily shared. Feature sharing is of particular
relevance in the context of DL because the reference data as ground truth (GT) is still
severely limited in some scenarios, and a joint optimization helps the learned models
generalize better by extracting more robust features and thus decreasing the possibility
of overfitting.

1.2 Related Work and Challenges

Accurate, timely representation and depiction of urban LC is widely-acknowledged critical,
which has been made possible and feasible by the massive amount of global satellite data
since the 1990s. However, improvement is still needed in many aspects, including spatial
and semantic resolution, consistency and agreement of classification schemes and multi-
temporal results, overall accuracy, and spatial variability of accuracy (Potere et al., 2009;
Grekousis et al., 2015). For instance, most of the existing products have a spatial resolution
of larger than 200 m, limiting numerous applications requiring higher resolution products.
Yet, it is challenging to improve the urban mapping results since urban is characterized as
one of the most complex and heterogeneous landscapes in the world.

Almost all the existing large-scale LC products, in particular global products, were derived
by traditional ML approaches, where a great deal of human labour and time was required for
both the labelling and post-processing. Some were created by approaches that require a high
level of domain knowledge and special training. For instance, a deep understanding of syn-
thetic aperture radar (SAR) imaging principles and the inherent speckle noise within SAR
data is needed in the creation of Global Urban Footprint (GUF) and World Settlement Foot-
print 2015 (WSF2015), where TerraSAR and Sentinel-1 SAR images were used, respectively
(Esch et al., 2017; Marconcini et al., 2019). Another kind of large-scale mapping projects
is based on crowdsourcing, such as the OpenstreetMap (OSM), which can be subjected to
limitations in terms of update frequency, spatial completeness, and overall accuracy.
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As a rapidly emerging sub-field of ML, DL has been getting popular for a wide array of
data and tasks in RS, ranging from high resolution (HR) images to hyperspectral images,
from classification to object detection (Audebert et al., 2019). Specifically, DL has been get-
ting more attention for RS image classification with promising results being achieved over
the past years. A part of existing research exploited the pre-trained CNNs in the computer
vision (CV) field as feature extractors or as parameter initialization for further finetuning
(all or part of the parameters) on (usually small) RS datasets (Marmanis et al., 2015; Penatti
et al., 2015; Weng et al., 2017; Bazi et al., 2019). While achieving satisfying results, this is
not an optimal solution for medium- or low-resolution multispectral data, which is very
different from the daily high resolution (HR) RGB images in the field of CV. Another type
of research proved the superiority of DL by comparing DL-based approaches to traditional
classifiers for specific tasks, such as built-up area detection and LCZ classification (Syrris
et al., 2019; Yoo et al., 2019). Both of these two kinds of research are meaningful and also
reveal the problems of scarcity of sufficient annotated data, which is the key to the remark-
able success of DL. Consequently, CNNs in RS are usually smaller and sometimes used with
boosting techniques or with traditional classifiers (Zhang et al., 2016).

In general, the current exploration of CNNs with relatively low-resolution multispectral
satellite data is less than deserved because this type of data remains a key candidate for
economical large-scale mapping. Hence, CNN-based approaches are not yet fully explored
for large-scale RS tasks due to the involved challenges. These challenges primarily result
from the fact that this topic is closely tied not only to technological developments and in-
novations in the application domains but also to interdisciplinary research in the fields of
RS and computer science. In the context of this thesis, i.e., CNNs for large-scale urban LC
mapping from multispectral satellite data, three specific challenges are summarized in the
following.

• How to harness supervised DL in the absence of accurate and sufficient GT data? One
key to the successful development of DL is the availability of large annotated datasets
(Goodfellow et al., 2016). In RS, however, this is not as possible in CV, where the natural
images are easier to interpret than RS data, such as multispectral imagery with a GSD of
20 m. Additionally, the amount of data in RS to be annotated is usually larger, especially
for multi-temporal and large-scale or even global applications (Reichstein et al., 2019).
This is well reflected by the fewer open benchmark datasets in RS (Schmitt et al., 2019b).
The unavailability of manually labelled reference data can be possibly compensated by
massive geocoded products that are at least available at a regional scale, the potential of
which has to be explored. State-of-the-art DL approaches have to be comprehensively as-
sessed, for which a benchmark dataset needs to be well prepared. Methodical adaptations
might be necessary to improve the preliminarily achievable performance when directly
relying on off-the-shelf CNN architectures.

• How to develop generalizable and suitable CNNs for large-scale urban LC classifica-
tion tasks? Urban LC mapping schemes can be very sophisticated, with building mor-
phology and construction materials involved. As a result, classifying urban LC is very
challenging for two-dimensional satellite data, especially for optical RS imagery derived
from weather-dependent passive sensors with a GSD larger than 10 m. Solving this prob-
lem requires a consistent and comprehensive understanding of various fusion strategies
for multi-temporal data at different fusion levels. Besides the challenge of working with
optical RS data, the rising demand for architecture engineering, i.e., architectural choices
and hyper-parameter settings, has become urgent over the last years, even though CNNs
have achieved successive advancements (Elsken et al., 2018). Architecture engineering
and optimization is a time-consuming and error-prone process because there are tremen-
dous parameters involved (Bengio, 2012). It becomes even more challenging when trying
to adopt DL approaches in RS since we are faced with increasingly larger and seemingly
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also stronger state-of-the-art CNNs. First, advanced CNNs keep refreshing the state-of-
the-art on dedicated datasets, leaving their potential for RS applications with EO data a
mystery, e.g., due to limited benchmark datasets (Li et al., 2018). Second, generally, large
models with higher capacity are not necessarily better for large-scale mapping, due to the
risk of overfitting to the training data. When larger models do provide an improvement,
there is a trade-off between accuracy and efficiency, e.g., by balancing the scale of the
applications and the introducing overhead. These issues need to be first well understood
and investigated for Sentinel-2 data and urban LC classification tasks to strive for simple
yet effectively generalizable DL models.

• How to combine related urban LC mapping tasks efficiently to enhance accuracy and
output consistent products? The massive amount of RS data and ML approaches enables
a wide range of applications, requiring different products of the varying extent of de-
tails. These requirements inevitably result in a variety of classification schemes without
consistency and compatibility. This non-perfect status and the successful development of
multi-task learning (MTL)-based approaches make a compelling argument for the inte-
gration of MTL into related urban LC mapping tasks. Nevertheless, its proof is not trivial
since an entire pipeline is needed for a comprehensive understanding. MTL-based CNNs
need to be developed. Their generalization ability needs to be considered for the goal of
large-scale application scenarios, and the model complexity needs to be kept in check
for simplicity. In particular, strategies to enhance effective feature sharing among tasks
need to be investigated and assessed. Last but not least, suitable weights to balance differ-
ent tasks during the joint optimization have to be studied to avoid trial and error, while
achieving improved results for each involving task. Also, the potential of MTL for large-
scale mapping needs to be assessed over distinct urban areas, as a basis for follow-up
research.

1.3 Outline of this Thesis

This is a cumulative dissertation, comprising of six full peer-reviewed journal papers in the
appendix. Chapter 2 covers the necessary basics and state-of-the-art of urban LC mapping.
Chapter 3 summarizes the six publications, including multi-scale urban land cover schemes
and datasets (App. A), F-CNN-based mapping of HSE (App. B), CNN-based classification of
LCZ-based urban LC (App. C, D, E), and multi-task learning for HSE regression and LCZ
classification (App. F). Chapter 4 gives a general discussion and analysis on the contribu-
tions, and remaining challenges before Chapter 5 concludes this thesis and looks forward to
the promising future work. Therefore, advanced readers can directly start from Chapter 3.
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2 Urban Land Cover Mapping from Space

T his chapter reviews the relevant basics and state-of-the-art of urban LC mapping from
RS imagery for a complete understanding of the main work. First, urban LC classifi-

cation schemes are presented, analyzed, and compared. Next, Chapter 2.2 introduces ML
approaches, suitable for large-scale urban LC mapping, and Chapter 2.3 revisits DL-based
models – CNNs for image classification, F-CNNs for semantic segmentation, and state-of-
the-art modules to boost the performance of DL models. Finally, Chapter 2.4 introduces
datasets for training DL models and approaches for evaluating LC mapping results.

2.1 Urban Land Cover Schemes

LC is a fundamental variable that links many parts of human and physical environments.
LC and its dynamics play a significant role in various issues, such as global urbanization,
biodiversity, and global warming. The definition of LC is “the observed (bio)physical cover
on the earth’s surface,” according to (Di Gregorio, 2005). By contrast, a related term, land
use, is “characterized by the arrangements, activities, and inputs people undertake in a
certain LC type to produce, change, or maintain it.” Examples of LC classes are grassland
and built-up areas, and examples of land-use classes are recreation areas and commercial
built-up areas.

Urban is characterized by human-made structures, such as buildings and roads, and green
spaces, such as parks and rivers. Therefore, urban itself can have different types of LC. Ur-
ban is an essential anthropogenic indicator of the human ecological footprint on the Earth.
Moreover, it is an expression of the impact of ongoing worldwide urbanization. There are
varying kinds of urban LC classification schemes and products, depending on the purposes,
e.g., urban and climate studies, the utilized RS data, e.g., optical and SAR, and the map-
ping methodology, e.g., unsupervised and supervised learning approaches (Congalton et al.,
2014; Grekousis et al., 2015). These schemes can be further cataloged into the following two
types:

� Urban extent mapping distinguishes urban areas from the non-urban classes, either fea-
turing a binary layer or a multi-class layer with urban as one of the classes.

� Intra-urban mapping is to comprehensively characterize urban heterogeneity, e.g., the
local climate zone (LCZ) scheme, featuring a detailed depiction of the urban areas based
on factors such as building structures and construction materials.

These two kinds of schemes will be described in the following.

2.1.1 Urban Extent Mapping Schemes and Products
One scheme for urban extent delineation is related to impervious surfaces. One exemplary
product is Global Impervious Surface Area (IMPSA2010) with 1 km resolution, produced
from Defense Meteorological Satellite Program/Operational Linescan System (DMSP/OLS)
nighttime stable light (NTL) data (Zhou et al., 2015). Even though impervious surface prod-
ucts of this kind can be used for urban-related analysis and cross assessment (Schneider
et al., 2010), they have a different focus in terms of applications, such as hydrology, eco-
logical assessment, and heat island effect, and feature a continuous-value layer indicating
the magnitude of impervious covers (Weng, 2012). Another is built-up areas, and an ex-
emplary product is the MODIS Urban Land Cover with a GSD of 500 m (Schneider et al.,
2010). Other schemes relate to factors such as administrative boundaries and population
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distribution. These different catalogues and different schemes are due to varying applica-
tion purpose as well as the input data (EO or other data) used to extract the urban-related
information (Liu et al., 2014). For instance, products utilizing NTL data correlate with na-
tional income levels, while maps from multispectral data align closely with “built-up areas”.

The Global Human Settlement Layer (GHSL) project aims to map built-up areas using high
resolution satellite images (Corbane et al., 2019). The mapped results are close to what in
the MODIS Urban Land Cover product, focusing on “places dominated by the built envi-
ronment including all non-vegetative, human-constructed elements, such as roads, build-
ings, runways, etc.” Other high resolution urban mapping products include Global Urban
Footprint (GUF) (Esch et al., 2012, 2013), Global Human Built-up And Settlement Extent
(HBASE) (Chen et al., 2017a; Wang et al., 2017), High-resolution Multi-temporal Global
Urban Land (HMGUL) (Liu et al., 2018), and World Settlement Footprint 2015 (WSF2015)
(Marconcini et al., 2019). When integrated with information from other dimensions such as
multi-temporal change, census data and built-up density, other products, e.g., building den-
sity maps, can be derived. Examples are the Settlement Grid 1975-1990-2000-2014 within
the GHSL image analytics framework.

There are also many LC schemes and products with urban reflected by one class: “artificial
surfaces and associated areas” in LC classification system (LCCS) developed by the food and
agriculture organization (FAO) of the United Nations (Di Gregorio, 2005); “urban and built-
up” in IGBP used by GLCC 2.0 IGBP DISCover (Grekousis et al., 2015), the first global LC
product, and Moderate Resolution Imaging Spectroradiometer (MODIS) LC type collection
(MCD12Q1) (Friedl et al., 2002). Besides, a unique scheme with nine classes at the first level
of the hierarchy and 25 classes at the second is proposed for the production of the series of
Finer Resolution Observation and Monitoring of Global Land Cover (FROM-GLC), which is
the first global LC product with a resolution higher than 100 m (Gong et al., 2013). Other
exemplary LC products include Global Land Cover 2000, GlobCover, and GLC30, with the
class “artificial surfaces and associated areas” indicating urban areas.

A summary of some representative global products related to urban extent is presented in
the table below.

Table 1. Examples of datasets with resolution higher than 100 m under different classification schemes. VIIRS DNB: visible
infrared imaging radiometer suite day/night band

scheme dataset sensor data acquisition
time

release year GSD (m)

urban extent

WSF2015 Sentinel-1 and Landsat 2015 2019 10

GUF TerraSAR/TanDEM-X 2011 and 2012
(mainly), 2013 and
2014

2017 12

HBASE Landsat, MODIS NDVI,
VIIRS DNB

2010 2017 30

HMGUL Landsat 1990 to 2010, a five
year interval

2018 30

GHS built-up grid Landsat 1975 to 2014 2014 38

LC with an
urban class

FROM-GLC Landsat 2010 2013 30

FROM-GLC 10 Sentinel-2 2017 2019 10

GLC30 Landsat, HJ-1 2000,2010 2014 30

2.1.2 The Local Climate Zone Scheme
The Local Climate Zone (LCZ) scheme is a classification system providing a standardization
framework for the characteristics of urban forms and functions across the world. An illus-
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tration of each of the 17 LCZs and the corresponding RS image patch is shown in Fig.2.1.
Proposed initially for urban heat island (UHI) research, this scheme has shown an increas-
ing impact on various climatological studies, such as the cooling effect of green infrastruc-
ture and micro-climatic effects on town peripheries (Stewart and Oke, 2012; Stewart et al.,
2014; Quanz et al., 2018; Kotharkar and Bagade, 2018; Geletič et al., 2019b; Koc et al., 2018;
Geletič et al., 2019a). Furthermore, the LCZ scheme can also be used to illustrate the internal
structure of urban areas, providing meaningful information for various applications, such
as infrastructure and green space planning, disaster mitigation, and population assessment
(Wicki and Parlow, 2017; Ho et al., 2017). As a result, it has received significant attention
in recent years. One main challenge of classifying LCZs is that some of them show a high
degree of similarity in visual appearance, challenging to be distinguished, especially for on
a large scale.

Fig. 2.1. Illustration of 17 LCZ types and corresponding Sentinel-2 (middle) and high resolution (bottom) image patches.
High resolution image source: Esri. Map image is the intellectual property of Esri and is used herein under license. Copy-
right ©2019 Esri and its licensors. All rights reserved.

2.2 Urban Land Cover Mapping Approaches

Both supervised (Schneider et al., 2009; Wang et al., 2017; Pesaresi et al., 2016) and unsu-
pervised (Esch et al., 2017) ML approaches can be used for RS-based urban LC mapping
(Congalton et al., 2014), which has evolved from early methods based on hand-crafted rep-
resentations to the current state-of-the-art DL-based methods. This section and the next
section will introduce these two principal approaches.
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2.2.1 Mapping Frameworks by Machine Learning
Traditional urban LC mapping approaches typically start from extracting hand-crafted fea-
tures, then feeding the extracted features into a traditional classifier, such as artificial neural
networks (ANNs), random forest (RF), and support vector machine (SVM), and end with
post-processing to remove potential mis-classifications (Ghamisi et al., 2017; Ban et al.,
2015; Chini et al., 2018; Wang et al., 2017).

A typical ML-based LC mapping framework consists of four stages:

� RS and reference data preparation and pre-processing, such as radiometric and geometric
calibration and coregistration;

� Feature extraction and selection by handcrafting;
� Data split, model training and validation;
� Production and accuracy assessment.

By contrast, a DL-based framework consists of three stages by combing the second and third
stages into CNN design and evaluation. DL’s advantageous characteristics are the ability to
learn powerful representations directly from data, thus requiring less domain knowledge
for feature engineering. As a result, the newly introduced work for a DL-based framework
comprises three primary steps: designing or searching a network architecture, optimizing
the decided model by training and hyperparameter tuning, and running inference for as-
sessment and production. DL approaches enable end-to-end learning by combining feature
extraction and label prediction procedures in a classical ML pipeline, i.e., outputting pre-
dictions directly from data without intermediate feature engineering. Therefore, DL frees
researchers from the tedious and time-consuming procedure of manually designing fea-
tures, which requires much domain knowledge in specific tasks (Ghamisi et al., 2018a).
More importantly, learned features often result in better performance and allow the models
to rapidly and easily adapt to new tasks.

2.2.2 From Hand-crafted to Learned Features
The continuous effort in traditional classification tasks has resulted in a variety of hand-
crafted features, such as normalized difference vegetation index (NDVI), normalized built-
up area index (NBAI), bare-soil index (BSI), the normalized difference spectral vector value
(NDSV), gray-level co-occurrence matrix (GLCM), scale invariant feature transform (SIFT),
and histograms of oriented gradient (HOG) (Patel et al., 2015; Ban et al., 2015; Chini et al.,
2018; Wang et al., 2017; Qiu et al., 2018a). To integrate spectral and spatial information, ap-
proaches based on mathematical morphology-based and markov random field (MRF) have
been proposed (Plaza et al., 2009).

Features can be extracted per pixel or spatial unit for the subsequent classification process,
corresponding to spectral and spectral-spatial features (Ghamisi et al., 2014). Alternatively,
object-based features can be used together with image segmentation, as the key character-
istic of object-based image analysis (OBIA) (Wang et al., 2017). It was proposed when fac-
ing the increased commercially available high-resolution RS imagery and the limitations of
pixel-based approaches of neglecting spatial photo-interpretive elements, such as texture,
context, and shape (Blaschke, 2010). Object-based classification has also been shown suit-
able for Sentinel-2 data (Stromann et al., 2020).

Feature engineering is time-consuming and tedious, and hand-crafted features could fail to
generalize across multiple datasets, which has imposed significant challenges on automatic
applications on a large or even global scale. As a result, automatically learning features from
the data has achieved much attention and success in the past few years. This is in line with
the fact that DL-based approaches have been receiving more and more attention in RS. Some
research started by comparing DL’s performance to the traditional methods (Syrris et al.,
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2019; Yoo et al., 2019), concluding that deeply learned features is indeed powerful for RS
tasks, such as LC classification. One important reason for this superiority is the large degree
of invariance to geometric transformations, such as scale, shift, and rotation. This comes
from a progressive reduction of spatial resolution compensated by a progressive increase of
the richness of the representation (the number of feature maps) (LeCun et al., 1998). Indeed,
one of the most important reasons for the remarkable success of DL is its hierarchical feature
extracting ability in an end-to-end fashion directly from data.

2.3 Urban Land Cover Mapping by Deep Learning

There are two approaches for dense prediction of LC from RS images via deep learning:
either based on CNNs designed for image scene classification with a small patch as input
(Paisitkriangkrai et al., 2016; Längkvist et al., 2016; Zhang et al., 2019; Zhong et al., 2019;
Syrris et al., 2019) or based on encoder-decoder-like neural networks designed for semantic
segmentation (F-CNNs) with a larger patch as input (Maggiori et al., 2016b,a; Fu et al., 2017;
Volpi and Tuia, 2016). In this thesis, dense (pixel-wise) prediction and semantic segmenta-
tion in the field of CV are synonymous. Semantic segmentation is more commonly used in
CV, corresponding to the process of pixel-level image classification in RS for applications
such as LC mapping.

The approach with patch-based CNNs outputs a single label for each image patch (scene
classification). After training, the trained model is applied to the image of a study area via
a sliding window approach, with the target GSD as the stride of the sliding window. This
kind of approach is closely related to the image classification-related researches in the field
of CV, such as those proposing ResNet (He et al., 2016a), DenseNet (Huang et al., 2017b),
and NASNet (Zoph and Le, 2016). Another characteristic of this kind of approach is that it
does not require pixel-level GT data since only one label is needed for an image patch. It is
suitable for mapping tasks that do not require a fine-grained spatial resolution, such as LCZ
classification. One disadvantage is the computational inefficiency because there are many
redundant convolutions, with patches centered at adjacent pixels being significantly over-
lapped. Another problem is that a trade-off needs to be decided between the final resolution
and the prediction accuracy. It has been shown that a larger input patch tends to provide
a higher accuracy but also leads to blurry boundaries among different classes (Tan and Le,
2019).

By contrast, the latter approach, F-CNNs are designed to predict pixel-level labels directly.
This is enabled by replacing the last densely connected layer in a typical CNN by a fully
convolutional layer (Long et al., 2015). After training, they can accept inputs of arbitrary
size. However, the sliding window technique is also needed, as in the aforementioned CNN-
based approach, due to the memory issues resulting from an overly large input patch. The
advantages over the first approach include a potentially higher accuracy resulting from the
context information within a relatively large input patch, and higher computational effi-
ciency resulting from the decreased overlapping among patches. This approach requires
pixel-level reference data for training, which is not always possible for urban LC mapping
tasks.

A comparison of these two approaches is presented in Fig. 2.2. In essence, they are similar
since the core part is always learning representations from the data by convolutional filters.
The key factor for model performance is the representational capacity, which depends on
the model capacity, i.e., the ability to fit a wide variety of functions. Also, it depends on
the optimization process. Accordingly, there are different kinds of approaches to enhance
the representational capacity of a network. For instance, modifications can be used on the
hypothesis space, e.g., including polynomials for linear regression and changing the depth
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(a) image scene classification-based approach

(b) semantic segmentation-based approach

Fig. 2.2. Illustration and comparison of two DL-based approaches for dense prediction in urban LC mapping tasks. Archi-
tectures of possible CNNs and F-CNNs will be introduced in the latter two sessions.

of a CNN, and the optimization process, e.g., the used optimizer and the learning rate, and
the expressing preference for certain solutions, e.g., weight decay or drop out. Since the op-
timization process is an important part of the representational capacity, the data used for
training the network also plays an important role. This includes the size and quality of the
data. For instance, the optimal capacity will increase as the available training data increases
until it is sufficient to match the task complexity (Goodfellow et al., 2016). Despite the same
principle of the two approaches mentioned above for dense prediction tasks, differences
still exist in prediction accuracies and resource requirements, incorporated data for feature
learning, and the configurations for inference, such as the step size of the sliding window.
The choice of the suitable approach for a specific urban mapping task depends on the avail-
able reference data and the requirements of application scenarios. Examples of using CNN
and, in particular, F-CNNs for RS image classification or segmentation include (Paisitkri-
angkrai et al., 2016; Maggiori et al., 2016b; Längkvist et al., 2016; Maggiori et al., 2016a; Fu
et al., 2017; Volpi and Tuia, 2016; Rußwurm and Körner, 2018; Zhang et al., 2019; Zhong
et al., 2019; Hu et al., 2019; Lang et al., 2019; He et al., 2018).

2.3.1 CNNs for Image Classification

A typical CNN architecture consists of alternate layers of convolution and pooling, followed
by fully connected layers or global pooling layers at the end, in addition to which there
are different regulatory units, such as batch normalization and dropout to optimize CNN
performance. Research in the CNN architecture has increased along with improvements
in activation layers, loss functions, parameter optimization, regularization, etc., from 1989
to date, especially since AlexNet won the ImageNet challenge in 2012. CNN architectures
have evolved towards enhanced performance, simpler design, and higher efficiency with
the progress achieved every year. Generally, the evolution of CNN architectures is related to
structural modifications on the following aspects (Khan et al., 2019):
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Fig. 2.3. Architecture and details of CaffeNet. The size of feature maps after each layer is presented. Activation layers to
introduce non-linearity are omitted.

� The spatial information exploitation, e.g., by going from multilayered fully connected
NN to convolution with learnable parameters (LeCun et al., 1995b), adjusting the fil-
ter and stride size to explore different levels of spatial correlation within the data, from
coarse-grained to fine-grained (Krizhevsky et al., 2012; Szegedy et al., 2015) and visual-
izing the learned representations from different layers (Zeiler and Fergus, 2014).

� The network topology, e.g., by increasing network depth (Simonyan and Zisserman,
2014; Srivastava et al., 2015) or/and width (Zagoruyko and Komodakis, 2016; Szegedy
et al., 2016; Hanin and Sellke, 2017; Chollet, 2017). One exemplary case is from VGG
(with a typical depth of fewer than 20) to ResNet (with a depth of more than 100).

� The information paths or cross-layer connectivity, in contrast to a plain network (He
et al., 2016a). It should be noted that this aspect is closely related to the increased network
depth because one main solution for the resulting difficulties in the training of very deep
networks is using multiple information paths. (Srivastava et al., 2015).

Several representative CNN architectures along the evolution history will be introduced in
this section.AlexNet and CaffeNet AlexNet and its 1-GPU version, CaffeNet, sparked inter-
est in DL after winning the ImageNet Challenge in 2012 (Krizhevsky et al., 2012). Inspired
by LeNet-5 (LeCun et al., 1998), it is made up of five convolutional layers of varying kernel
sizes (11×11, 5×5, and 3×3), response-normalization layers, overlapped max-pooling layers,
dropout layers, and three fully connected layers (Krizhevsky et al., 2012). The exact archi-
tecture of CaffeNet is illustrated in Fig. 2.3, where the ReLU non-linearity, following each
convolutional and dense layer, is omitted. AlexNet, which has a total of eight layers with
trainable parameters, was considered deep by the time it was proposed. Afterward, deeper
and deeper CNNs have been proposed. The large kernel of the filters is to enable a large
receptive field, thus more spatial information being taken into account, which is nowadays
replaced by 3× 3 and not often used for efficiency issues.

Inception Inception model, built by stacking inception modules, convolutional layers, and
pooling layers, is first used in GoogLeNet architecture that won the ImageNet Challenge in
2014 (Szegedy et al., 2015). The characteristic of an Inception module is split-transform-
merge, i.e., the input is first split into multiple embeddings (by 1 × 1 convolutions), then
transformed by a set of specialized filters of varying sizes, and merged by concatenation in
the end. By factoring convolutions into multiple branches operating successively on chan-
nels and then on space, the number of trainable parameters is drastically decreased, thus
the computation is more efficient. Inception v1 uses filters of multiple sizes for different
branches (5 × 5, 3 × 3, and 1 × 1). Inception v2 and v3 factorize convolutions with a large
filter size into combinations of convolutions with a smaller filter size (Szegedy et al., 2016).
For instance, n×n convolutions are factorized into asymmetric convolutions: 1×n and n×1
convolutions, 5 × 5 convolutions are factorized into two 3 × 3 convolution operations, and
7 × 7 convolutions are replaced by a series of 3 × 3 convolutions. This is to be more effi-
cient in terms of computational complexity. Inception v4 is introduced in their follow-up
work, mainly to increase the accuracy further and reduce the computational complexity.
Inspired by the ResNet’s performance, Inception-ResNet is also proposed in the same pa-
per, demonstrating outperformance over similar Inception models in terms of convergence
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speed(Szegedy et al., 2017).

VGG VGG is composed of convolutional layers with a fixed small size of 3×3, max-pooling
layers with a size of 2× 2, and a stride of 2, and three fully connected layers (Simonyan and
Zisserman, 2014). When it was proposed, the authors showed that increasing the depth of
the network can significantly improve classification accuracy (e.g., when pushing the depth
from 16 to 19). Inspired by an earlier work Zeiler and Fergus (2014), it used only 3× 3 con-
volution filters to improve performance and lower computational complexity. VGG became
famous for its simplicity and homogeneous topology. However, one problem is the large
number of parameters (mainly resulting from the three fully connected layers), making it
computationally expensive.

ResNet, ResNext, and DensNet ResNet improves the training efficiency of very deep CNNs
by introducing skip connections with identity functions. This design of short-cut connec-
tions helps to alleviate the problems of vanishing-gradient and diminishing feature reuse,
enabling deep networks, ranging from 152 to 1000 layers. It won the ImageNet Challenge in
2015 (He et al., 2016a,b). ResNext introduced cardinality as a new dimension of networks,
in addition to depth and width (Xie et al., 2017). It is similar to the family of Inception mod-
els in that they all follow the design strategy of split-transform-merge (Szegedy et al., 2015).
That is, the input is first split into multiple embeddings (by 1× 1 convolutions), then trans-
formed by a set of specialized filters, and merged by concatenation or summation in the end.
Improved classification accuracy has been obtained while the complexity is maintained, and
no specialized design choices are needed due to the reduced number of hyper-parameters.
Based on the success of ResNet, DenseNet further connects the layers within a network
(Huang et al., 2017b). In DenseNet, each layer takes all preceding feature maps as input,
and feature maps of each layer are used as inputs into all subsequent layers. In this way, the
problem of vanishing-gradient is alleviated, the feature propagation is strengthened, and
feature maps are better reused.

Xception The Xception network is an extreme version of Inception models, which assumes
that cross-channel and spatial correlations can be mapped entirely separately. It is built up
by stacking depthwise separable filters (a replacement of the Inception modules in Inception
models) with residual connections. This results in efficient use of model parameters, as being
shown in (Chollet, 2017).

Lightweight ArchitecturesLightweight architectures are the opposite direction of complex
networks, including SqueezeNet, MobileNets, and ShuffleNet. By replacing parts of 3×3 con-
volution filters with 1× 1 ones in the proposed Fire Module, SqueezeNet achieves AlexNet-
level accuracy on ImageNet, with 50 times fewer parameters (Iandola et al., 2016). Mo-
bileNets are efficient CNNs for mobile and embedded vision applications based on depth-
wise separable convolutions. Two hyperparameters, width multiplier and resolution multi-
plier, are proposed to build models for specific use cases, by trading off the accuracy and
available resources. Similarly, ShuffleNet was designed specially for mobile devices with
minimal computing power by proposing two operations, point-wise group convolution and
channel shuffle (Zhang et al., 2018).

Towards smaller and faster CNNs via automaton. Resource budget (i.e., computations and
memory usage cost) is a key factor for DL based projects, even though bigger models are
shown with better performance (Canziani et al., 2016). As a result, it is highly desirable to
design efficient (less complex) architectures with a smaller number of layers and parameters,
which are as good as their deeper and more sophisticated counterparts. In this direction,
many principles have been studied by maneuvering in the design space and transferring
specific domain knowledge into algorithms (Hasanpour et al., 2018). Furthermore, model
compression is being studied to improve efficiency (Labach et al., 2019). Similarly, carefully
balancing the topology of deep models is still crucial for optimal performance. Examples are
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Fig. 2.4. Architecture and details of a basic F-CNN. The size of feature maps after each layer is presented. The terms “h”,
“w”, and “F” denote height and width of the feature maps, and the number of classes to be predicted, respectively.

EfficientNets that are a family of models scaled up by a baseline model in the dimensions of
depth, width, and resolution (the size of the input patch size) (Tan and Le, 2019). Another
example is Neural Architecture Search Network (NASNet) (Zoph and Le, 2016; Zoph et al.,
2018), resulting from a technique of neural architecture search (NAS), where the blocks of
a network are searched from a set of operations instead of relying on the hand-crafted de-
cision. It is shown with higher accuracy than human-invented architectures. This technique
is also used for designing the baseline model for EfficientNets. NAS is a part of a broad set
of methods, referred to as AutoML, with the overarching goal of automating the tasks across
the ”end to end ML pipeline.”

2.3.2 F-CNNs for Semantic Segmentation
FCNs and their extensions inherit the basic structure of CNNs and replace fully connected
layers, i.e., the last layers in the CNNs, with fully convolutional layers, as illustrated in
Fig. 2.4, leading to a family of fully convolutional neural networks (F-CNNs). They feature
an encoder-decoder structure, i.e., first downsampling, to extract multi-scale features, and
subsequent upsampling to maintain the resolution of the outputs.

Many F-CNNs have been proposed and shown to be powerful for semantic segmentation
tasks. For example, SegNet, U-Net, deconvolution network, and other improved variants
based on multi-scale context fusion, attention mechanism, and recurrent neural networks,
have been proposed, since FCNs were introduced in 2015 (Long et al., 2015; Noh et al., 2015;
Ronneberger et al., 2015; Badrinarayanan et al., 2017). In general, the improvement can be
divided into the following three categories (Liu et al., 2019).

� Instead of a direct upsampling after downsampling, the resolution of the output can be
refined by avoiding or decreasing the use of downsampling layers, using the atrous and
dilated convolutions. By introducing zeros inside and outside the original convolution
filters, atrous and dilated convolutions enable a large receptive field without downsam-
pling. The resolution of the output can also be refined by considering the low-level fea-
tures learned by the earlier layers, e.g., by adding skip connections within the network
(Ronneberger et al., 2015; Kemker et al., 2018).

� The second approach is to improve localization property and sharpen the object bound-
aries. This can be achieved by integrating more global and contextual information, and
long-range dependencies for predictions, going beyond local features. Examples are us-
ing sub-region average pooling of pyramid scene parsing network (PSPNet) (Zhao et al.,
2017), atrous spatial pyramid pooling (ASPP) of DeepLab, and incorporating Conditional
Random Field (CRF) (Chen et al., 2017b), attention mechanism (Roy et al., 2018) and
RNN (Shuai et al., 2017; Visin et al., 2016).

� The last approach is to exploit advanced training strategies, such as cost-sensitive and
hard pixels aware learning to improve predictions in the boundary areas within an image
patch (Li et al., 2017).

Furthermore, similar to the development of CNNs, efficiency is also a key component be-
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ing considered for semantic segmentation networks (Paszke et al., 2016). For example, it
has been recognized that using atrous filters throughout the entire network was inefficient
(Chen et al., 2017b), and deconvolution layers required more memory and time to train
compared to interpolations. It is worth noting that progress in the backbone network is
also contributing to the improved performance of semantic segmentation networks. For in-
stance, FCNs were originally based on VGG (Long et al., 2015), and the DeepLab semantic
segmentation network was built with ResNet.

2.3.3 Modules utilized within CNNs for Better performance
Significant improvements in the learning capacity of CNNs and F-CNNs have been achieved
over the years by exploiting modifications on structures, such as depth, width, and multi-
path. To enhance the representative ability of the learned features, varying modules have
been proposed to be utilized jointly to explicitly or implicitly model the interdependencies
among features and have shown superior over the baseline CNNs for tasks such as classi-
fication and semantic segmentation (Hu et al., 2018; Mou et al., 2019). These modules are
usually lightweight, able to be embedded in existing networks easily in a plug-and-play
fashion (Khan et al., 2019). This section will introduce two modules, attention modules, and
RNNs.

Attention Modules The attention mechanism is essential in capturing information in the
human visual system. Attention modules in the context of DL, initially popularized in the
field of machine translation (Vaswani et al., 2017), are capable of boosting the represen-
tation power of CNNs by integrating global contextual dependencies, in both the spatial
and the spectral dimension. It is similar to a process of adaptative feature refinement in
one or more dimensions (Hu et al., 2018; Roy et al., 2018). As a result, CNNs integrated
with attention modules can preserve the spatial relevance of objects along with the learned
discriminating features. Utilizing attention mechanism-based CNNs has been shown suc-
cessful in various applications, such as image captioning and semantic segmentation (Chen
et al., 2016; Mnih et al., 2014; Fu et al., 2018; Chen et al., 2018). For instance, (Fu et al., 2018)
demonstrates that appending self-attention modules to traditional dilated FCN is capable
of improving feature representation and providing more accurate segmentation results on
multiple datasets, including Cityscapes, Pascal Context, and COCO Stuff.

One of the implementation, detailed below, is CBAM proposed for image classification to-
gether with CNNs (Woo et al., 2018). The CBAM, as illustrated in Fig.2.5, consists of a chan-
nel attention module and a spatial attention module in a sequential arrangement, with chan-
nel attention as the first.

Given a feature map A ∈ RH×W×C the output of the channel attention module, A
′
, and the

output of CBAM, J is {
A
′
= Mc(A)A�A

J = Ms(A
′
)A
′ �A

′ (2.1)

with � representing element-wise multiplication. The involved parameters are detailed in
the following.

Mc ∈RC×1×1 is the 1D channel attention matrix,

Mc = σ (W1(W0Ac
avg)) + W1(W0Ac

max))) (2.2)

where Ac
avg and Ac

max are average and maximum pooling of the original feature map A along
the channel axis, W0 and W1 are the learned matrices, implemented as dense layers, fol-
lowed by a sigmoid activation function σ (x).
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Fig. 2.5. Architecture and details of one specific implementation of the attention mechanism, CBAM. The terms “H”, “W”,
and “C” denote height, width, and channel number of feature maps, respectively.

Ms ∈RH×W×1 is a 2D spatial attention matrix,

Ms = σ (f 7×7([A
′s
avg ;A

′s
max])), (2.3)

in which A
′s
avg and A

′s
max are average and maximum pooling of the output feature map from

the channel attention module, A
′
, along the spatial domain. As indicated in 2.2 and 2.3, the

attention matrices are based on both average and maximum pooling of the original feature
map, A, to avoid information loss in the process.

RNN and Long Short-Term Memory (LSTM) Network

An RNN is a type of neural network, in which the conventional feedforward neural network
architecture is extended with loop-containing connections. Unlike feedforward networks,
RNNs are good at dealing with sequential input data with recurrent hidden states, the acti-
vation of which at each time step is dependent on the results of previous time steps. As a re-
sult, RNNs can exhibit a dynamic temporal behavior, which can be employed to extract tem-
poral features for modeling temporal changes in LC from multi-temporal data (Rußwurm
and Körner, 2018). There are three primary types of RNNs: fully connected RNNs, LSTM
networks, and gated recurrent units (GRUs). The LSTM network is introduced in the fol-
lowing.

Fig. 2.6. Illustration of an LSTM unit, where t indicates the current time step and t − 1 indicates the previous time step.

Fig.2.6 shows the a standard LSTM units. Each LSTM unit employs three gates: an input
gate it, a forget gate ft, and an output gate ot:
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� The input gate it adjusts the amount of new information c̃t that will be additionally stored
to the memory cell.

� The forget gate ft makes it possible for the memory cell to throw away already stored
information. By summing the incoming information adjusted by the input gate it with
the previous memory adjusted by the forget gate ft, the memory cell ct−1 can be updated
to ct.

� The output gate ot enables the memory cell ct to exert an influence on the current hidden
state ht before outputting ht.

At time step t, given an input rt (image patches or spatial spectral features extracted by pre-
vious sub-network), a hidden state ht−1 from the previous network output, and the previous
memory cell ct−1, the LSTM unit is updated according to the following equations:

it = σ (Wrirt +Whiht−1 + bi)
ft = σ (Wrf rt +Whf ht−1 + bf )
ot = σ (Wrort +Whoht−1 + bo)
c̃t = φ(Wrcrt +Whcht−1 + bc)
ct = ft � ct−1 + it � c̃t
ht = ot �φ(ct)

(2.4)

in which the hyperbolic tangent function φ(a),

φ(a) =
ea − e−a

ea + e−a
(2.5)

squashes the activations into the range [−1,1] and the sigmoid nonlinear function σ (a),

σ (a) =
1

1 + e−a
(2.6)

squashes the activations into [0,1] to generate the three gates (Greff et al., 2017). The sets
W and b are weight and bias terms, respectively. � denotes element-wise multiplication
involving computations with gates.

2.4 Data and Accuracy Assessment

2.4.1 Remote Sensing Data for Land Cover Mapping
A wide range of RS data can be used for urban mapping. Examples include images from ac-
tive (e.g., SAR) and passive (e.g., optical) sensors, point cloud data from airborne light detec-
tion and ranging (LiDAR), and nighttime light data (e.g., VIIRS). Furthermore, researchers
also started to use untraditional data, such as street view data, mobile signal density data,
and social media data, for detailed urban LC mapping (Kang et al., 2018; Xu et al., 2019).

RS imagery can be further categorized based on the spatial resolution as follows (Janssen
et al., 2000).

� Low resolution: over 100 m per pixel (e.g., MODIS data with a 500 m resolution).
� Medium resolution (MR): 10 to 100 m per pixel (e.g., Landsat images with a 30 m resolu-

tion).
� High to very high resolution (HR, VHR): lower than 10 m per pixel (e.g., WorldView-3

panchromatic imagery with 0.31 m resolution).
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The advantage of HR and VHR imagery is the high level of detail, which enables high pre-
cision in various applications, such as urban studies and open mines monitoring. The dis-
advantage is a lack of regular updates, short in archival storage (mostly from 2010), small
coverage, and high cost due to the advanced technologies involved. As a result, VHR RS
imagery is not suitable for large-scale mapping tasks or multitemporal change detection
and analysis. By contrast, MR or HR satellite data, particularly multispectral data, has the
following advantages: a large collection of open data with regular updates, multispectral
bands providing rich information for analysis, and various historical imagery starting from
1982 (Defries and Townshend, 1999).

Indeed, large-scale LC mapping goes hand in hand with the development and launch of
spaceborne sensors (Wulder et al., 2018). The launch of Landsat-1 in the later half of the
1970s enabled the first LC mapping from space. Globally mosaicked advanced very high res-
olution radiometer (AVHRR) data made possible global LC mapping in the 1990s, resulting
in global products, e.g., IGBP-DISCover and UMD Land Cover. Furthermore, data from the
1 km VEGETATION sensor onboard SPOT 4 was used for producing the Global Land Cover
2000 product. MODIS data available after 1999 fostered global urban mapping, resulting in
the creation of MODIS 500 m urban extent, which is the first global map relying entirely on
daytime, multispectral observations (Potere et al., 2009). HR and MR RS data available in the
2000swas used for local LC mapping afterward. For instance, the first produced 300 m GLC
map, GlobCover2005, was created using the 300 m MEdium-spectral Resolution Imaging
Spectrometer (MERIS) imagery onboard the Environmental Satellite (ENVISAT) (Grekousis
et al., 2015). Additionally, FROM-GLC, one of the earliest products with a 30 m resolution,
was made possible by Landsat data from both Thematic Mapper (TM) and Enhanced The-
matic Mapper Plus (ETM+). Last but not least, VIIRS DNB) was used for the creation of
HBASE dataset together with Landsat data.

Naturally, Sentinel-2 imagery is also a key candidate for urban LC mapping. The two
Sentinel-2 satellites, launched in 2015 and 2017, respectively, have a Multi-Spectral Instru-
ment (MSI) onboard, which guarantees systematic acquisition in a single observation mode
over land and coastal areas and provides 13 spectral bands with spatial resolution rang-
ing from 10 m to 60 m. Exemplary applications by Sentinel-2 data have been shown for
crop classification, water body detection, built-up area monitoring, road detection, and LC
classification (Wieland et al., 2019; Oehmcke et al., 2019; Stromann et al., 2020).

The representative datasets, global LC products, and representative DL models mentioned
in this chapter are listed along the temporal dimension in Fig. 2.7. It is well known that data
and algorithms are the two important enablers for RS tasks, including urban LC mapping.
With more data to come and more advanced algorithms on the way, the 2020s provides an
opportunity to meet the information needs for urban LC mapping.

2.4.2 Reference Data
For supervised DL, the availability of reference data to train the deep models is vital for the
overall performance, including the generalization ability. It can be reflected by the rapidly
developing field of image classification in the area of CV. More specifically, the research
progress on CNNs is enabled by benchmark datasets, such as ImageNet (Deng et al., 2009)
and CIFAR (Krizhevsky et al., 2009). Except for facilitating algorithm developments, large
benchmark datasets with massive labels can provide pre-trained models to be utilized for
related applications in a transfer learning setting (Khan et al., 2019; Jing and Tian, 2019).

Visual interpretation based on HR imagery is still the primary approach for creating ref-
erence data to train a classifier, even though being costly, time-consuming, and error-
prone(Schneider et al., 2009; Wang et al., 2017; Bechtel et al., 2015). Exceptional cases are re-
sorting to automatically-labeled synthetic imagery (Kemker et al., 2018) and geo-referenced
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Fig. 2.7. Non-exhaustive list of satellite datasets, global LC products, and DL models along the temporal dimension. The
time for products are the released time, rather the acquisition time of the used data.

products, such as the CORINE LC data (Sumbul et al., 2019) and the MODIS Urban Land
Cover data (Schmitt et al., 2019b; He et al., 2018), or governmental data (Rußwurm and
Körner, 2018). As a result, benchmark datasets with annotated labels in the RS field are
limited, especially those dedicated to large scale urban-related applications, as can be seen
from the few RS datasets listed in Table 2. Since RS data, such as multispectral images, has
different characteristics than the RGB images in the CV datasets, it is also not possible to
directly use pre-trained models in the field of CV.

Besides, the problem of label scarcity, the quality of the reference data is also a key factor
affecting the model performance (Zhang et al., 2016; Mishkin et al., 2017). This needs to
be considered during the development of DL approaches, especially when exploiting po-
tentially noisy or coarse resolution data for urban LC mapping tasks (Schmitt et al., 2019b;
Malkin et al., 2019).

2.4.3 Accuracy Assessment of Deep Learning for Large-scale Mapping
Results

For a comprehensive accuracy assessment of large-scale mapping results in the DL context,
it is critical to understand the generalization ability and overfitting of DL models.

Generalization ability is a core concept in ML, including DL, which makes this type of ap-
proach beyond an optimization problem (Goodfellow et al., 2016). The measure of gener-
alization ability is the test accuracy on previously unseen data drawn from the same prob-
ability distribution. A high test accuracy, i.e., a small gap between the test and training
accuracy, means high generalization ability. Along with high training accuracy, the gener-
alization ability determines the performance of ML algorithms. The core factors of a high
generalization ability include the model capacity, the optimization process, the available
data, and, most importantly, the complexity of the task. A related concept to generalization
is the memorization of networks on training examples. It was empirically shown that CNNs
after training (e.g., Inception and AlexNet) can memorize the corresponding labels of image
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Dataset Nr. of
Images

Image Size Data Source Description Reference

SAT-6 405,000 28× 28 Color aerial imagery
(R, G, B, NIR)

6 LC classes over
continental USA

(Basu et al., 2015)

AID 10,000 600× 600 Google Earth 30 scene classes (Xia et al., 2017)

NWPU-45 31,500 256× 256 Google Earth 45 land-use classes (Cheng et al., 2017)

OPTIMAL-31 1,860 256× 256 Google Earth 31 land-use classes (Wang et al., 2019)

DeepGlobe LC
Classification

1,146 2,448× 2,448 Worldview-2/-3,
GeoEye-1 (R, G, B)

7 LC classes (Demir et al., 2018)

DOTA 2,806 800× 800
to 4,000×4,000

Color aerial images 188,282 instances of
15 object classes

(Xia et al., 2018)

EuroSAT 27,000 64× 64 Sentinel-2 10 classes (Helber et al., 2018)

SEN1-2 564,768 256× 256 Sentinel-1/-2 corresponding pairs
of SAR and optical
images without an-
notations

(Schmitt et al., 2018)

38-Cloud 17,601 384× 384 Landsat 8 (R, G, B,
NIR)

single target class:
clouds

(Mohajerani and Saeedi,
2019)

BigEarthNet 590,326 120× 120 Sentinel-2 43 Corine LC classes
over Europe

(Sumbul et al., 2019)

SEN12MS 541,986 256× 256 Sentinel-1/-2,
MODIS LC

MODIS LC maps can
either be used as la-
bels or auxiliary data

(Schmitt et al., 2019b)

So2Sat LCZ42 400,673 32× 32 Sentinel-1/-2 17 LCZ labels (Zhu et al., 2019)

Table 2. Non-exhaustive list of datasets for DL in RS, adapted from (Schmitt et al., 2019b).

patches even if the labels or the images patches are entirely random (Zhang et al., 2016).
For such trained models, the test accuracy will be at the level of random guessing, i.e., no
generalization ability.

Under such a circumstance, the design of accuracy assessment has to take at least the follow-
ing two aspects into account. The performance of the trained models should be evaluated
on unseen datasets that are spatially separated, which is especially crucial for geo-coded RS
data. Randomly splitting the whole dataset into training and test data will lead to artifi-
cially high performance, since neighboring samples can be very similar, hence representing
the training accuracy instead of test accuracy. The random split of a small dataset, larking
variability and diversity, is, however, used often in the literature, and the resulting problem
has been recognized (Gewali et al., 2018).

Except for testing the models on unseen datasets, independent assessment of the produced
LC mapping results needs to be carried out in selected areas based on random-stratified
sampling, in an absolute or relative manner, to provide quality estimations under real-world
scenarios. Cross comparisons among related products need to be conducted both quantita-
tively and qualitatively. This is to enable a comprehensive and objective estimation of the
overall quality and has been carried out for most released LC products in the RS community
(Schneider et al., 2009; Potere et al., 2009; Klotz et al., 2016; Wulder et al., 2018; Corbane
et al., 2019).
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3 Summary of the Work

T he objectives of the thesis, proposed in Chapter 1, are pursued in six peer-reviewed
journal articles by the author (five as the first author, and one as the third author). Ac-

cordingly, this chapter draws a brief summary of these articles by highlighting the following
contributions.

� In Chapter 3.1, the multi-scale schemes for urban LC mapping was introduced, and the
processed datasets employed in the studies of this thesis were described.

� To map HSE from multispectral Sentinel-2 data on a large scale, a F-CNN-based frame-
work was proposed, using regionally available geo-products as training labels (Chapter
3.2). A straightforward and effective F-CNN-based architecture, Sen2HSE-Net, was im-
plemented as an example for validating the framework.

� To distinguish urban LC by fusing multi-seasonal Sentinel-2 data, a feature-level fu-
sion approach, and a recurrent residual network architecture, Re-ResNet, was proposed
(Chapter 3.3.1). The ResNet can learn rich spectral-spatial representations from the
single-seasonal imagery, and the RNN can effectively extract temporal dependencies from
multi-seasonal imagery. To further improve the classification accuracy, a decision-level
fusion approach was developed, based on multi-branch ResNet (Chapter 3.3.2).

� Towards a systematic assessment of CNN-based approaches for large-scale LCZ classifi-
cation, a first highly competitive dataset, So2Sat LCZ42, dedicated to CNN development,
was proposed (Chapter 3.1.3). On this open dataset, a simple yet effective multi-level fea-
ture fusion-based CNN, Sen2LCZ-Net-MF, was developed and validated (Chapter 3.3.3).

� To obtain rich semantic information over urban areas, to better leverage learned features
for related tasks, and to avoid redundancies in terms of computational cost, the concept
of multi-task learning (MTL) was introduced to RS-based HSE regression and LCZ clas-
sification for the first time. An MTL framework was proposed, and an end-to-end CNN
architecture was developed and assessed (Chapter 3.4).

3.1 Multi-scale Urban Land Cover Schemes and Datasets

This section will introduce the chosen multi-scale urban LC mapping schemes and the pro-
cessed datasets.

3.1.1 Urban Land Cover Schemes on different Semantic Scales
Urban LC mapping, with a focus on built-up areas, can be achieved by different schemes
at varying levels in terms of spatial and semantic resolution. Two exemplary schemes, HSE
and LCZ, were selected for algorithm developments in the context of DL in this thesis. The
choice was based on the potential for large-scale applications and the mapping complexity
with respect to the used Sentinel-2 data. LCZ, with 17 classes, emphasizes high semantic
resolution, while HSE has a higher spatial resolution.

In this work, HSE is defined as built-up areas and other physical features directly related
to human activities such as roads and parking lots. This is consistent with the definition of
HSE in previous works (Pesaresi et al., 2016; Wang et al., 2017). The HSE mapping result in
this thesis is a binary layer with a GSD of 20 m in the UTM coordinate system. This GSD was
decided by jointly considering the resolution the reference data and the utilized Sentinel-2
bands (10 m or 20 m) (Drusch et al., 2012), as well as the GSD of existing products (mostly
>20 m). In addition, another scheme is used for fine-grained urban extent mapping, which
is referred to HSE density in this study. HSE density is the percentage of the land surface
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that is covered by HSE. It is also with a GSD of 20 m in the UTM coordinate system, as with
the binary HSE layer.

The LCZ scheme, with a clear definition, as introduced in Chapter 2, further quantifies
built-up and non-built-up areas into 17 classes based on factors such as LC, and building
density and height. More specifically, LCZ classes 1–10 and E correspond to built-up ar-
eas, while LCZ A–D, F, and G correspond to non-built-up areas, such as trees, crops, water,
etc. Usually, LCZ classification is usually carried out at a spatial resolution of 100 × 100 m
in the literature. Certain Characteristics, such as a higher spatial resolution or sub-classes
within one LCZ class, might be more favorable or needed, depending on the specific ap-
plication scenario. An urban LC scheme with six simplified classes, derived from the LCZ
scheme, is also considered in the thesis. The correspondence between these aggregated ur-
ban LC classes and the original LCZ classes is listed in Table 3. The classified LC results can
be used, for instance, as a basis for further complete LCZ classification and HSE and type
classification.

Table 3. Derived urban LC classes and their correspondence to original LCZ classes.

label LC class LCZ

1 Compact built-up area 1, 2, 3

2 Open built-up area 4, 5, 6

3 Sparsely built 9

4 Large Low-rise, Heavy industry 8,10

5 Vegetation A, B, C, D

6 Water G

Figure 3.1 presents an overview of the multi-scale urban LC mapping schemes and the used
Sentinel-2 data (RGB) in this thesis, with an example in central Zurich, Switzerland.

3.1.2 Sen2HSE Dataset: from Sentinel-2 Data to Binary Mapping of HSE
Sen2HSE dataset is prepared for HSE mapping in the framework of DL under a scenario
where reference data is only regionally available. The dataset will be introduced in this
section.

A. Processing of Sentinel-2 data.

Aiming at providing continuity of multispectral imagery from the SPOT series of satellites
and the USGS Landsat thematic mapper instrument, the Sentinel-2 satellites systematically
acquire high-resolution, multispectral data over land and coastal areas, from latitude 56◦

South (Isla Hornos, Cape Horn, South America) to latitude 83◦ North (above Greenland),
contributing to a wide range of the next generation of operational products, such as LC
maps, LC change detection maps, and geophysical variables (Drusch et al., 2012). With twin
satellites flying in the same orbit and phasing at 180◦, a high revisit frequency of 5 days at
the Equator is achieved.

For studies in this thesis, mostly cloud-free Sentinel-2 image is prepared with GEE Gorelick
et al. (2017), by exploring a cloud-based engineering approach relying on pixel-wise cloud
detection and the combination of multi-temporal images within short time periods (Schmitt
et al., 2019a). The processed Sentinel-2 image data contains 13 spectral bands representing
Top of Atmosphere reflectance scaled by a factor of 10000. The data is orthoimages in UTM
projection. Ten of the bands were used in this thesis: specifically, the channels with a GSD
of 10 m and 20 m. In order to create composites with a consistent image size, the second
group of bands was upsampled to a GSD of 10 m using cubic resampling. To summarize,
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(a) Sentinel-2 data (b) HSE (c) HSE density

(d) LCZ-derived urban LC (e) LCZ (f) HR reference image

Fig. 3.1. Overview of the multi-scale urban LC mapping schemes in this thesis, with an example in central Zurich, Switzer-
land. Sentinel-2 and HR reference imagery is presented for comparison. HR Data source: Esri. Map image is the intellectual
property of Esri and is used herein under license. Copyright ©2019 Esri and its licensors. All rights reserved.

the processed Sentinel-2 data in this thesis contains 10 real-valued bands, as listed in Table
4.

Table 4. Basic information of Sentinel-2 bands used in this thesis.

band central wavelength (nm) resolution (m) description

B2 490 10 Blue

B3 560 10 Green

B4 665 10 Red

B5 705 20, upsampled to 10m Visible and Near Infrared (VNIR)

B6 740 20, upsampled to 10m VNIR

B7 783 20, upsampled to 10m VNIR

B8 842 10 VNIR

B8a 865 20, upsampled to 10m VNIR

B11 1610 20, upsampled to 10m Short Wave Infrared (SWIR)

B12 2190 20, upsampled to 10m SWIR

B. Reference data of HSE.

The employed reference data is “High Resolution Layer Imperviousness 2015,” an opera-
tional product, released as part of the Copernicus land monitoring service’s product portfo-
lio Langanke (2016). “High Resolution Layer Imperviousness 2015” is a raster layer indicat-
ing built-up areas with a spatial resolution of 20m, created from Copernicus high resolution
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RS images (mainly the Indian RS satellite and SPOT 5). It is produced using supervised clas-
sification, NDVI-based calibration, and subsequent visual editing and improvements. The
producer and user accuracies are supposed to be about 90%. For the purpose of coregistra-
tion to Sentinel-2 data, the reference data is re-projected to the UTM coordinate system and
resampled to the extent of the corresponding images.

C. Sen2HSE Dataset.

This dataset covers areas of eight cities in Europe, with five as training areas and three as
testing areas. Training areas include Berlin (Germany), Lisbon (Portugal), Madrid (Spain),
Milan (Italy), and Paris (France). Testing areas include Amsterdam (Netherlands), London
(England), and Munich (Germany).

For each of the eight areas, three Sentinel-2 images were compiled from all data acquired
in spring, summer, and autumn 2017, respectively. Images in winter were not used because
of cloud issues. The reference layer is accordingly prepared for registration. As an example,
Fig. 3.2 illustrates the processed Sentinel-2 images of central Berlin, Germany, along with
the reference data.

(a) spring (b) summer (c) autumn (d) HSE reference

Fig. 3.2. Illustration of the processed Sentinel-2 and the HSE reference data in central Berlin, Germany.

After coregistration, HSE reference data and Sentinel-2 images were cropped into patches of
128×128 pixel with a stride of 96 pixel. The final patches were spatially split into a training
and a validation subset, with the upper left part of each area kept as validation data. The
exact number of patches from each training scene is presented in Fig. 3.3. The number of
HSE and non-HSE pixels in the training, validation, and test subsets is presented in Fig. 3.4.

D. Additional Test Dataset for Assessment.

In addition to the three test sets in the Sen2HSE dataset, ten scenes across the world, as
shown in Fig. 3.5, is also selected to assess the performance and potential of the framework.
Table 5 describes the main characteristics of the selected study areas, which differ in urban
area, topography, and LC features in the surrounding countryside.

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3 3.2 3.4 3.6
·104

Berlin

Lisbon

Madrid

Milan

Paris

Number of Patches

Training Validation

Fig. 3.3. Number of training and validation patches in the Sen2HSE dataset.
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Fig. 3.4. Number of pixels in training, validation, and test sets.

Fig. 3.5. Five training areas distributed across Europe and ten test areas across the world.

Table 5. Basic information of the study areas for training and test, and the urban ecoregions according to (Schneider et al.,
2010).

city urban ecoregion area (km2)

training scenes

Berlin, Germany Temperate forest in Europe 5138

Lisbon, Portugal Temperate mediterranean 4585

Madrid, Spain Temperate mediterranean 19360

Milan, Italy Temperate mediterranean 5512

Paris, France Temperate forest in Europe 11561

European test scenes

Amsterdam, Netherlands Temperate forest in Europe 9714

London, England Temperate forest in Europe 6711

Munich, Germany Temperate forest in Europe 7355

global test scenes

Beijing, China (BJ) Temperate forest in East Asia 11017

Nairobi, Kenya Tropical, sub-tropical savannah in Africa 591

Rome, Italy Temperate mediterranean 2890

Rio de Janeiro, Brazil Tropical, Sub-tropical savannah in South America 2492

San Francisco (SF), USA Temperate mediterranean 1784

Santiago, Chile (Santi) Temperate mediterranean 2890

Sydney, Australia Temperate forest in North America 1894

Tehran, Iran Temperate grassland in Middle East Asia 1678

Jakarta, Indonesia Tropical, Sub-tropical forest in Asia 2492

New York City (NYC), USA Temperate forest in North America 7355
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Manually labeled ground truth is employed for a quantitative assessment. In order to avoid
human-induced bias, an equally distributed grid was generated for each test scene, in the
center area, with 2000 meters distance between each point. These manually labeled grid-
based checking points (MLGCPs), with a size of 20m × 20m, were manually classified into
HSE or non-HSE. This fixed distribution of check points allows for a meaningful spatial
assessment of the mapping results. For similar reasons, three fixed subset regions, with a size
of 4km×4km, distributed across the whole ROI, are chosen for each city for a closer view of
the produced results. Figure 3.6 illustrates the three subset regions and the MLGCPs within
the ROI, using Sydney as an example. The number of test samples of all ten test scenes is
presented in Fig. 3.7.

Fig. 3.6. MLGCPs and three subset regions for closer visualization within the ROI, using the city of Sydney as an example.
A similar configuration is used for the assessment of all 10 test scenes.
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Fig. 3.7. Number of MLGCPs for HSE mapping assessment. A different number of points are chosen for different cities to
ensure diversity in LC by including different city areas.
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3.1.3 So2Sat LCZ42 Dataset for LCZ Classification
To provide a benchmark dataset for global LCZ classification from satellite RS data, So2Sat
LCZ42 dataset is prepared and published in Appendix A by the team (with the author of
this thesis as the third author). This section will present a summary of this dataset.

For the purpose of global classification, the dataset is designed to cover tens of representa-
tive areas across the world, as shown in Fig. 3.8.

Fig. 3.8. Location of the 42 cities (green dot) plus the 10 additional cities (orange dot) in the So2Sat LCZ42 dataset. Training
areas: Amsterdam, Beijing, Berlin, Bogota (addon), Buenos Aires (addon), Cairo, Cape Town, Caracas (addon), Changsha,
Chicago (addon), Cologne, Dhaka (addon), Dongying, Hong Kong, Islamabad, Istanbul, Karachi (addon), Kyoto, Lima (ad-
don), Lisbon, London, Los Angeles, Madrid, Manila (addon), Melbourne, Milan, Nanjing, New York, Paris, Philadelphia
(addon), Qingdao, Rio De Janeiro, Rome, Salvador (addon), Sao Paulo, Shanghai, Shenzhen, Tokyo, Vancouver, Washing-
ton D.C., Wuhan, Zurich. Testing and validation areas: Guangzhou, Jakarta, Moscow, Mumbai, Munich, Nairobi, San
Francisco, Santiago de Chile, Sydney, Tehran.

The So2SatLCZ42 dataset consists of LCZ labels of 400673 Sentinel-1 and Sentinel-2 image
patches, with one LCZ label for each 32× 32 patch. It was labeled by a group of domain ex-
perts in RS following a carefully designed labeling work flow similar to the that in WUDAPT
(Bechtel et al., 2019). Afterwards, rigorous quality assessment was conducted with indepen-
dent label voting by domain experts who did not label the areas in the labelling stage. The
overall confidence of the labelling is 85% based on the rigorous quantitative evaluation of
10 cities in the dataset.

The whole So2SatLCZ42 dataset is split into training, validation, and test sets, all of which
are spatially separated. Specifically, the training set consists of all the patches of 32 cities
and the 10 add-on areas. For each of the remaining 10 cities, distributed across different
continents over the world, the labels of each LCZ class are split into the west and east halves
of the area, comprising the validation and test sets. Therefore, all three sub-datasets are ge-
ographically separated from each other, even though the test and validation sets are drawn
from the same list of cities. The number and distribution of the individual LCZ classes in
those three subsets are visualized in Fig. 3.9.

In this thesis, Sentinel-1 image patches in the So2Sat LCZ42 dataset were not used. GEE
(Gorelick et al., 2017) was used to prepare the Sentinel-2 imagery for processing, such as
cloud removal and upsampling (Schmitt et al., 2019a). In the So2Sat LCZ42 dataset, the
20m bands were also 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. Details about the Sentinel-2 bands in the So2Sat LCZ42 dataset can be
found in Table 4.
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Fig. 3.9. Sample number of LCZ labels in training (left), validation (middle), and test sets (right).

3.2 F-CNN-based Large-scale Mapping of HSE

Appendix B presents a generalized DL-based framework for large-scale HSE mapping from
multispectral Sentinel-2 data, with a straightforward, simple, yet effective FCN-based net-
work implemented as an example. This framework consists of three major parts: i) prepa-
ration of labels and image data, ii) training a well-generalizing semantic segmentation net-
work to map HSE from Sentinel-2 images (Sen2HSE-Net), and iii) accuracy assessment of
the HSE results. This work is motivated by the following observations and assumptions.

� Most of the DL-based studies using RS data are based on VHR satellite or aerial imagery
(i.e., with a GSD equal to or even less than 1 m), which is closer to the natural images in
CV than the multispectral satellite imagery with a GSD of tens of meter.

� Good performance is not guaranteed when directly employing existing DL approaches
for HSE mapping from Sentinel-2 data because multispectral satellite imagery usually
capture large geographical areas with varying LC, occlusions, or illumination conditions
over time and space.

� Existing studies, with a focus on algorithm developments, usually require large bench-
mark datasets with manually annotated labels, which is hard to meet in the case of large-
scale HSE mapping.

� DL models in the literature were usually validated on benchmark datasets, without con-
sidering the real-world application scenarios. Specifically, the quality of large-scale map-
ping results was not assessed and compared to the state-of-the-art products, thus leaving
the potential for further applications unknown.

3.2.1 HSE Mapping Framework and Sen2HSE-Net Architecture
The proposed mapping framework is illustrated in Fig. 3.10, which consists of image and
reference data preparation (introduced in Chapter 3.1.2), model training, HSE mapping,
and accuracy assessment. Given both the goal of our task—to assign a label, HSE or non-
HSE, to each 20×20 meter patch—and the advantages of pixel-level recognition by semantic
segmentation networks, a decision is made to combine the image scene classification-based
and semantic segmentation-based approach. More specifically, instead of a 20 × 20 meter
patch as the input of the network and one single label as the output, larger patches are
fed to an F-CNN and labels for each 2 × 2 pixels are predicted, by including one pooling
(downsampling) layer in the F-CNN. In the framework, the network can be any state-of-the-
art F-CNNs, such as U-Net and SegNet.

Considering that a light-weighted and straightforward network might be more feasible for
reproduction and upscaling, a simple FCN is implemented, the architecture of which is
illustrated in Fig. 3.11. It consists of four convolutional layers to extract low-level features
from the input Sentinel-2 images, two subsequent pooling layers (maximum and average
pooling) to abstract the learned features, then four convolutional layers to extract high-
level features, and, finally, one convolutional layer for predictions. The kernel sizes for the
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Fig. 3.10. Generalized framework for HSE mapping. The network is instanced as Sen2HSE-Net and compared with several
baselines in this study. X and Y are patches of Sentinel-2 image and HSE reference.

eight convolutional layers are 3 × 3; the last convolutional layer has a kernel size of 1 × 1.
Additionally, there are two drop-out layers to avoid model overfitting to the training data,
given that the eventual goal is to map HSE on a large scale. No additional pooling layers are
used to avoid information loss during the downsampling process. As defined, the output
prediction is with a 20 m GSD, while the input data is with a 10 m GSD; thus, no upsampling
layers are used.

Fig. 3.11. Architecture and details of Sen2HSE-Net. The terms “h”, “w”, and “f” denote height, width, and the channel
number of the first feature maps, respectively. The different size of the final prediction from the input image is due to the
different resolution of the HSE prediction (with a 20 m GSD) to the input image (with a 10 m GSD).

Filter weights were initialized using the algorithm proposed by (He et al., 2015). The number
of the first convolutional layer’s output filters, f , was set as 16 in the experiments, and its
impact was investigated during sensitivity analysis in Chapter 3.2.3.

3.2.2 Assessment Approach
The Sen2HSE dataset, described in Chapter 3.1.2, was used to train the network, using the
Nesterov Adam optimizer implementation of Keras (Chollet et al., 2015). A minibatch size
of 8 images and a fixed learning rate of 2× 10−4 was used. To control the training time and
to avoid overfitting, early stopping was used. The monitored metric was the validation loss,
with the patience parameter set as 10 epochs.

The training areas are five cities in Central Europe, as described in Chapter 3.1.2 and shown
in Fig. 3.5. Two test datasets, i.e., three test sets in the Sen2HSE dataset and MLGCPs of ten
scenes across the world, were used to assess the performance and potential of the frame-
work, as shown in Fig. 3.5. The three test scenes in Europe can additionally provide a basis
for evaluating the regional-to-global generalization capability of the proposed framework.
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A quantitative assessment was also performed with respect to the OpenStreenMap building
layer. Because the mapping HSE results include not only buildings but also other man-
made structures, only recall is employed as the indicator. That is recall = N1

N0
, where N0

is the number of all building pixels based on OSM, and N1 is the number of pixels (in
N0) also mapped as HSE. This way, the measure was the detection rate of buildings in the
mapping results. An accurate HSE map, by definition, should include all buildings provided
in the OSM building layer. It should be mentioned that the quality of the crowdsourced
OSM reference data is not homogeneous over the cities and the suburban areas, as well as
over developing and developed countries, in terms of completeness and thematic accuracy
(Fan et al., 2014; Arsanjani et al., 2015; Johnson et al., 2017; Viana et al., 2019). Therefore,
the OSM-based evaluation was only provided as an additional relative estimation of the
mapping results

Furthermore, several state-of-the-art products were chosen for comparison. Details of these
reference products are provided in Table 6. All baseline products were re-sampled to 20 m
GSD for comparison with the produced maps in this study. For the purpose of comparison,
the “built-up” and “built-up up to 2014” were taken from the GUF and the GHSL as the
HSE information. Because none of these products can be considered as GT, the mapping
results of this thesis were not tested against them. Instead, a comparison with respect to
independent references was carried out among the results and the baseline products.

Table 6. Description of baseline products for accuracy comparison.

Product Sensor Year Label GSD

GUF TerraSAR/TanDEM-X 2011 to 2014 built-up, with vertical component 12 m

GHSL Landsat 1975 to 2014 multi-epoch built-up grid 38 m

FROMGLC Sentinel-2 2017 impervious surface 10 m

HMGUL Landsat 2015 urban 30 m

3.2.3 Sensitivity Analysis
To find out suitable experimental setups for HSE mapping with the proposed framework,
this section investigates the impact of the split approach of training and validation sets,
as well as the impact of the network topology. In the end, the proposed Sen2HSE-Net is
compared to state-of-the-art models under the same setups to back up the network design
choice in the mapping framework.

Effect of Training and Validation Data Split

Spatial and random split were empirically compared in Table 7. The random split randomly
chooses about 25% of the data from each training city as the validation dataset. By contrast,
the spatial split is extracting about 25% of the upper left part of each city as the validation
dataset, which is the strategy in the prepared Sen2HSE dataset. It is worth mentioning that
the results in Table 7 were calculated on unseen test datasets, and the validation data was
only used during the training process. From the comparison in Table 7, it can be seen that
the spatial split is better than the random split since almost all metrics are better. This is
true for both the proposed Sen2HSE-Net and the normally used U-Net. This may be because
the distribution of training and validation data is more similar in the random split than in
the spatial split, which leads to a validation accuracy that is closer to the training accuracy.
As a result, the chosen model is optimal for the training areas, rather than the unseen test
areas.

Effect of Network Depth and Width
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Table 7. Results from different approaches to splitting training and validation datasets, tested in completely unseen areas
both beyond and within Europe.

network and data split
test beyond Europe test in Europe

Kappa AA recall F1 Kappa AA recall F1

Sen2HSE-Net
spatial 0.809 90.1% 91.4% 0.906 0.802 90.5% 84.4% 0.834

random 0.788 89.1% 87.7% 0.891 0.798 89.6% 82.1% 0.830

U-Net
spatial 0.806 90.0% 90.2% 0.902 0.801 89.2% 81.1% 0.832

random 0.805 90.1% 87.7% 0.897 0.791 88.5% 79.5% 0.824

By comparing the results of one wider and three deeper versions, as well as the number
of trainable parameters in each network in Table 8, it was found that there was no gain
from a wider network and a slight improvement from a deeper network. Interestingly, the
improvement is not present when the depth increases further, from depth 13 to 17 and 21.
This might result from the characteristics of the task and the utilized not-VHR Sentinel-2
data, as well as the employed testing choice (in unseen areas). Therefore, the configuration
with a depth of 9 and the first filter of 16 was used for the rest experiments. Furthermore,
Table 8 demonstrates that there is no relation between the performance of CNNs and the
number of their trainable parameters With much more parameters, the wider version does
not provide more accurate mapping results. It needs to be mentioned that the above drawn
conclusions are all driven by applications given the specific experimental setup, served as
Sensitivity analysis for final applications.

Table 8. Results from Sen2HSE-Net of varying depth and width. All comparing networks employ the same overall archi-
tecture as Fig. 3.11.

network test beyond Europe test in Europe

f depth Para. # Kappa AA recall F1 Kappa AA recall F1

f=16

9 1.1M 0.809 90.1% 91.4% 0.906 0.802 90.5% 84.4% 0.834

13 1.9M 0.818 90.6% 93.1% 0.911 0.800 90.4% 84.2% 0.832

17 2.6M 0.806 90.1% 91.5% 0.905 0.804 90.7% 85.0% 0.836

21 3.4M 0.799 89.7% 92.5% 0.903 0.795 90.3% 84.2% 0.829

f=32 2+2+2+2+1 4.5M 0.806 90.1% 90.0% 0.903 0.797 89.0% 80.7% 0.829

Comparison with Baseline Models

The proposed shallow network with nine layers can provide even better mapping accuracy
than the much deeper and relatively complicated U-Net, with more trainable parameters,
as shown in Table 9. In addition, the results from Sen2HSE-Net are much more accurate
than those from ResNet-PSPNet (Zhao et al., 2017), ResNet-FCN-8 (Long et al., 2015), and
attention-based FCN (Fu et al., 2018), which have been shown to be more powerful for se-
mantic segmentation. One underlying factor is the information loss from the pooling layers
in the encoding process (by ResNet), which is not suitable for the HSE mapping task with
the Sentinel-2 data. Furthermore, the lost information introduced by pooling layers can-
not be compensated, even with the sophisticated design of the decoding part, either with
pyramid scene parsing by ResNet-PSPNet, or with upsampling with low-level features con-
sidered by ResNet-FCN-8, or with attention modules proposed in (Fu et al., 2018). This
investigation shows that good performance is not guaranteed when simply and directly us-
ing state-of-the-art CNNs for RS tasks. Instead, the characteristics of both the task and the
employed data need to be carefully considered. Additionally, it is possible to use a simple
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FCN to achieve promising HSE mapping results, instead of relying on the existing sophisti-
cated networks proposed for datasets in the CV field. Even though comparable results can
be achieved when directing employing U-Net, the proposed Sen2HSE-Net is much lighter,
which is an important factor to be considered for large-scale mapping.

Table 9. Results from Sen2HSE-Net and three baseline semantic segmentation networks, tested in areas beyond and within
Europe.

Method
test beyond Europe test in Europe network

Kappa AA recall F1 Kappa AA recall F1 depth Para. #

Sen2HSE-Net 0.809 90.1% 91.4% 0.906 0.802 90.5% 84.4% 0.834 9 1.1M

U-Net 0.804 90.3% 90.4% 0.903 0.788 89.3% 81.7% 0.822 24 31.0M

ResNet-PSPNet 0.655 82.8% 80.3% 0.824 0.644 80.3% 64.5% 0.697 58 28.6M

ResNet-FCN-8 0.740 87.2% 89.3% 0.875 0.719 84.8% 73.0% 0.762 60 32.0M

FCN+dual attention 0.785 89.4% 86.3% 0.888 0.760 85.2% 72.4% 0.795 27 14.4M

3.2.4 Results and Conclusions
Quantitative Assessment

Kappa (K), AA (in percentage), commission error (CME, in percentage), recall (in percent-
age), and F-Score (F) with respect to the MLGCPs are shown in Table 10. Table 10 indicates
that the achieved HSE mapping results are promising, as they provide the highest kappa,
AA, recall, and F-Score on average over ten test scenes when compared to both of the base-
line products. In particular, the highest F-Score (with respect to the MLGCPs) was achieved
for all ten distinct test areas across the world. In addition, more buildings (from the OSM
layer) were included in the mapping results, compared to both the GUF and the GHS built-
up grid. This can be seen from the improved mean recall, from 86.3% and 88.9% to 96.7%,
when compared to GUF and the GHS built-up grid, respectively. This improvement is ap-
parent for eight of the ten cities.

The commission error of the mapping results, however, is relatively high, especially when
compared to GUF. This means that the framework overestimates the HSE. Also, this shows
that GUF is strong at excluding non-HSE from HSE, due to the peculiarities of the used SAR
images. When compared to the GHS built-up grid, which is closer to the mapping focus of
HSE, the results are generally better, even based on commission error. The GHS built-up
grid provides the highest recall in three and two scenes with respect to the MLGCPs and
OSM, respectively. Because of the varying characteristics of the three layers, it should be
mentioned that the comparison presented in Tab. 10 is only to provide a validation reference
for the mapping results.

The presence of fewer outliers in the representative test scenes shows the high generalization
ability and the robustness of the trained model. However, the achieved results do reveal
differences among different test scenes. For instance, the result in Nairobi is worse than
the average for all three datasets. This is probably due to different urban structures and
surrounding terrains, which is indicative of the challenges for large-scale mapping.

Qualitative Assessment

The comparison of the produced HSE results to the state-of-the-art products can be found
in Fig. 3.12 for the three subsets in the Munich, Nairobi, and Tehran test scenes. Overall,
the mapped HSE results are in agreement with the GHS built-up grid, GUF, and FROM-
GLC10, while the HMGUL is in a relatively coarse resolution. From the comparison, it can
also be seen that the mapped HSE does include roads, streets, in addition to buildings, as
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Table 10. Accuracy assessment of HSE mapping results from Sen2HSE-Net. The corresponding assessment of GUF and the
GHS built-up grid is also listed for comparison. Only recall with respect to OSM is presented, given the different definitions
of HSE and OSM reference.

reference source BJ Nairobi Rome Rio SF Santi Syd. Tehran Jakarta NYC Mean

CPs

K

HSE 0.75 0.73 0.79 0.88 0.88 0.90 0.78 0.67 0.89 0.82 0.81

GUF 0.64 0.70 0.75 0.81 0.81 0.75 0.81 0.76 0.60 0.62 0.73

GHSL 0.54 0.37 0.77 0.74 0.87 0.65 0.77 0.70 0.36 0.72 0.65

AA

HSE 87.6 86.1 88.2 94.4 93.8 94.8 88.6 81.8 94.4 91.0 90.1

GUF 81.9 84.7 85.9 89.0 88.9 88.4 91.0 88.5 80.7 83.9 86.3

GHSL 77.2 68.0 87.8 90.1 95.4 83.7 88.4 85.6 65.9 85.3 82.7

CME

HSE 17.4 4.8 6.3 9.6 6.8 5.9 15.8 15.1 8.2 6.6 9.7

GUF 16.3 3.4 5.5 5.8 8.9 3.4 4.6 6.0 12.7 4.3 7.1

GHSL 26.1 3.3 11.6 26.9 14.0 4.7 13.8 9.0 26.3 11.7 14.7

recall

HSE 93.6 75.6 79.6 92.2 96.5 96.4 99.1 95.2 92.3 93.4 91.4

GUF 77.9 71.8 74.2 80.2 80.4 80.3 86.7 83.2 84.0 73.6 79.2

GHSL 80.8 37.2 81.7 95.6 96.1 71.8 94.0 80.5 94.2 91.7 82.4

F

HSE 0.88 0.84 0.86 0.91 0.95 0.95 0.91 0.90 0.92 0.93 0.91

GUF 0.81 0.82 0.83 0.87 0.85 0.88 0.91 0.88 0.86 0.83 0.85

GHSL 0.77 0.54 0.85 0.83 0.91 0.82 0.90 0.85 0.83 0.90 0.82

OSM recall

HSE 97.9 92.2 93.8 93.3 99.1 99.1 97.8 97.6 98.1 97.7 96.7

GUF 89.7 84.2 90.1 84.1 77.6 91.2 87.0 87.8 81.5 90.1 86.3

GHSL 92.9 72.6 92.1 97.3 98.0 72.2 96.9 73.0 96.4 97.9 88.9

expected from the definition. Some roads are also included in the GHS layer, FROM-GLC10,
and HMGUL. Some superiority of the mapping results can be observed from Fig. 3.12. For
instance, the mapped HSE can exclude the green areas (e.g., parks), as illustrated by the
second Munich subset. Also, it can include small buildings surrounded by vegetation as well
as GUF does, while the GHS built-up grid and FROM-GLC10 omit most of the buildings, as
illustrated by the first Nairobi subset and the first Munich subset. Additionally, the proposed
approach is not affected by the shadow areas of the mountains, which result in false-positive
results in the GHS built-up grid, as can be seen in the third Tehran subset.

To validate the stability of the proposed framework for a regional-scale and country-wide
HSE mapping task, the mapping result in Henan province, China (with a total area of about
167,000 km2) is shown in Fig. 3.13. The general urban pattern is successfully mapped, as
can be seen when compared with HR data. This test demonstrates the proposed framework’s
general performance and potential for further upscaling.

To inspect the goal of exploring a DL-based solution for mapping HSE with the potential
of upscaling. Figure 3.14 illustrates the HSE mapping power, using some positive examples
in the test scenes in New York City, Rio, and Tehran. In these examples, only the proposed
solution can include sparse buildings and buildings on the boundaries, surrounded by trees
and gardens, as the purple outlines indicate the areas that are only mapped by our results
while being missed by the other two baseline products. In the second subset of Fig. 3.14,
only the proposed solution can exclude the soil ground from the mapping results, as the
blue outlines indicate areas mapped by other layers but not by our results. The red and cyan
color outlines indicate areas that are not mapped by GUF and GHSL, respectively. Since
these areas are mapped not only by our results but also by one of the baseline datasets, they
are likely indeed HSE, and correctly detected by the proposed approach.

One more evidence of the mapping power of the proposed framework can be seen in Fig.
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Fig. 3.12. Comparison of produced HSE results to four state-of-the-art products for three subsets in three test scenes. These
scenes are not cherry-picked, but instead predefined with a size of 4km × 4km, distributed across the whole ROI of each
scene.
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Fig. 3.13. Regional HSE mapping example in Henan (province), China. The Zhengzhou (city) area is zoomed in and com-
pared to a HR image.

Table 11. Interpretation of the colors in Fig. 3.14. FP and FN are false positive and false negative, i.e., commission error
and omission error.

Our results GUF GHSL

mapping target?
yes correct FN correct FN correct FN

no FP correct FP correct FP correct

3.15, a close-up of Fig. 3.13, where the mapping result can detect buildings in small villages
as well as GUF, which is derived from VHR SAR images. The other products, unfortunately,
fail to map these areas. This also shows the improvement of space over current LC mapping
on a global scale, especially in rural areas.

However, some problems in the current mapping results remain, as shown by the negative
examples from test scenes in New York City and Tehran in Fig. 3.16. In the first subset, there
are still some buildings omitted by the mapping results, and in the second subset, there is
still an area omitted only by our approach. Also, some overestimation can be seen in the
third subset. This overestimation, i.e., a commission error, is inherent to the definition of
the task and the setup of the framework. Specifically, the goal is to detect whether there is
HSE in a 20 by 20 m cell. Therefore, boundary areas tend to be mapped as HSE.

Conclusions

Jointly considering the accuracy assessment with respect to the MLGCPs and the OSM build-
ing layer in Table 10, as well as the visualizations on different scales in Figs. 3.13, 3.14, and
3.15, it can be concluded that:
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mapped only by our results not mapped only by our results mapped only by GUF not mapped only by GUF
mapped only by GHSL built-up grid not mapped only by GHSL built-up grid mapped by all 3 datasets

Fig. 3.14. Closer view of positive examples. Colors can be interpreted according to Tab. 11.

Fig. 3.15. Closer view of the HSE mapping power of the proposed framework, with an example in a zoomed area of Fig.
3.13 located at longitude 113.2072° east and latitude 32.6849° north.

• Pixel-level HSE, with a 20 m GSD, can be created by the proposed framework in a seman-
tic segmentation fashion, with comparable quality of state-of-the-art products. Overall
good results can be achieved for several representative test scenes from six continents,
with various urban typologies, vegetation types, and climate and cultural characteristics.
This suggests the proposed framework’s potential for generalizing and upscaling on a
large scale.

• The assessment of the experimental results provides evidence that the motivation for set-
ting up the framework is valid. That is, the globally available multispectral data from
the Sentinel-2 mission and simple F-CNNs are indeed valuable for large-scale HSE map-
ping. Furthermore, the unavailability of accurate annotated GT data does not hinder the
successful adaptation of F-CNNs to the application of HSE mapping. The rich geocoded
products in RS can provide a reference and can be further exploited for related tasks in
urban LC mapping.
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Fig. 3.16. Closer view of negative examples. Colors can be interpreted according to Tab. 11.

• The proposed simple Sen2HSE-Net can provide more accurate mapping results than re-
sorting to the sophisticated state-of-the-art models, in terms of both the mapping accuracy
and the model complexity. A further improvement from Sen2HSE-Net can be achieved by
modifications on the network topology.

3.3 CNN-based Approach for LCZ-based Urban Land Cover
Classification

HSE mapping results are crucial for many studies, such as identifying urban areas and re-
vealing the overall human impact on the Earth. Still, detailed LC information within the
human settlement areas is additionally favorable as it provides comprehensive information
for multiple applications, such as climate modeling and urban planning. This is studied in
Appendix C, Appendix D, and Appendix E, by exploiting state-of-the-art DL-based data
fusion approaches for urban LC classification from Sentinel-2 images. The main contents
are summarized in this section.

3.3.1 LCZ-derived Urban Land Cover Classification by Fusing Multi-
seasonal Sentinel-2 Data

Multi-temporal data fusion is a promising solution to better benefit from the massively
available Sentinel-2 images for accurate urban LC mapping. This is studied in Appendix
C and Appendix D, using CNNs for LCZ-derived urban LC classification.

A. Fusion at Three Levels: Observation-level, Feature-level, and Decision-level
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Multi-seasonal Sentinel-2 images can be fused on three levels: observation-level, feature-
level, and decision-level, as summarized in Appendix D.

Observation-level fusion is via stacking multi-seasonal inputs. Specifically, the multi-
seasonal images are stacked along spectral band dimension before inputting to a CNN, i.e.,
multi-seasonal images together are treated as one image with multiple spectral bands that
contain the ground status of different seasons.

Feature-level fusion is via temporal feature extraction by specifically designed modules. For
instance, multi-branch ResNet is followed by an LSTM module, with multi-seasonal images
as inputs to the independent branches (Re-ResNet proposed and investigated in Appendix
C). The LSTM module is integrated with the ResNet, in a way illustrated in Fig. 3.17. In
the integrated network, extracted spatial features by ResNet are sequentially inputted into
the LSTM module. This way, temporal dependencies can be extracted through the learn-
ing of temporal features, which can be complementary to the spatial-spectral information
learned by the multi-branch ResNet. The 32 × 32 × 10 input patch size makes it impossible
to employ the original or pre-trained ResNet directly. As a result, the ResNet in each branch
was adapted accordingly. Here, the filter size of the first convolutional layer of the original
ResNet was changed from 7×7 to 3×3 to maintain the spatial information within the input
image. The ResNet has four residual blocks, and each block comprises three convolutional
layers and one shortcut, which bypasses two successive convolutional layers. Each of the
convolutional layers has a rather small (3×3 pixel) receptive field with a stride of one pixel.
The number of feature maps increases when the blocks become deeper, with a doubling oc-
curring after every block. After each block, max-pooling was performed with a stride of two
pixels.

resblock	4_3 resblock	4_4resblock	4_1 resblock	4_2

resblock	1_3 resblock	1_4resblock	1_1 resblock	1_2

resblock	2_3 resblock	2_4resblock	2_1 resblock	2_2

resblock	3_3 resblock	3_4resblock	3_1 resblock	3_2

:	Global	average	pooling	+	dense	layers

LSTM

LSTM

LSTM

LSTM

Fig. 3.17. Illustration of feature-level fusion approach based on Re-ResNet. Weights of different streams are not shared.
Input is multi-seasonal images, and output is fused results of LCZ labels.

Alternatively, the LSTM module in the feature-level fusion approach can be replaced by a
non-local (NL) block for extracting the temporal features from the multi-seasonal inputs.
The NL block can be either in the beginning or in the ending stage (NL-ResNet and ResNet-
NL). NL has been shown useful for video classification by capturing long-range dependen-
cies instead of processing one local neighborhood at a time (Wang et al., 2018). The adap-
tation for LC classification was inspired by its ability to directly capture spatio-temporal
dependencies, which might be beneficial to the effective fusion of multi-seasonal Sentinel-2
images.

Decision-level fusion is via averaging softmax probabilities, which are independently pre-
dicted from multi-seasonal images. This can be done as additional post-processing after
predictions are obtained, applying approaches such as majority voting on the multi-seasonal
prediction. Alternatively, this step can be integrated as a part of the CNNs in an end-to-end
fashion, as proposed in Appendix D. Specifically, the softmax probabilities were averaged
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for the loss calculation during training. In this case, no further post-processing is needed.
An illustration of the decision-level fusion approach is presented in Fig. 3.18. The archi-
tecture mainly consists of a four-stream ResNet to learn the spectral-spatial features from
the four seasonal Sentinel-2 images. From the global average pooling of the learned feature
maps, urban LC labels can be predicted independently. Those predictions, i.e., the softmax
indicating the class probability, are then averaged as the final prediction. The four-stream
ResNet and the averaging part are seamlessly integrated into one architecture without ad-
ditional inference. Likewise, softmax probability can be predicted from the global average
pooling of feature maps learned by the first three (instead of four) residual blocks of each
stream. In this case, all eight predictions can be considered as voters for the final output. De-
pending on the number of predictions to be averaged (8 or 4), the framework is referred to as
Res ensemble 8 or Res ensemble 4. This way, the independent decisions from different sea-
sons can be harnessed for urban LC classification jointly. The overall structures of different

Fig. 3.18. Network architecture for decision-level fusion. Weights of different streams are not shared, and dropout layers
are not shown. The networks are referred to as Res ensemble 8 and Res ensemble 4 when predictions from low-level fea-
tures (the dotted lines) are considered and not considered. Input is multi-seasonal images, and output is a fused prediction.

fusion approaches, i.e., st-ResNet, NL-ResNet, Re-ResNet, ResNet-NL, and Res ensemble,
are presented in Fig. 3.19.

Fig. 3.19. Summary of various approaches to fuse multi-seasonal Sentinel-2 images for LC prediction. The backbone is used
to extract features, while modules before and after the backbone are designed to exploit the multi-temporal information.

B. Experimental Setup for Assessment

Different fusion approaches were assessed and compared for classifying LCZ-derived ur-
ban LC. The study area included seven cities locating in central Europe: Paris, Amsterdam,
Cologne, Munich, Milan, London, and Berlin. Samples of this study area, i.e., Sentinel-2 im-
agery and labels from the So2Sat LCZ42 Dataset, were prepared for training and testing the
CNN-based fusion approaches.

To fully validate the proposed fusion approaches, a cross-validation experimental setup was
designed. In total, seven test experiments were carried out: in each, data from one hold-out
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scene was used for the test, while the rest data was used for training the CNNs. This setup
can assess the generalization ability of different CNNs . The classification result of each
test scene and the accuracies averaged over all seven test scenes were then summarized for
further comparison and analysis.

The training samples were balanced by data augmentation and oversampling of classes with
fewer samples. The test samples were left unbalanced. The following strategy was applied
to overcome the potential problems arising from unbalanced samples in the test data. For
each test, 20 accuracy assessments were carried out, in which the same number of LC class
samples were randomly chosen and assessed. The number of chosen samples was bound by
the minimum number of samples of each LC class. The averaged results of the 20 repetitions
were then presented as the final accuracy. Because the problem of unbalanced test samples
has been avoided, only two metrics, overall accuracy (OA) and kappa coefficient, were used
for comparison and analysis.

C. Research Outcome

Comparison among different fusion approaches. The comparing results are presented in
Table 12, where deeper versions of CNNs, denoted by “ d”, are also considered. From the
comparison, it can be seen that decision-level fusion provides the most and second-most ac-
curate classification results, with the highest OA and Kappa. Under the category of decision-
level fusion, a further improvement can be achieved by jointly considering the predictions
from both low- and high-level features (Res ensemble 8), i.e., using eight voters instead of
four. Under the feature-level fusion category, Re-ResNet and Re-ResNet d achieve the most
accurate classification results, demonstrating the effectiveness of the LSTM block, especially
when considering the fewer trainable parameters compared to st-ResNet d. Among different
fusion approaches, decision-level fusion is superior over observation-level and feature-level
fusion. Specifically, OA and Kappa can be improved from 84.6% to 86.7%, and from 0.82
to 0.84, respectively, as compared to the sophisticated Re-ResNet with many more trainable
parameters.

Table 12. Comparison of LC classification accuracy from different fusion approaches. The values were averaged over all
seven test scenes. Bold values indicate the best accuracy achieved for the respective fusion levels. The symbol “ d” denotes
the deep versions of respective CNNs.

Fusion Approach OA Kappa # Para. (M)

Not considered

Spring 82.7% 0.79

0.282

Summer 81.2% 0.77

Autumn 82.7% 0.79

Winter 77.9% 0.74

av-ResNet 81.1% 0.77

Observation-level
st-ResNet 79.7% 0.76 0.286

st-ResNet d 79.8% 0.76 1.668

Feature-level

Re-ResNet 84.1% 0.81 0.844

NL-ResNet 83.9% 0.81 0.308

ResNet-NL 78.5% 0.74 1.369

Re-ResNet d 84.6% 0.82 7.175

NL-ResNet d 81.8% 0.78 1.690

ResNet-NL d 79.6% 0.76 7.179

Decison-level Res ensemble 4 85.3% 0.82 1.127

Res ensemble 8 86.7% 0.84 1.163

On the impact of CNN size. For all three feature-level and one observation-level fusion
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approaches, deeper CNNs with more trainable parameters do not necessarily provide con-
siderable benefits. When it does, the gain is marginal, e.g., with OA from 79.7% to 79.8%
and from 84.1% to 84.6% for st-ResNet and Re-ResNet, respectively. For NL-ResNet, the
deeper version provides even worse results, i.e., OA from 83.9% to 81.8%. When comparing
fusion results of different levels, the best approach, i.e., the decision-level fusion, is with
fewer parameters than five other CNNs. In short, the experimental results do not confirm
the generally correct and well-known rule of “deeper is better” in DL under this specific
application’s setup. One possible explanation is that the shallow versions of the CNNs are
already deep enough to capture the characteristics of the training data. For instance, the size
of the training data is not big enough, or the spatial resolution is not high enough to fully
exploit the power of deeper CNNs. In this case, the introduced additional parameters in the
bigger models only make them prone to overfitting, leading to a high training accuracy but
low test accuracy when assessed on unseen datasets. This conclusion is possibly applicable
for similar tasks on a similar scale when exploiting multi-seasonal Sentinel-2 data.

Qualitative comparisons were also carried out to complement the quantitative results in
providing more insights into the characteristics of the different fusion approaches. In par-
ticular, two subsets were chosen from the Munich, Germany area as samples, for which
urban LC maps from five representative approaches were presented and compared in Fig.
3.20. With the manually labeled polygons as a reference, Res ensemble apparently provided
more accurate classification results than both NL-ResNet d and Re-ResNet d, as the latter
approaches classified some open built-up areas as compact built-up areas, as indicated by
the noticeable larger red areas in the classification results.

NL-ResNet d NL-ResNet Re-ResNet d Re-ResNet Res ensemble 8
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Fig. 3.20. Comparison of LC classification maps overlaid on Google Earth images from different approaches, with the city
center and suburban area of Munich, Germany as examples. The polygons are manually labeled for reference with the
same legend as the LC classes. HR satellite image data is from Google, Image Landsat / Copernicus.

To summarize, it can be concluded that:

• Pixel-level LCZ-derived urban LC classification results, with a 100 m GSD, have been
obtained, using CNNs via a framework of image scene classification. The training samples
consist of Sentinel-2 image patches and LC labels.

• It is suggested that decision-level fusion should be considered with high priority over
sophisticatedly designed architectures for fusing multi-seasonal Sentinel-2 images when
the study is application-oriented.

• Feature-level fusion provides better results than observational-level fusion does. Jointly
used with ResNet, the LSTM module is effective for advancing urban LC classification
from multi-seasonal data. Larger CNNs do not always translate into higher classification
accuracy.
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3.3.2 LCZ Classification by Fusing Multi-level Features
This work aims at providing insights for the challenging task of large-scale LCZ classifica-
tion and is motivated by the following observations:

� The potential of DL-based approaches for LCZ classification, especially on a large scale,
is not yet fully explored. The main reason is that studies in the literature are based on
different datasets, usually on a regional scale, which makes it impossible to fairly and
consistently assess different CNNs.

� The complexity of the LCZ scheme might lead to a high requirement on the diversity of
learned features, and the final output features might not be sufficient to distinguish the
17 LCZ classes.

This dilemma is partly solved by the work in Appendix A, as introduced in Chapter 3.1.3, by
preparing the So2Sat LCZ42 benchmark dataset. Based on this dataset, Appendix E exten-
sively studied the performance of state-of-the-art CNNs, based on which a simple network
architecture was proposed by considering multi-level feature fusion, Sen2LCZ-Net-MF, pro-
viding competitive LCZ classification results over distinct test scenes across the world. The
main content is summarized in this section.

A. LCZ Classification from Sentinel-2 Images via a Multi-level Feature Fusion-based
CNN, Sen2LCZ-Net-MF

Our priorities are model simplicity and the use of fewer parameters, which benefit from the
following two advantages. First, a simple model might be more feasible in big-data scenarios
because a huge amount of data needs to be processed at a reasonable cost. In addition, better
and more discriminative features are encouraged to be learned by a small network with
fewer trainable parameters Hasanpour et al. (2016, 2018), thus decreasing the chance of
overfitting and enabling high generalization ability for LCZ classification on a large scale.

Following the philosophy used by state-of-the-art models, especially those aiming at sim-
plicity, our design follows the template described in Springenberg et al. (2014):

� Convolutional layers are with a fixed filter of a small size (3 × 3) for an efficient use of
parameters;

� Features maps are down-sampled to half the input resolution by using pooling layers, and
the number of the computed feature maps is doubled to 2f after each down-sampling
operation to enable hierarchical representation learning;

� Homogeneous layers are grouped into blocks for network topology to be easily managed.

The proposed simple network architecture, for LCZ classification from Sentinel-2 by tak-
ing multi-level features into account, Sen2LCZ-Net-MF, is illustrated in Fig. 3.21, where
detailed information (layer names and sizes of feature maps) about input, intermediate
learned features, and output are also shown. Sen2LCZ-Net-MF consists of a simple end-
to-end CNN, Sen2LCZ-Net, and connections to fuse multi-level features. In Sen2LCZ-Net,
there are four sequential blocks that extract features via convolutional layers from the input
patch or output of the previous block; they then abstract the learned features via average
and maximum pooling layers, providing input for the subsequent block. The use of both
average and maximum pooling layers within Sen2LCZ-Net, hereinafter referred to as the
“double-pooling layer,” ensures that more learned features or information within the input
data passes through the network for learning in a later stage. This is especially important
when the input patch size is small or has a coarse resolution, e.g., a 32×32 Sentinel-2 patch.
At the end of the last block, a global average pooling is performed, followed by a softmax
classifier for the final prediction. No additional fully connected layers are used, in order to
maintain a small model size.

The final prediction is then used for loss calculation and optimization, along with the ref-
erence label input as ground truth. When fusion of multi-level features is considered, four
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predictions are made from four outputs of the four blocks independently, the sum of which
is used for loss calculation and optimization, as illustrated by the blue lines in Fig. 3.21. Sim-
ilar to the strategy using the double-pooling layer, this multi-level fusion design is intended
to better exploit the information in input patches without introducing many more param-
eters. Low-level features from an early stage of the network can be valuable to distinguish
different types of LCZs, such as sparsely built areas and water bodies, while this information
is not guaranteed to be available in the final learned, or high-level, features. It is worth men-
tioning that this fusion idea can be implemented together with any state-of-the-art CNNs,
including VGG and ResNet. Furthermore, some state-of-the-art design ideas, such as atten-
tion mechanisms and skip connections, can be further integrated into Sen2LCZ-Net-MF.

Fig. 3.21. Architecture and details of Sen2LCZ-MF. The three light blue lines correspond to the part of multi-level feature
fusion. Note that all convolutional layers are followed by batch normalization. The depth D = 4N + 1, and the width
depends on the filter number of the first block that is doubled for each subsequent block.

B. Demonstration of Classification Results

Table 13 presents classification results from Sen2LCZ-Net-MF with selected configurations,
as well as several baseline CNNs of varying depth and size. In addition to Kappa, AA, OA,
and OA of the aggregated building-related and non-building-related LCZs, weighted accu-
racy (WA) was additionally used, in which different weights are given to different types of
mistakes on the basis of a systematic analysis of the consequent climate impact of those mis-
classfications, considering such properties as openness, height, cover, and thermal inertia.
For instance, the misclassification between LCZ 4 (open high rise) and LCZ 5 (open middle
rise) is less severe than that between LCZ 1 (compact high rise) and LCZ 9 (sparely built),
and is thus less penalized (Bechtel et al., 2017). The proposed Sen2LCZ-Net-MF(f16D17),
corresponding to a configuration of f = 16 and D = 4N + 1,N = 4, as described in Fig. 3.21,
provides the best results for all metrics except OA nb, with Kappa and AA being 0.664 and
0.587. A smaller version of Sen2LCZ-Net-MF(f9D17), corresponding to a configuration of
f = 16 and D = 4N + 1,N = 2, provides the second best results for all metrics except OA b,
with Kappa and AA being 0.644 and 0.562. Other CNNs providing comparative results in-
clude ResNet-11, DensNet, and CBAM-based ResNet-20. Considering that the top ones of
metric OA b and OA nb are all quite close and high, it can be concluded that the best results
were achieved by the proposed Sen2LCZ-Net-MF.

The bigger models with more trainable parameters, such as ResNet-50 and Xception, pro-
vides worse results. The first reason is that they are probably not well adapted for this LCZ
classification task and this dataset. Specifically, the information loss in the first layers of
these CNNs, which is due to maximum pooling layers and the larger-than-1 stride of con-
volutional layers, might be harmful for the learning of feature representations, leading the
eventually learned features ineffective for LCZ prediction.

The confusion matrix resulting from Sen2LCZ-Net-MF(f16D17) is presented in Fig. 3.22. It
can be seen that LCZs with a low producer’s accuracy (lower than 50%) include LCZ 5, 7, 10,
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Table 13. Performance comparison among various CNNs on the So2Sat LCZ42 dataset, following the same experimental
setup. The top five results are indicated in bold.

CNNs metrics

name # Para. Kappa AA WA OA OA b OA nb

Sen2LCZ-Net-MF(f16D17) 791,428 0.664 0.587 0.933 0.694 0.973 0.959

Sen2LCZ-Net-MF(f16D9) 398,308 0.644 0.562 0.928 0.674 0.957 0.967

ResNet-11 300,225 0.620 0.551 0.918 0.654 0.943 0.963

DensNet 389,189 0.631 0.550 0.924 0.663 0.964 0.962

ResNet-20 573,409 0.599 0.511 0.917 0.635 0.955 0.968

ResNet-20+CBAM 618,013 0.626 0.530 0.919 0.659 0.960 0.954

ResNet-54 1,666,145 0.609 0.527 0.918 0.642 0.960 0.957

VGG16 2,357,329 0.617 0.523 0.920 0.651 0.948 0.946

ResNet-50 8,597,969 0.559 0.481 0.894 0.597 0.876 0.952

Xception 20,843,801 0.576 0.503 0.905 0.612 0.925 0.946

ResNext+CBAM 106,172,658 0.590 0.500 0.907 0.626 0.925 0.953

B, C, and E. The main mis-classifications (higher than 30%) are between LCZ 7 and 3, LCZ
9 and 6, LCZ 10 and 8, LCZ C and D, and LCZ C and F, which are all comparably similar
LCZ types. The LCZs with high producer’s accuracy (higher than 80%) are LCZ 4, 8, A, D,
and G.

The seemingly disappointing classification results are due to the challenging setup in the
experiments, where the test samples are from completely unseen areas in spatially disjoint
regions compared to the data in the training set. It is expected that multiple approaches can
be effectively employed for further improvements, which were discussed in Appendix E.

As an example of province-scale LCZ classification, the result of Henan province in China is
presented in Fig. 3.23, demonstrating the potential of both the So2Sat LCZ42 dataset and the
proposed simple CNN architecture. A zoomed-in subregion of a rural area is visualized in
Fig. 3.24. By comparing to the HR images, it can be seen that the built-up areas are correctly
mapped by the proposed Sen2LCZ-Net-MF, which is not the case for most of the comparing
layers, i.e., the GUF, GHSL, and FROMGLC10. It can be seen that the mapped built-up areas
are comparable to the GUF layer derived from VHR SAR images. Moreover, it provides more
semantic details about the built-up areas, e.g., sparsely built-up and open low-rise areas.

C. Sensitivity Analysis of Sen2LCZ-Net-MF

The effectiveness of Sen2LCZ-Net-MF is backed up via a series of investigations on the net-
work topology and modules in the network architecture, following the same experimental
setup. In the following, some empirical findings are presented.

On the topology of Sen2LCZ-Net-MF. From the comparison in Table 14, it can be seen that
the suitable depth (D) and width (indicated by the filter number of the first block, f ) of
Sen2LCZ-Net are 17 and 16, respectively. Generally, bigger models tend to achieve higher
accuracy, and the accuracy gain quickly saturates. For instance, for the same depth (5, 9,
and 17), a wider Sen2LCZ-Net does not provide obvious benefit. One explanation is that
bigger CNNs with more parameters tend to overfit to the training data, resulting in low
test accuracy. Furthermore, for a similar amount of parameters, e.g., f16D17 and f32D5,
a deeper network provides better performance, which suggests that deep is indeed better.
Last, a deeper network with fewer parameters (e.g., f16D17, F16-L13, and f16D9) can per-
form better than its shallower counterparts (e.g., f32D5), probably due to a deep network’s
developed composition of more simple functions. In summary, the above observations in-
dicate that the suitable topology for a specific task requires investigations, in which the
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Fig. 3.22. Confusion matrix of classification result from Sen2LCZ-Net-MF(f16D17), normalized by the number of total
samples of each LCZ class.

Table 14. Test results from Sen2LCZ-Net of different depth (number of layer, D = 4N + 1) and width, which is related to
the filter number of the first block, f .

networks metrics

f D # Para. ID Kappa AA WA OA OA b OA nb

16

5 197,889 f16D5 0.611 0.526 0.911 0.645 0.910 0.971

9 394,449 f16D9 0.627 0.535 0.920 0.660 0.958 0.953

13 591,009 F16-L13 0.636 0.557 0.924 0.668 0.947 0.975

17 787,569 f16D17 0.646 0.554 0.932 0.677 0.983 0.944

21 984,129 F16-L21 0.632 0.549 0.925 0.664 0.963 0.954

32

5 782,833 f32D5 0.594 0.533 0.915 0.628 0.942 0.960

9 1,567,633 f32D9 0.608 0.523 0.920 0.642 0.959 0.973

17 3,137,233 F32-L17 0.644 0.552 0.927 0.676 0.955 0.969

complexity of the problem and available datasets play a role.

On the multi-level fusion of Sen2LCZ-Net-MF. Improvements from multi-level feature
fusion can be consistently observed for CNNs of varying size, for both Sen2LCZ-Net and
ResNet-54, as shown in Table 15. This improvement is more likely resulting from the repre-
sentation ability of the additional employed features, since there are only a few additionally
introduced parameters, i.e., those from the additional three dense and softmax layers. One
explanation is that feature fusion facilitates the use of diverse types of representations from
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Fig. 3.23. Example of large-scale LCZ classification in Henan province, China, with a total area of about 167,000 km2.

Fig. 3.24. Closer view of the large-scale LCZ classification example in Fig. 3.23, with an rural area located at longitude
113.2072° east and latitude 32.6849° north.

Water Bare soil or sand Bare rock or paved Low plants Bush (scrub) Scattered trees
Dense trees Heavy industry Sparsely built Large low-rise Lightweight low-rise Open low-rise
Open mid-rise Open high-rise Compact low-rise Compact mid-rise Compact high-rise

multiple stages. Another related explanation is that the additionally utilized feature maps
from the early layers are larger and provide valuable information, enabling an efficient har-
ness of the available training samples, which is of great importance, especially for a dataset
of potentially insufficient size (Hasanpour et al., 2016; Mishkin et al., 2017).

On the double-pooling layer of Sen2LCZ-Net-MF. Table 16 compares the results from
double-pooling layer and those from only maximum pooling layer, from which it gets clear
that it is beneficial to use average pooling in addition to maximum pooling layers for down-
sampling between blocks, as show in Fig. 3.21. This is true for Sen2LCZ-Net of varying
topologies, with and without multi-level feature fusion. This is probably because more fea-
tures and information can be exploited for a later stage within the network by simply adding
average pooling. This is important for the used medium resolution Sentinel-2 images be-
cause each pixel value represents a rather large ground area and is crucial in distinguishing
LCZs, which often depend on the neighborhood morphology. On the other hand, once cer-
tain information is lost during the feature extraction and abstraction process, it is not likely
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Table 15. Testing performance of six CNNs with (X) and without multi-level fusion (MF).

network MF
metrics

Kappa AA WA OA OA b OA nb

f16D5
0.611 0.526 0.911 0.645 0.910 0.971

X 0.628 0.528 0.920 0.661 0.949 0.959

f16D9
0.627 0.535 0.920 0.660 0.958 0.953

X 0.644 0.562 0.928 0.674 0.957 0.967

f16D17
0.646 0.554 0.932 0.677 0.983 0.944

X 0.664 0.587 0.933 0.694 0.973 0.959

f32D5
0.594 0.533 0.915 0.628 0.942 0.960

X 0.633 0.546 0.923 0.666 0.957 0.957

f32D9
0.608 0.523 0.920 0.642 0.959 0.973

X 0.635 0.554 0.920 0.668 0.954 0.966

ResNet-54
0.559 0.481 0.894 0.597 0.876 0.952

X 0.581 0.483 0.907 0.619 0.943 0.944

to be recovered. Specifically, even though maximum pooling brings selectivity and invari-
ance, it unfortunately throws away more than half of information. By contrast, average pool-
ing allows using gradients of all filters. Therefore, a combination of both types of pooling
layers can encourage a more efficient use of learned features. This is in line with previous
research that indicated that a combination of maximum and average pooling is beneficial
(Mishkin et al., 2017).

Table 16. Testing performance of six CNNs with (X) and without double-pooling layer. AM indicates the configuration
where both pooling layers, average and maximum pooling, are used. Without double-pooling layer means only maximum
pooling is used.

network AM
metrics

Kappa AA WA OA OA b OA nb

f16D5
0.577 0.514 0.909 0.613 0.964 0.924

X 0.611 0.526 0.911 0.645 0.910 0.971

f16D9
0.611 0.534 0.920 0.644 0.944 0.972

X 0.627 0.535 0.920 0.660 0.958 0.953

f16D17
0.651 0.565 0.932 0.682 0.976 0.949

X 0.646 0.554 0.932 0.677 0.983 0.944

f16D5-MF
0.622 0.524 0.919 0.656 0.949 0.960

X 0.628 0.528 0.920 0.661 0.949 0.959

f16D9-MF
0.638 0.557 0.925 0.670 0.951 0.960

X 0.644 0.562 0.928 0.674 0.957 0.967

f16D17-MF
0.648 0.561 0.929 0.679 0.964 0.976

X 0.664 0.587 0.933 0.694 0.973 0.959

To summarize, it can be concluded that:

• The So2SatLCZ42 data and the proposed simple CNN, Sen2LCZ-Net-MF, show potential
for LCZ classification on a large scale.
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• There are no guarantees on LCZ classification performance from Sentinel-2 data when
directly employing state-of-the-art CNNs proposed for datasets in the CV field. Advanced
CNNs in the literature can provide unsatisfying results for a RS-based LCZ classification
task.

• Manually tuning is required to obtain an optimal CNN topology as both network depth
and width affect the performance of Sen2LCZ-Net, and the effect is different. The benefit
of bigger models gets smaller with the increase of model size. With comparable model
complexity, a deeper Sen2LCZ-Net provides higher LCZ classification accuracy.

• Additionally utilizing low-level features in a fusion manner can provide obvious improve-
ments in LCZ classification accuracy, which is validated for both the proposed Sen2LCZ-
Net and state-of-the-art ResNet.

• When abstracting features for subsequent blocks, jointly utilizing maximum and average
pooling layers is beneficial, compared to only using maximum pooling layers, which is
true for Sen2LCZ-Net(-MF) of different topologies.

3.4 Multi-task Learning for HSE Regression and LCZ Clas-
sification

In Appendix F, the concept of MTL was introduced to RS-based HSE regression and LCZ
classification for the first time. An application-driven end-to-end CNN architecture to real-
ize the MTL concept was developed and assessed. This work was built upon the following
observations and assumptions based on previous work and literature review.

� Compared to the binary mapping of HSE (Chapter 3.2), HSE regression can provide richer
information about the density of impervious surfaces and built-up areas, and thus desires
an investigation in the context of DL.

� Urban HSE and LCZ maps are both essential sources for various applications, such as
sustainable urban development, disaster management, and UHI studies. Also, they are
closely correlated. Specifically, HSE density maps depict the HSE areas at a higher spatial
resolution, while LCZ classification maps further qualifies the detected HSE areas into
individual neighborhood-based LCZ classes with more semantic details at a lower spatial
resolution.

� Most of the existing DL methods focus on only one specific LC classification scheme,
usually on a local scale, resulting in unnecessary redundancies in computational power
and cost. At the same time, the learned features could be better leveraged for related tasks.

� The results of both HSE regression and LCZ classification tasks can be potentially im-
proved by properly relying on MTL, especially in terms of generalization ability, as more
representative features can be possibly learned during the joint optimization process.

3.4.1 A Generalized Framework and Implementation Details
A Multi-task Learning Framework for Urban LC Mapping on Different Scales

Urban LC mapping, with a focus on built-up areas, can be achieved at different spatial and
semantic levels. When considering HSE regression and LCZ classification tasks, it can be
seen that these tasks prioritize spatial and semantic resolution in a complementary man-
ner. The LCZ scheme places emphasis on high semantic resolution with 17 classes, while
the density of HSE has fewer semantic details with a focus on man-made structures but
at a higher spatial resolution. The complementary relationship is expected to support the
learning of each task and lead to an increased use efficiency of the training data. This also
ultimately leads to faster convergence during training and reduced production time as both
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HSE and LCZ mapping can occur in parallel. Moreover, higher accuracy can be possibly
achieved for both tasks, when compared to single-task models, considering that more rep-
resentative features might be learned via joint optimization.

To this end, a generalized MTL framework was proposed, as illustrated by Fig. 3.25, and
some important elements are described in the following.

� A backbone network. This is in the early stage of the network to learn some general fea-
tures for both tasks. This can be implemented as state-of-the-art CNN architectures, such
as VGG and ResNets. Unlike natural images, e.g., those used in CV, the spatial resolution
of Sentinel-2 data is lower. Therefore, pooling layers are undesired within the backbone
network, especially when aiming for a spatial resolution as high as 20 m for the HSE
density predictions from the 10 m input data.

� Task-specific network branches for dedicated feature learning. They adaptively select fea-
tures from the common representations and further learn specific and high-level features
for the individual tasks. They can be implemented as convolutional operations, attention
modules or “Squeeze-and-Excitation” blocks Hu et al. (2018).

� Decoder modules to recover a required resolution of the predictions. They can be imple-
mented as transposed convolutions or upsampling layers. To retain clear boundaries, low
level features might need to be considered, e.g., via skip connections as implemented in
FCNs.

� Modules to exploit task relation. The reference of one task can be employed as prior in-
formation to guide the prediction of the other task. In this way, consistent and accurate
predictions are encouraged in the MTL framework. Under this setting, GT of one task can
be used as the prior information at training time when GT is available. During inference,
where there is no access to GT, the prior information can be the predictions of one task.

Fig. 3.25. Generalized MTL framework for HSE density regression and LCZ classification, consisting inputs, a backbone
network, task-specific networks, and decoder modules. The inputs for network training are images and the corresponding
reference labels of each task.

Implementation Details

One possible implementation of the introduced MTL framework is illustrated in Fig. 3.26,
which consists of a feedforward backbone network followed by two branches for HSE regres-
sion and LCZ classification, respectively. Each of the two branches begins with a attention
module, i.e., CBAM, for an adaptive selection and learning of task-specific representations.
The architecture is primarily consisting of convolutional layers and pooling layers, with de-
tails listed in Fig. 3.26. All 3 × 3 convolutional layers were using separable version for the
sake of efficiency. All pooling layers were with a kernel size of 2 × 2 with a stride of 2, de-
creasing the size of feature maps by half. Maximum and average pooling layers were used
together for abstracting learned features within the architecture to preserve sufficient fea-
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tures. The final output of for both tasks were decided the desired GSD of respective predic-
tions, i.e., about 20 m and 100 m. To avoid overfitting during training, one and two drop-out
layers were utilized in HSE regression and LCZ classification branch, respectively (omitted
in the illustration), with the dropout rate set as 0.1.

For the HSE regression task, the last layer is activated with a sigmoid function instead of a
softmax function. Mean absolute error (MAE) was used as the loss function to consider the
potential noises in the reference data. Considering fact that there were more samples located
in sparse human settlement areas, a relatively high weight was assigned to the samples
representing dense human settlements. The sample weight was decided based on: ey hse,
where y hse ∈ [0,1] is reference label of HSE density.

For the LCZ classification task, predicted softmax probabilities from intermediate lower-
level, features were also used for the loss calculation, in addition to the final prediction.
Specifically, for each input patch, three 1× 1 convolutional and softmax layers were used to
independently predict three results using the intermediate features (the three gray dotted
lines in Fig. 3.26). This is to fully exploit the features at different levels for the elaborate
LCZ scheme, which requires a diversity of representations to distinguish the 17 distinct
LCZ classes. Together with the result from the final learned features, these four results were
all upsampled to the same size as the prepared reference label patches. In the end, all four
patches of predicted softmax probabilities were averaged into one final patch for the loss
calculation of the LCZ branch, using a softmax cross entropy.

Fig. 3.26. Illustration of the implemented MTL network architecture for HSE regression and LCZ classification. The two
task-specific network branches are indicated by two different colors. The size of inputs, feature maps, and outputs are also
listed.

HSE and LCZ classification do not merely share similar properties, which motivated the
implicit exploitation of MTL framework, but the HSE density is, furthermore, explicitly
affecting the categorization of a subset of LCZs. For instance, an area with a dense HSE can
not be a LCZ that does not correspond to built-up areas, such as dense trees, water, and low
plants. Following this principle, a module called predictions as features (P2F) is designed to
exploit this prior knowledge within the proposed MTL framework, the implementation of
which is inspired by Kohl et al. (2018).

The main idea is to use the HSE predictions as a prior for classification of LCZs, as illustrated
in Figs. 3.25 and 3.26. This should yield improved results for LCZ classification considering
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that the HSE predictions from DL models have been shown with satisfying quality (Qiu
et al., 2020b). The P2F module is used in a different manner during training and test time.
Since HSE GT reference is available at training time, it can be utilized as an additional input
for the LCZ classification branch. During test time, the prior is obtained from predictions of
the HSE regression branch in the MTL network, as indicated in 3.25. In this way, the system
still solely relies on a single image as its input at test time.

Dynamically Balancing Weights

One of the challenges in MTL is how to balance involving tasks, which is most commonly
implemented by weighting the contribution of each loss in the multi-task loss function sub-
ject to optimization. When the importance of these tasks are comparable, and their losses
are of the same order of magnitude, all weights can be simply set as 1. It, however, is often
not the case in reality. Considering that manually tuning these weights as hyperparame-
ters is tedious and time-consuming, approaches to automatically determine the weights are
desired and have been investigated in the literature (Kendall et al., 2018; Guo et al., 2018).

Likewise, an approach was implemented to dynamically weight the HSE regression and
LCZ classification tasks based on homoscedastic uncertainty, as introduced by Kendall et al.
(2018). Specifically, the multi-task loss function is

LMT(WHSE/LCZ,σHSE/LCZ) =
1

2σ2
HSE

LHSE(WHSE)+
1

σ2
LCZ

LLCZ(WLCZ)+logσHSE +logσLCZ (3.1)

where LHSE/LCZ is the MAE and cross entropy loss for HSE regression and LCZ classifi-
cation task, respectively, WHSE/LCZ are the trainable parameters from the network layers
of respective branch, and σHSE/LCZ are weighting parameters that control the contribution
of the individual tasks. The variables for the input and reference data, X, Y, are omitted
in the above equation. The regularization terms logσHSE/LCZ prevent trivial solutions for
σHSE/LCZ → −∞. We optimized the weighting terms along with the network parameters as
sHSE/LCZ := logσ2

HSE/LCZ due to numerical stability (Kendall et al., 2018).

3.4.2 Experimental Setup
The proposed MTL framework as well as the network architectures were assessed by ex-
periments. Dataset to train models, dataset for accuracy assessment, and hyperparameter
settings will be introduced in the following.

Training Dataset

A training dataset needs to be prepared to train the developed CNN, which should include
both reference data (HSE density and LCZ labels) and image patches. Similar to the afore-
mentioned two datasets, Sen2HSE Dataset and So2Sat LCZ42 Dataset, Sentinel-2 data is
used and processed in the same manner. An Example of these necessary input data is shown
in Fig. 3.27.

To be consistent with previous work, the training dataset was prepared as follows. Training
data was collected in the same areas as the Sen2HSE dataset, i.e., five European cities. Differ-
ent from Sen2HSE dataset, HSE density is represented by continuous values indicating the
percentage of HSE. Additionally, pixel-wise LCZ labels were prepared for each patch. All
these three kinds of data were co-registered. As with the Sen2HSE dataset, Processed data
was cropped into patches of 128× 128 pixel with a stride of 96 pixel. Also, the training and
validation split is kept the same, i.e., a spatially disjoint about 25% part of each scene was
kept as validation data while the rest was used for training.

The LCZ reference for the training areas was from the crowdsourcing data within the WUD-
PAT project (Ching et al., 2018). To be co-registered to the image patches, LCZ reference was
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Fig. 3.27. Processed Sentinel-2 image (left) and the reference data (middle: HSE density; right: LCZ), with an example in
Berlin, Germany.
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Fig. 3.28. Number of LCZ labels for LCZ classification assessment.

upsampled to 10 m. At test time, LCZ predictions with a GSD of 100 m were produced by
skipping the upsampling process, consistent with state-of-the-art LCZ-related studies.

Test Dataset and Accuracy Assessment

For assessment of the HSE regression task, two test datasets were used. The first one cov-
ers three test scenes in Europe, i.e., Amsterdam, London, and Munich. The available data
of HSE density was prepared in the same way as in the training data, thus MAE was used
as one accuracy metric. To test the HSE regression performance on a large scale, visualiza-
tion and comparison to HR images were carried out. In addition, the predicted results were
aggregated into binary results and tested against ground checking points, in the same way
as described in Table 5 in Chapter 3.2, i.e., using uniformly distributed manually labeled
checking points from ten scenes across the world. This can provide an estimation of the
generalization ability of the MTL framework trained on the data from the European area.

To assess results of the LCZ classification task, the same ten test areas were chosen, using
reference labels from the So2Sat LCZ42 dataset (Appendix A). The number of test samples
for each scene is shown in Fig. 3.28.

Hyperparameters Setting

All models in this study were implemented in Keras for TensorFlow and trained from
scratch. The basic hyperparameters for network training include a batch size of 8 and a
initial learning rate of 0.002 for the Nesterov Adam optimizer. Learning rate is decreased by
0,25 after every two epoch. To control the training time and avoid overfitting, early stopping
was used and the monitored metric was validation loss with patience of 10 epochs, which
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means that the training was stoped if the validation loss did not decrease for 10 epochs.

3.4.3 Results and Conclusions
Quantitative Assessment

Table 17 presents evaluation results of HSE regression on the first test dataset over three
scenes in Europe, and compares the performance of different approaches and configura-
tions, including single task and multi-task learning using different strategies of feature ex-
ploitation and task weighting.

Table 17. Comparison of results from different approaches tested in Europe. The values were averaged over three test areas
within Europe. For each metric, the top two best results were marked in bold.

Configuration
density aggregated into binary

MAE Kappa AA Recall F

single task learning 4.24 0.76 0.92 0.91 0.94

MTL

1:1
4.55 0.69 0.90 0.86 0.91

P2F 4.39 0.71 0.90 0.87 0.92

learned

4.49 0.76 0.91 0.91 0.94

P2F 4.12 0.79 0.91 0.93 0.95

no CBAM 4.14 0.77 0.92 0.92 0.95

Table 18 presents evaluation results of HSE regression and LCZ classification over ten test
scenes. Metrics for evaluation include Kappa, AA, and Recall and F-Score of HSE. For LCZ
classification, WA was additionally used, as in Chapter 3.3. A detailed comparison of each of
the ten test scenes is presented in 3.29 and 3.30 for HSE regression and LCZ classification,
respectively.

Table 18. Comparison of results from different approaches tested outside Europe. The values were averaged over ten test
scenes across the world. For each metric, the top two best results were marked in bold.

Configuration
HSE LCZ

#Para.
Kappa AA Recall F OA Kappa AA WA

single task learning
0.78 88.79 93.02 0.89 151,491

47.84 0.41 34.13 85.43 1,525,062

MTL

1:1
0.77 88.55 94.45 0.89 49.51 0.42 33.79 87.73 1,542,089

P2F 0.78 88.95 92.21 0.90 43.97 0.37 30.95 81.73 1,546,458

learned

0.80 89.95 91.82 0.90 48.13 0.42 36.09 88.09 1,542,091

P2F 0.80 90.04 90.32 0.90 50.11 0.44 36.37 88.13 1,546,460

no CBAM 0.81 90.36 92.38 0.91 45.33 0.38 31.69 83.18 1,512,920

In the experiments, joint prediction can provide benefits for both tasks. This improvement
is primarily from applying the MTL framework that includes the weighting strategy, the
P2F module, and task-specific modules. It is worth mentioning that only a few additional
parameters were introduced by the MTL approaches, as listed in Table 18.

Simply weighting the two contributing single-task losses equally (1 : 1) only resulted in
a slight improvement in OA and Kappa for the LCZ classification task. When using the
dynamically learned weights, the improvement became apparent, with AA being improved
from 88.79% to 89.95% and from 34.13% to 36.09% for HSE and LCZ results, respectively,
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Fig. 3.29. OA and AA of HSE regression results from different approaches. The last column (mean) represents the averaged
results over all ten test scenes.
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Fig. 3.30. OA and Kappa of LCZ classification results from different approaches. The last column (mean) represents the
averaged results over all ten test scenes.

as shown in Table 18. This shows that the dynamic weight learning strategy plays a critical
and positive role in the MTL performance.

The proposed P2F strategy, i.e., using HSE regression results as features for LCZ classifi-
cation, can further demonstrate the effectiveness of MTL. This configuration provides the
best results among all investigated approaches for the LCZ classification task in terms of
all assessment metrics. Again, this is a distinct improvement over single-task learning, with
Kappa being improved from 0.41 to 0.44 and OA being improved from 47.84% to 50.11%,
respectively. This improvement in LCZ classification accuracy can be attributed to the in-
troduced guidance from the HSE regression task. Intuitively, the candidate LCZs can be
narrowed down when the HSE regression task already identifies built-up areas in a given
area. This piece of useful information from HSE regression is effectively leveraged for LCZ
classification in the experiments, leading to a further improvement over baseline MTL ap-
proaches. It can also be noticed from Table 18 that P2F can not provide improvements when
the task weights were 1 : 1, which indicates the importance of an appropriate weighting
strategy in MTL.

Task-specific feature learning modules, i.e., CBAMs utilized in the experiments, are impor-
tant for gaining benefits from the MTL framework. This can be proved by comparing the re-
sults with and without CBAMs in Table 18. All metrics for LCZ classification are worse when
removing CBAMs from the CNN architecture. A potential reason is that HSE regression and
LCZ classification each require some different representations, which is not satisfied in the
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Fig. 3.31. Joint prediction results in New York City (NYC), USA. From left to right are results of HSE regression and LCZ
classification, and HR image for interpretation reference, respectively.

absence of attention modules as a feature selection process.

Qualitative Assessment

An illustration of the MTL predictions is presented in Figs. 3.31, 3.32, and 3.33 for test
scenes in New York City (NYC), Rio de Janeiro, and Sydney, respectively. HR images were
presented along with the predictions as interpretation references. Both HSE regression and
LCZ classification results are with realistic urban structures.

Conclusions

Jointly considering the accuracy assessment with respect to the GT reference in Table 18 and
Figs. 3.29 and 3.30, and visualizations at different locations in Figs. 3.31, 3.32, and 3.33, it
can be concluded that:

• The proposed conceptual MTL framework for HSE regression and LCZ classification, as
well as the implementation, is indeed valid. The generalization ability of MTL is higher
than that of single-task learning when tested on a large geographical scale. The MTL
framework can provide a competitive solution for both tasks. Overall accuracies of 90%
for HSE and 50% for LCZ classification were achieved when tested on ten distinct scenes
across the Globe. The results are higher than those from single-task learning and also
among state-of-the-art.

• Dynamically learned task weights perform better than pre-selected fixed weights. Predic-
tions of the HSE regression task can be used as features to improve the LCZ classification
accuracy within the MTL framework.

• HSE regression task can provide more details about the density of HSE areas, and the
regression results, after aggregated, keep a comparable accuracy with the binary classifi-
cation results in Chapter 3.2.

• This study demonstrates the potential of the MTL setting for large-scale urban analysis by
making full use of the complementary features of different tasks via joint optimization.
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(a) HSE regression

(b) LCZ classification

(c) HR reference image

Fig. 3.32. Joint prediction results in Sydney, Australia.
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(a) HSE regression

(b) LCZ classification

(c) HR reference image

Fig. 3.33. Joint prediction results in Rio de Janeiro, Brazil.
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4 Discussion

T his dissertation is to develop suitable DL frameworks for urban LC mapping on differ-
ent semantic scales, i.e., using different classification schemes, from Sentinel-2 data,

with the aim of high generalization ability over a large geographic area. Investigations, ap-
proaches, and results are summarized in Chapter 3. The arising issues along the investiga-
tions will be discussed in this chapter.

4.1 Multi-scale Urban Land Cover Schemes

As introduced in Chapter 2, there has been a variety of urban LC mapping schemes in the
literature, which can be grouped into two catalogs, i.e., urban extent mapping and intra-
urban mapping. In this thesis, the adopted HSE scheme for urban mapping belongs to the
first catalog, and the adopted LCZ, as well as LCZ-derived LC schemes, belongs to the sec-
ond catalog.

Consistency among urban LC schemes has been recognized as a crucial concern (Congal-
ton et al., 2014; Grekousis et al., 2015). However, a generally agreed definition of “urban”
across countries and regions is not yet available. Two related descriptions are “urban ag-
glomeration” (a contiguous territory inhabited at urban levels of residential density), and
“metropolitan area” (comprising an urban agglomeration and surrounding areas at a lower
settlement density but with strong economic and social linkages to the central city) (United
Nations, 2018). These different definitions indeed cause inconsistent estimation of the global
urbanization status (Liu et al., 2014). To answer precisely the question of “what does urban
mean?” is getting more challenging in the process of suburbanization, where many types
of intermediate spaces (towns and cities) become harder to classified into either “urban” or
“rural” than at first glance. Except for the morphological identification, e.g., by building
density, functional identification also needs to be jointly considered, e.g., by factors such as
commuting flows, and number and income of inhabitants, which is beyond the scope of this
thesis.

Under this context, national or global LC products are of great importance towards a precise
and objective definition and depiction of “urban”. The urban LC mapping results can be
used in multidisciplinary research for various applications, such as statistical analysis of
public health and economics. To this end, it is vital to analyze the urban LC mapping results
even though it is challenging to extract a holistic description, particularly for large-scale
mapping.

In this thesis, the HSE and LCZ scheme were selected to represent two extreme cases on
different semantic and spatial resolution scales. While the LCZ scheme has an explicit def-
inition classifying urban areas into 17 distinct zones, the HSE scheme is not as clear due
to the inherent complexity of the urban landscape. Hence, the HSE mapping results need
to be further analyzed. In addition to proposing a generalized framework to map HSE on
a large scale, work in Chapter 3.2 reveals the consistency and the varying characteristics of
HSE-like products, such as the GHS built-up grid, GUF, FROM-GLC10, and HMGUL. These
differences are visualized in Fig. 4.1 for four distinct areas around the world, and Fig. 4.2
for 18 predefined subsets from six test scenes across the world.

From Figs. 4.1 and 4.2, we can see that,

� Both GHSL and HMGUL include not only buildings but also other impervious surfaces,
such as roads and parking lots, which is similar to the HSE results in this thesis, even
though they are not focused on impervious surfaces, as indicated by the scheme names.
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Fig. 4.1. Comparison of HSE-related datasets. Red areas are the mapped areas from existing products. Four distinct areas
are chosen to present highly heterogeneous urban structures from different parts of the world.

This is because the employed MR or HR data is not sufficient to exclude small gaps among
buildings, especially when these areas are covered by the same materials as the buildings
and thus bear a similar spectral signature. It is thus challenging to distinguish these areas
within the super-class of impervious surfaces when only relying on the spectral informa-
tion from optical satellite data.

� By contrast, GUF does not contain such impervious surfaces, as can be seen from the
red regions in Fig. 4.2. This is because GUF focuses more on vertical building structures,
with roads and paved surfaces being removed during the post-editing period Esch et al.
(2017). It is also due to the peculiarities of the SAR images used for the production of GUF.
The local speckle information and the texture information in SAR data make it possible
to specifically detect vertical structures, such as buildings Klotz et al. (2016); Qiu et al.
(2018b). For instance, airport terminals are characterized by stronger back-scattering sig-
nals than airstrips, even though they might contain the same materials. Moreover, in GUF,
some sparse trees can be mistaken as buildings, as shown in the first and third subset of
Nairobi in Fig. 4.2, which might be a side effect of the peculiarities of the SAR data.

� FROM-GLC10 and HMGUL, shown in Fig. 4.1, are subject to apparent omission errors in
Mumbai and Tokyo, respectively. This might be caused by the employed Landsat data or
classification algorithms.

� As shown in the second subset of Rome, the first subset of San Francisco, and the third
subset of Sydney, error-prone areas for GHSL are forests and water bodies, which is prob-
ably due to the similar spectral signatures among these LC types
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mapped only by our results not mapped only by our results mapped only by GUF not mapped only by GUF
mapped only by GHSL built-up grid not mapped only by GHSL built-up grid mapped by all 3 datasets

Fig. 4.2. Closer view of mapping results in three subsets of six sample test scenes distributed across the world, overlaid on
HR images. HR images are also shown for detailed interpretation.

It should be mentioned that all comparisons are intended to analyze these different prod-
ucts under similar mapping schemes and provide an assessment reference for the mapping
results in this thesis. The occasional inferior performance of these comparing products is
certainly partially due to the temporal gaps in data collection: the ongoing global urban-
ization might have changed many formerly suburban areas in developing countries into
newly built-up areas since these datasets were released. This issue highlights the necessity
for more up-to-date worldwide HSE information, despite the existing products: GUF, with
its unprecedented spatial resolutions, the GHS built-up grid, with its multi-temporal reso-
lution, and FROM-GLC10, with its detailed semantic information.
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Fig. 4.2. Continued.

4.2 Absence of Accurate and Sufficient Ground Truth Data

There are mainly two roles for reference data: accuracy assessment and training supervised
learning models. This section will mainly analyze its second role based on the insights
gained from this thesis.

As is well recognized, data volume is the key to the remarkable success of DL. Two bench-
mark datasets, i.e., So2SatLCZ42 (Appendix A) and SEN12MS (Schmitt et al., 2019b), have
been prepared, with the thesis’s author as a contributor. Yet, a primary challenge for DL
in RS applications is the scarce availability of massively annotated datasets, especially for
pixel-level recognition tasks when using F-CNNs. To overcome this challenge and unlock
the full potential of DL for large-scale urban LC mapping, promising paths are making
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Fig. 4.2. Continued.

use of the rich geocoded products in the field of RS, the development of unsupervised ap-
proaches, and data augmentation techniques.

In the proposed framework for F-CNN-based large-scale HSE mapping in Chapter 3.2,
geocoded data only available in Europe is used as the reference, to relieve the burden of
large dataset annotation. The accuracy of test scenes within and beyond Europe shows no
big gaps in Kappa and AA for the proposed simple F-CNN and state-of-the-art U-Net. This
suggests that the trained models can generalize over geographical areas across the globe
when using geocoded data and Sentinel-2 data for HSE mapping, which also indicates the
overall consistency of the multispectral Sentinel-2 data in spectral signatures of urban sur-
faces on a large scale.

Many urban-related geocoded products are available across the world but might be sub-
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jected to errors, due to the fast development of cities in the era of global urbanization. An ex-
ample is the GUF data released in 2017, since when new buildings might have been spring-
ing up in developing areas. These kinds of potentially noisy data can still be harnessed as a
reference to improve urban LC classification, e.g., by considering label smoothing (Müller
et al., 2019). For instance, improvement in urban mapping of a specific ROI can be achieved
by finetuning a model on the geocoded data of this area. Since such reference might be sub-
ject to errors, robust loss functions can be used during the finetuning process, in a fashion
of weakly supervision learning. This is demonstrated in (Qiu et al., 2020a), where robust
loss functions are used during optimization, in such a way that the effect of potential errors
in the reference data can be mitigated.

When massive GT data and geocoded products are unavailable, for instance, for a com-
pletely new task, and only a small training dataset is available, one solution can rely on
data augmentation techniques, such as cropping, padding, and horizontal flipping of the
training patches. Studies in this thesis also used data augmentation techniques for urban
LC classification in Appendix C and D. Besides enlarging the dataset for model training,
data augmentation can also diversify the training samples, and thus enhance the robustness
by achieving invariance of the trained models.

Another solution to the problem of annotation scarcity is unsupervised learning and trans-
fer learning (Jing and Tian, 2019). The core idea is to learn strong representations from
data, for which a variety of constraints can be employed to train a model without relying
on labels, e.g., using the commonly used reconstruction loss in unsupervised frameworks.
Moreover, self-learning can be a candidate approach to learning features from pretext tasks,
e.g., using constraints on context similarity and spatial context structure. Once powerful
representations have been learned, the pre-trained models can be used in new tasks. For
such scenarios, both the prepared datasets, SEN12MS and So2SatLCZ42, can be used dur-
ing the first feature learning stage. The learned features can be used for related downstream
tasks, such as classifying crop types and LC. Under that setting, with pre-trained models,
only a small amount of additional labels is needed to finetune the DL models.

4.3 Data Fusion for Urban Land Cover Classification

The fusion of Sentinel-2 data is often considered to be beneficial for applications in the
literature (Corbane et al., 2019; Lang et al., 2019), at least implicitly by combining data
from multiple seasons. This way, diversity in the data can be increased, potential corrupted
values can be compensated, and learned features can have higher distinguishability, e.g.,
by encoding the temporal changes of certain LC. The work in this thesis has also shown
that it is indeed a fruitful direction to fuse data and features for urban LC mapping from
multispectral Sentinel-2 data. The following is a summary.

� F-CNN-based HSE mapping in Chapter 3.2 was based on an implicit fusion of multi-
seasonal Sentinel-2 data, where data from three different seasons was combined when
preparing the Sen2HSE Dataset.

� Aiming at an accurate classification of LCZ-derived urban LC, work in Chapter 3.3.1 was
built around an investigation of different fusion strategies of multi-seasonal Sentinel-2
data at observational-, feature-, and decision levels. It has shown that decision-level fu-
sion is the most powerful, and feature-level fusion is also relatively effective.

� The highest LCZ classification accuracy achieved on the benchmark So2SatLCZ42 dataset
in Chapter 3.3.2 was mainly resulting from a fusion of multi-level features to exploit more
information from given input data.

� Towards accurate and efficient joint prediction of HSE and LCZs, the proposed MTL ap-
proach in Chapter 3.4 was implicitly fusing labels from the two tasks to train shared
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weights, enabling a relatively higher generalization ability across geographical areas.

The following sections will further discuss these studies from the aspect of data fusion.

4.3.1 Multi-temporal Data Fusion
A comparison of classification accuracies resulting from approaches with- and without con-
sidering temporal information (in Table. 12) reveals that overall urban LC classification ac-
curacy can be improved by the use of the temporal information contained in multi-seasonal
Sentinel-2 data, as both OA and Kappa are higher when exploiting temporal information.
Even simply stacking multi-seasonal images and processing them with ResNet can improve
OA and Kappa from 77.9% to 79.8% and from 0.74 to 0.76, respectively, compared to us-
ing a single-seasonal image as input. When comparing results from single-seasonal data
across different test scenes in Fig. 4.3, another observation is that the accuracies for Munich
in summer and Paris in spring are relatively high, and the accuracies for Milan in sum-
mer and autumn are low. This means that it is not possible to identify whether any specific
season dominated the others for all test cases, due to the varying characteristics of these
test scenes concerning factors such as climate, culture, and urban LC structure. Both of the
above findings suggest that multi-temporal information should be considered for such ur-
ban LC classification tasks. This is also feasible, as we are living in the “golden era of EO,”
which is characterized by an abundance of sensors, which regularly provide new RS data. In
the process of exploiting multi-temporal information, attention should be put on the spe-
cific chosen period by considering LC and land-use change during the period, as we are
currently living in a rapidly urbanizing world.
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Fig. 4.3. OA and Kappa from different approaches. The training samples for each city are from the other six cities. The last
column (Mean) represents the averaged results over all seven test cases.

Varying approaches to fuse multi-temporal Sentinel-2 data have been developed and as-
sessed in Chapter 3.3. Through a systematic comparison for the LCZ-derived urban LC clas-
sification task, it has been found that decision-level fusion is better than both observation-
and feature-level fusion approaches, with feature-level also demonstrating effectiveness rel-
atively, compared to observational-level fusion and no fusion.

The aforementioned conclusions based on work in Chapter 3.3.1 are application-driven and
conditional on the experimental setups. It is worth mentioning that decision-level fusion can
also be coupled with feature-level fusion: by replacing the ResNet-based with Re-ResNet-
based backbone in the multi-branch CNNs. Last but not least, feature-level fusion itself is
an interesting topic, with novel algorithms being proposed in the field of CV for many tasks
related to sequential data, such as video processing. Its inferior performance shown in the
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experiments does not mean that it is less worthy of investigating than the decision-level
approaches.

The dataset size also plays a role in the conclusions, as the amount of training samples
directly affects the performance of CNNs. Therefore, it might be possible that the poten-
tial of feature-level fusion has not been fully exploited in the experiments. The impact of
the dataset size on the LCZ classification accuracy is illustrated with seven experiments in
Fig. 4.4, where st-ResNet and Re-ResNet were applied using different numbers of training
samples. The improvement in averaged accuracy (AA) obtained by using Re-ResNet over
st-ResNet is apparent when more training samples are available, while no benefits can be
observed with fewer training samples.
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Fig. 4.4. AA difference between Re-ResNet and st-ResNet, with respect to the number of training samples. A negative value
means that Re-ResNet does not provide improvement over st-ResNet. AA is used to address the class imbalance problem.

Finally, it should be noted that the used Sentinel-2 data was processed in such a way that
the observation-level fusion was considered, as described in Chapter 3.1. Almost all ex-
isting global LC products relied on multi-temporal data fusion at observation-level in the
data preparation procedure, to ensure the global coverage, to improve the distinguishabil-
ity between vegetation and urban classes, and to lower the impact of missing values due to
problems such as cloudy weather (Schneider et al., 2009). Similarly, decision-level fusion is
also often used for production, with traditional ML approaches, referred to as boosting or
ensemble classification techniques (Schneider et al., 2009).

4.3.2 Multi-level Feature Fusion within CNNs
To reveal the effect of multi-level feature fusion within CNNs, six experiments were carried
out on the challenging So2Sat LCZ42 dataset using the proposed Sen2LCZ-Net in Chapter
3.3.2. It is consistently shown that utilizing low-level features together with the final learned
high-level features can improve the LCZ classification accuracy, regardless of the depth and
width of Sen2LCZ-Net. This is also confirmed with a state-of-the-art ResNet. For instance,
Kappa and AA can be improved from 0.646 to 0.664 and from 55.4% to 58.7% by fusing
multi-level features, using Sen2LCZ-Net. When using ResNet-54, Kappa and AA can be
improved from 0.559 to 0.581 and from 48.1% to 48.3%.

Two main factors might be responsible for the effect of feature fusion. One is the LCZ clas-
sification scheme, which by definition, considers the surrounding contextual environments
on a local scale and, at the same time, requires detailed information about the areas, such as
the materials of LC. This characteristic requires diversified learned features to correctly clas-
sifying different LCZs, which can be facilitated by a fusion of multi-level features. Another
factor is related to the used training dataset. The patch size is 32 × 32, which was decided
based on the definition of the LCZ classification scheme and the desired 100 m GSD of LCZ
maps. This patch size might be insufficient for feature learning, especially considering the
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not-very-high spatial resolution of Sentinel-2 data. Also, the So2Sat LCZ42 dataset might
still not be sufficiently large for the challenging task of LCZ classification, while it is al-
ready the biggest of its kind. These characteristics of the dataset together make information
loss during feature learning particularly harmful. The potentially lost valuable information
can be compensated when employing feature fusion.

4.3.3 Other Directions for Fusion

One direction worth exploring is multi-source data fusion, which is a hot topic in RS in
the era of big EO data and has been shown powerful for many applications (Ghamisi et al.,
2018b). Likewise, the task of urban LC classification can benefit from multi-source data
fusion because height and spatial distributions, which represent the physical characteristics,
are hard to interpret if only relying on single-source two-dimensional data. Ancillary data,
such as LiDAR point cloud and slope and aspect data derived from an elevation model, can
improve the achievable classification results. For instance, the production of WSF2015 has
demonstrated the potential of fusing Sentinel-1 SAR and Landsat optical data (Marconcini
et al., 2019). With an RF classifier, a global 30 m impervious surface map was produced by
the joint use of multi-source multi-temporal RS datasets, including Landsat-8 operational
land imager (OLI), Sentinel-1 SAR, VIIRS NTL, and MODIS imagery (Zhang et al., 2020).
Previous work of this thesis’s author in (Qiu et al., 2018a) and (Li et al., 2020) also proved
the value of multi-source data fusion, where Landsat-8 data, Sentinel-2 data, VIIRS-based
NTL data, and auxiliary data (OpenStreetMap and GUF) was investigated for urban LC
classification.

In the direction of decision-level fusion, CNNs of different architectures can be combined to
achieve more accurate results in an ensemble fashion, which has been shown effective, espe-
cially on small datasets (Xu et al., 2020). This was observed very early and is now commonly
used for obtaining top results in classification challenges. Its effectiveness is due to the pres-
ence of several local minima for classification problems. Therefore, even repeated training
of the same model can lead to different outputs. It should be mentioned that an ensemble
does not necessarily increase the computation time or cost (e.g., training a CNN multiple
times) (Cireşan et al., 2012). Instead, the ensemble spirit can be realized at different levels,
e.g., by multi-column and multi-branch architectures, where the training only needs to be
carried out once (Chollet, 2017; Gastaldi, 2017; Dutt et al., 2019). Even with a single-branch
architecture, an ensemble can be carried out through special training strategies, e.g., trying
to pass multiple local minima during the training process (Huang et al., 2017a).

4.4 Potential of DL for Urban Land Cover Classification

Investigations in this thesis have demonstrated the potential of CNNs for urban LC classi-
fication on multiple semantic scales, including HSE regression and LCZ classification, from
spaceborne Sentinel-2 data. The demonstration includes quantitative assessments from
sampled test scenes across the Globe, city-scale visualizations, and large-scale mapping ex-
amples in Henan province, China, and in Denmark, with a total area of about 167,000 and
42,933 km2, respectively. Given the current conditions, i.e., insufficient GT data, generaliza-
tion ability is the key to more efficient and accurate large-scale urban LC mapping. Improv-
ing the generalization ability of DL models means decreasing the possibility of overfitting
while not relying on the availability of a large amount of GT data. Through the studies
in this thesis, the following insights have been gained, which can be useful for similar RS
applications based on DL.
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4.4.1 Model Complexity and Performance
In general, the metrics of CNNs include model complexity measured by the number of train-
able parameters, computational complexity measured by floating-point operations (FLOPs)
in the number of multiply-adds, model performance measured by the test accuracy, total
memory consumption including the memory allocated for the network and the memory re-
quired while processing one batch, inference time, and energy consumption (Bianco et al.,
2018).

Throwing a glance at winners of the ILSVRC classification task and the evolution of CNNs, it
seems that deeper models can translate into higher accuracy, which has been noticed since
the propose of ResNet in 2015 (He et al., 2016a). However, there is no direct relation be-
tween model complexity and model performance. This was empirically demonstrated for
RGB images on the ImageNet dataset (Canziani et al., 2016). For example, the popular and
inspiring VGG with 144M parameters achieved 92.0% top 5 accuracy, while a ResNet with
26M parameters provided 93.0% top 5 accuracy and an EfficientNet with 7.8M parameters
achieved 94.5% top 5 accuracy (Tan and Le, 2019; Khan et al., 2019). The independence be-
tween model complexity and performance was also shown by experiments in this thesis for
both HSE mapping and LCZ classification tasks in Chapter 3.2 and 3.3, using F-CNN and
CNN-based approaches, respectively. This can be explained by another metric of CNNs,
information density, or learning power, calculated by accuracy divided by the number of
parameters. Therefore, it is a metric considering both model complexity and performance.
With this measure, VGG architectures have a worse information density or a weaker learn-
ing power compared to alternatives such as ResNet, as shown on both the ImageNet (Bianco
et al., 2018) and the So2SatLCZ42 dataset in Chapter 3.3.2. An illustration of the correlation
between the model performance and complexity on the So2SatLCZ42 dataset is presented
in Fig. 4.5.

This leads to a commonly omitted principle when comparing and assessing different CNNs,
i.e., keeping the model complexity comparable. It helps ensure the fairness of statements on
the superiority of certain CNNs because a model with higher complexity is theoretically able
to fit more complicate problems using the additional amount of parameters. This has been
taken into account in this thesis, in particular in Chapter 3.3.2. For instance, for the LCZ
classification task on the So2SatLCZ42 dataset, it has been observed that deeper CNNs are
indeed better when the model complexity is comparable. Also, a deeper CNN might perform
better even with a lower level of model complexity, i.e., fewer trainable parameters.

4.4.2 Optimal Architecture and Hyper-parameters
Due to the proliferation in the number of applications about DL, there are some guides avail-
able for the design of optimal DCNN architectures (Springenberg et al., 2014; Mishkin et al.,
2017; Hasanpour et al., 2016). For instance, it was shown that CNNs need to be sufficiently
wide along with the depth increase to hold the universal approximation property when us-
ing ReLU activation functions (Hanin and Sellke, 2017). Nevertheless, choosing and design-
ing an optimal CNN architecture for a given task, as well as its specific optimal topology,
is still an open question and usually require tedious and intuition-driven manual tuning
(Loussaief and Abdelkrim, 2018). This is time-consuming, especially for new applications
on new datasets. Even in the field of CV, it is, unfortunately, a trial-and-error procedure,
as DL models have a large number of hyper-parameters, such as activation function, kernel
size, number of neurons per layers, and arrangement of layers.

On the proposed two datasets for HSE mapping and LCZ classification tasks in this the-
sis, optimal CNN architectures have been investigated in Chapter 3. For instance, for LCZ
classification, it has been found that jointly utilizing maximum and average pooling layers
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Fig. 4.5. Illustration of the correlation between model performance and model complexity on the So2SatLCZ42 dataset.

results in higher classification accuracy than only using maximum pooling when abstract-
ing features for subsequent blocks within a CNN. Moreover, deeper models provide better
results when comparing to a shallow one with similar model complexity. This investigation
suggests that there is a trade-off between the mapping accuracy and the introducing over-
head, e.g., from aspects of architecture design, hyper-parameters, and hardware limitations,
when applying DL for RS applications. The accuracy requirements can firstly be set accord-
ing to specific application scenarios. The overhead can be estimated based on the literature
review and benchmark results on open datasets.

In the future of urban LC mapping from RS data, automatic optimization of the CNN archi-
tectures, as well as the hyper-parameters, might be achieved in NAS framework, e.g., based
on reinforcement learning and genetic algorithms, relieving the burden of architecture engi-
neering (Zoph and Le, 2016). The potential of this concept has been proved on the ImageNet
and CIFAR-10 dataset (Zoph et al., 2018; Zela et al., 2018).

4.4.3 Generalization Ability of Multi-Task Learning
For both HSE regression and LCZ classification tasks, the MTL approach has a higher gen-
eralization ability than single-task learning, as demonstrated by the case study in Chapter
3.4. Specifically, MAE of HSE regression can be improved by MTL. After aggregating the
regression results into binary layers, Kappa and AA can be improved from 0.78 to 0.81
and from 88.79% to 90.36% when tested against checking points over ten scenes across the
Globe. Tested over the same ten scenes across the Globe, Kappa and AA can be improved
from 0.41 to 0.44 and from 34.13% to 36.37% by using MTL for the LCZ classification task.
These results confirm that the complementary task relationship, i.e., that between the high
spatial-resolution HSE regression and the fine-grained classification of LCZs, can support
each task’s learning and lead to increased utilization of the training data. Since the HSE and
LCZ classes overlap significantly and can be derived from the same input data, a joint opti-
mization could enhance the quality of predictions and, at the same time, increase the pro-
cessing efficiency. Thus, it is suggested that urban mapping-related tasks should be jointly
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investigated in the context of DL, especially when reference data is unavailable, and high
generalization ability is desired.

4.4.4 Further Improvement of Mapping Results
The achieved results in this thesis shed light on further possible improvement when using
DL-based approaches for urban LC mapping applications. This will be discussed as follows.

One of the reasons for the not very high mapping accuracy of HSE mapping and LCZ clas-
sification tasks in this thesis is that data of the test scenes might be subject to a distribution
shift from that of the training scenes. Specifically, the test scenes are covered by acquisi-
tions at different time instants and locations, with differing atmospheric conditions (Tuia
et al., 2016). Also, the utilized data is from both Sentinel-2A and B. Furthermore, intra-class
variance might even exist, e.g., due to different cultural backgrounds and building mate-
rials. Following this assumption, domain adaptation (DA) might need to be considered for
global-scale LC mapping. In this regard, both the extent and the impact of spectral shift
need to be investigated for individual mapping tasks, based on which to choose suitable
adaptation algorithms. This is because the domain shift in this specific case, from one re-
gion to another and along the temporal dimension, is uncertain and is not as intuitive as
that in the DA-related literature, e.g., the shift from handwritten MNIST to synthetic digits
generated from Windows fonts (Zhao et al., 2020).

Under the assumption that there is an impact from domain shift, a potential setup is to first
split the global mapping task into regional-scale sub-tasks (according to standards such as
urban ecoregions based on city configuration, composition, and vegetation types as well as
economic development(Schneider et al., 2009; Congalton et al., 2014)), and then treating
regional-scale mapping tasks as different domains. In this case, mapping tasks in the easy
domains, e.g., those with sufficient reliable annotated samples, can be addressed first. After-
ward, each difficult domain and the addressed regions can be treated as the target domain
and source domains in a DA setting. Considering that multiple easy domains can exist in
total globally, multi-source domain adaptation (MDA) approaches can be worth exploring
(Zhao et al., 2020). This might even be needed in the case of multi-source data fusion, such as
SAR and optical data, where different data sources can be considered as different domains.
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5 Conclusion and Outlook

5.1 Conclusion

T his thesis aims to explore and investigate modern DL techniques for urban LC mapping
on multi-semantic scales with potential for global applications. To this end, a general

objective is proposed as investigating suitable and generalizable frameworks for large-
scale urban mapping tasks on different semantic scales by exploiting DL and the globally
available Sentinel-2 data smartly.

Towards realizing this vision, several specific challenges were pointed out in Chapter 1,
including the scarcity of GT data, the complexity and the inconsistency of LC classification
schemes, and the unknown potential of the state-of-the-art CNNs for urban LC mapping
tasks. Accordingly, investigations into DL-based solutions were summarized in Chapter 3,
based on six peer-reviewed journal articles. In summary, this thesis provides contributions
to three aspects of urban LC mapping on three scales from Sentinel-2 data: the detection
of urban areas, the classification of urban LC, and the simultaneous characterization of
urban density and heterogeneity. The following conclusions can be drawn.

• A framework to map binary HSE is proposed and an effective CNN architecture,
Sen2HSE-Net, is implemented. Promising pixel-level results, with two classes and a
GSD of 20 m, have been produced for city- and province-scale test scenes across the
world. It has been found out that the absence of manually labelled GT data can be
compensated by regionally available geocoded products within the proposed framework.
Also, it is possible to rely on simple F-CNNs than to resort to sophisticated state-of-the-
art models proposed for VHR data, in terms of both the mapping accuracy and model
complexity. Modifications within the proposed approach, e.g., to the network topology
during the model design process and the split measure of training and validation data in
the training process, can further improve the mapping results.

• Multi-branch CNNs to classify LCZ-derived urban LC by fusing multi-seasonal Sentinel-
2 data are developed. Improved results over baselines at a pixel level, with six urban
LC classes and a GSD of 100 m, have been produced for distinct city-scale test scenes.
Multi-temporal information of Sentinel-2 data is valuable for urban LC classification, the
active exploitation of which can improve the accuracy, especially for certain classes, such
as trees. Different fusing approaches for multi-seasonal Sentinel-2 data have been inves-
tigated at observational-level, feature-level, and decision-level. Generally, decision-level
fusion is better than observation- and feature-level fusion. Still, feature-level fusion, e.g.,
by integrating LSTM with ResNet in the proposed Re-ResNet, demonstrates effectiveness,
compared to observational-level fusion approaches. Furthermore, investigations into the
model size reveal that bigger CNNs do not always translate into higher classification ac-
curacy of urban LC from Sentinel-2 data.

• CNNs and feature fusion are feasible approaches to classify LCZs with the potential for
large-scale processing. Large-scale results for the challenging task of LCZ classifica-
tion, with 17 classes and a GSD of 100 m, have been achieved for city-scale and province-
scale test scenes across the Globe by
· benchmarking state-of-the-art CNNs of different characteristics on the challenging open

So2SatLCZ42 datasets,
· proposing a CNN, Sen2LCZ-Net-MF, via taking into account the efficient use of parame-

ters, hierarchical representation learning, easy management of the model topology, and
decreased information loss,
· modifying the CNN topology, i.e., depth and width, for an optimal configuration,
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· utilizing both average and maximum pooling layers to abstract learned representations
between different blocks in Sen2LCZ-Net-MF when patch size decreases and feature
maps increase,
· and exploiting low-level learned features jointly with the final features in a fusion fash-

ion during both model optimization and inference time.
Furthermore, it has been shown that there are no guarantees on the LCZ classifica-

tion performance when directly using state-of-the-art CNNs proposed for datasets in the
field of CV. In addition, manually tuning is required to obtain an optimal CNN topol-
ogy because both depth and width affect the performance, as shown in the HSE mapping
task. For instance, improvements from bigger models become smaller with the increase
of model size, and a deeper CNN can provide higher LCZ classification accuracy than its
shallower but wider counterparts when the model complexity is comparable.

• MTL-based approaches for HSE regression and LCZ classification have been explored and
investigated. A generalized framework has been proposed, and one end-to-end CNN has
been developed. Pixel-level mapping results of HSE density, with a continuous value
ranging from 0 to 100%, providing more details about the urban extent than the binary
HSE mapping results, and LCZ classification results, with a 100 m GSD and 17 classes,
have been simultaneously produced and assessed for ten city-scale test scenes across the
Globe. The investigations have shown that
· the generalization ability of MTL is higher than that of single-task learning across large

geographical areas when task weights are properly assigned during joint optimization,
· improved results can be obtained by encouraging feature sharing within the MTL net-

work, e.g., using attention mechanisms and guiding the LCZ classification task by the
HSE regression task,
· and MTL enables Sentinel-2 data to fulfill its potential for large-scale applications, es-

pecially for challenging tasks with insufficient GT data, such as large-scale LCZ classi-
fication.

5.2 Outlook

Based on the achieved urban LC mapping results presented in this thesis and the near-
future requirements in various EO tasks, the future work regarding DL in RS is supposed to
face towards more intellectualized and globalized applications. There are, therefore, a few
potential topics for future CNN-based urban LC mapping and related applications from
space, which are outlined in the following.

5.2.1 Advanced DL Approaches
Only fundamental CNN architectures have been explored in the developed DL approaches
in this thesis for large-scale applications in RS. Introducing and unlocking the potential of
cutting-edge DL approaches within the proposed frameworks would be a worthy exploring
direction for the future. This brings three meaningful research topics, among others:

� Few-shot learning via meta-learning. Few-shot learning aims at solving a task (e.g., clas-
sification) from just a few training samples, which is often highly desired for RS applica-
tions. One promising approach to tackle this problem is meta-learning, characterized by
“learning to learn,” i.e., fast generalization for a new task by benefiting from extracted
meta-knowledge across a variety of related tasks (Wang et al., 2019). Exemplary meth-
ods include learning prototypical representations (prototypical networks) and developing
faster and easier finetuning strategies (Model-agnostic Meta-Learning). As a broad field,
meta-learning has been gaining increased attention, potentially applicable in the field of
RS when annotations are limited, such as the LCZ classification task on a global scale.
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� Capsule networks for translation equivariance. Capsule networks strive for translation
equivariance by encoding the geometric relationships between 2D images and 3D ob-
jects. The design principle is believed to be closer to the human visual system than CNNs
and allows it to generalize better from different viewpoints with fewer training samples
(Sabour et al., 2017). These characteristics, i.e., the independence from viewpoints and the
undemanding requirements on annotations, can be highly beneficial for the urban map-
ping tasks. Specifically, the employed data for one particular application can be acquired
under different conditions or from multiple sensors, such as Sentinel-2A and Sentinel-2B,
and GT data scarcity remains a central problem.

� Semi-supervised and unsupervised learning. The amount of RS data without annota-
tions is considerably larger than that with annotations, and it is still growing exponen-
tially and characterized by multi-source, multi-resolution, and multi-temporal, with EO
arriving in the Big Data era. Active exploitation of such kind of data in a semi-supervised
or unsupervised learning setting is getting vital and meaningful. It also becomes promis-
ing, with novel approaches and techniques being proposed in the domain of both CV
and RS (Jing and Tian, 2019; Fang et al., 2020), e.g., using consistency regularization and
pseudo-labels predicted by intermediate trained models.

5.2.2 Interpretable and Explainable RS-specific CNNs

Despite promising results being achieved in this thesis for several critical RS applications,
CNN-based solutions, especially advanced approaches, e.g., AutoML, are still considered
as black boxes, with a massive amount of parameters difficult to be explained or under-
stood. This lack of transparency makes it challenging to apply these approaches to RS tasks
because the decision-making principles are not understandable by a human, compared to
traditional ML models, such as decision tree and linear model with intrinsic interpretabil-
ity. This problem can be possibly combated by developing interpretable and explainable
RS-specific CNNs. To this end, multidisciplinary work is required. Arising promising tech-
niques include activation maximization to synthesize preferred stimuli that cause a neuron
in a DL model to fire strongly, feature visualization to demonstrate the learned represen-
tations from different layers, and creation and interpretation of heatmaps to uncover the
causal relations between inputs and outputs (Maaten and Hinton, 2008; Zeiler and Fergus,
2014; Nguyen et al., 2019; Du et al., 2019).

5.2.3 Pushing Further Towards Multi-task Learning

Although the tasks of HSE regression and LCZ classification are used to validate the idea of
MTL in the thesis, other potential applications can also be worth exploring. One example is
incorporating more related RS tasks into an MTL framework, such as land use classification
and monitoring. As shown in the experiments, MTL can not only increase the processing
and production efficiency but also enhance the prediction accuracy through the improved
generalization ability of trained models, especially for tasks with fewer training samples.
Another topic is going into more general directions in terms of multi-tasking. For instance,
sensing (obtaining) and processing of data can be possibly implemented simultaneously
without latency (e.g., caused by converting it to a digital format), using imaging sensors
constituting CNNs. In this way, there is no need to pass a large amount of data through the
entire signal chain, thus increasing the efficiency (Mennel et al., 2020). In such a scenario,
urban LC mapping results can be produced in space and delivered directly for time-critical
applications, e.g., disaster response.
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5.2.4 Exploitation of Urban Land Cover Products
To fully exploit the produced urban LC products for practical applications together with
other EO products, such as recognizing and understanding the drivers and the environ-
mental impacts of urbanization on a local and global scale, one primary topic is addressing
uncertainties and inconsistencies. For instance, metrics of both accuracy and confidence
score can be provided along with released products. Moreover, the uncertainty score of
classification results can be calculated by considering the similarity between the validation
and to-be-classified data sets in the classification input space or calculating the distance
among different classes in the output space. Likewise, techniques to measure the uncer-
tainty of outputs can be integrated into the CNNs, e.g., by modifying the training procedure
with ensemble-based methods and adjusting the inference during test time by Monte Carlo
dropout (Labach et al., 2019). In addition to specific use cases, the produced products can
eventually be integrated into analytically oriented solutions and data cube-based systems to
foster a broader range of applications, e.g., semantic content-based image and information
retrieval (Tiede et al., 2019).
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Gaining access to labeled reference data is one of the 
great challenges in supervised machine-learning en-

deavors. This is especially true for an automated analysis 
of remote sensing images on a global scale, which enables 
us to address global challenges, such as urbanization and 
climate change, 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 data set, So2Sat LCZ42, which consists of 
local-climate-zone (LCZ) labels of approximately half a 
million Sentinel-1 and Sentinel-2 image patches in 42 ur-
ban agglomerations (plus 10 additional smaller areas) 
across the globe. 

This data set was labeled by a group of domain experts 
following a carefully designed workflow and evaluation 
process. We conducted rigorous quality assessment with 
independent label voting by domain experts, which is 
rarely done in other labeled remote sensing data sets. The 
data set achieved an overall confidence of 85%. We be-
lieve this is a first step toward an unbiased, globally dis-
tributed data set for urban growth monitoring using ma-
chine-learning methods, because LCZ analysis provides 
a rather objective measure compared with many other 
semantic land-use and land-cover classification systems. 
It measures morphology, compactness, and height of ur-
ban areas, which are less dependent on human activity 

and culture. Furthermore, such large-scale labeled data 
with uncertainty measures can serve as a benchmark for 
cutting-edge machine-learning research specific to Earth 
observation (EO), such as automatic topology learning, 
data fusion, modeling uncertainties in machine learning, 
and many more. This data set can be accessed at http://
doi.org/10.14459/2018mp1483140.

THE NEED FOR LOCAL-CLIMATE-ZONE LABELS
The production of land-use/land-cover (LULC) maps at 
large or even global scales is an essential task in the field 
of remote sensing. These maps can provide valuable input 
for many societal questions, such as understanding human 
poverty or climate change, supporting the conservation of 
biodiversity and ecosystems, and providing stakeholder in-
formation for disaster management and sustainable urban 
development [1]. 

Urbanization is undoubtedly the most important 
megatrend in the 21st century after climate change. Cur-
rently, half of humanity—3.5 billion people—lives in cities. 
Shockingly, one billion of them still live in slums. There-
fore, sustainable urban development has become one of the 
17 sustainable development goals 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 de-
scribe, track, and manage urban growth in an objective and 
consistent manner.
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Examples of global LULC products created by the remote 
sensing community include the Global Urban Footprint [3], 
[4], produced from synthetic aperture radar (SAR) data ac-
quired by the TanDEM-X mission; the Global Human Settle-
ment Layer, created from global, multitemporal archives of 
fine-scale satellite imagery, census data, and volunteered 
geographic information [5]; and the Finer Resolution Ob-
servation and Monitoring of Global Land Cover and Globe-
Land30 data sets, generated from 30-m-resolution Landsat 
data [6]. This list is not exhaustive; however, these products 
all provide semantic labels of urban and nonurban or even 
more specific classes. These semantic labels are often subjec-
tive (to human interpretation) and culture-dependent. For 
example, the definitions of urban and nonurban areas might 
be drastically different in Europe and Africa and from person 
to person.

LOCAL CLIMATE ZONES IN GLOBAL URBAN MAPPING
For consistent analysis across the globe, an objective and 
culture-independent classification scheme for urban areas 
is pressingly needed. After extensive research, we turned to 
LCZs, which were originally developed for metadata com-
munication of observational urban heat island studies [7]. 
There are 17 classes in the LCZ classification scheme; 10 are 
built classes and seven are natural classes. They are based 
on climate-relevant surface properties on the local scale, 
which are mainly related to 3D surface structures (e.g., the 
height and density of buildings and trees), surface cover 
(e.g., vegetation or paving), and anthropogenic parameters 
(such as human-based heat output). 

A schematic drawing of the 17 classes is shown in Fig-
ure 1(a). The 10 urban classes describe the morphology of 
the area, including the density and height of the buildings 
as well as the percentage of impervious surface. The urban 
classes are mostly shown in red, with decreasing intensities 
as the building density and height decrease from compact 

high-rise to open low-rise. Figure 1(b) shows the LCZ classi-
fication of Vancouver, Canada, created by the authors. The 
dark red part marked by the yellow rectangle is downtown 
Vancouver, where most of Vancouver’s high-rise buildings 
are located. The light red part of the classification map 
is mostly low-rise residential houses. As a reference, the 
Google image of this area in Figure 1(c).

Because the LCZ classes are defined by their physi-
cal properties, they are generic and applicable to cities 
across the world, offering the potential to compare dif-
ferent areas of various cities with trenchant distinctions 
representing the heterogeneous thermal behavior within 
an urban environment [8]. In addition to the increasing 
impact on worldwide climatological studies, such as the 
cooling effect of green infrastructure and microclimatic 
effects on town peripheries [9]–[18], researchers have 
recently started to use the LCZ approach to classify the 
internal structure of urban areas, providing promising in-
formation for various applications, such as infrastructure 
planning, disaster mitigation, health and green-space 
planning, and population assessment [19], [20]. The re-
mote sensing community also addressed this topic by or-
ganizing the 2017 IEEE Geoscience and Remote Sensing 
Society Data Fusion Contest, which had the goal of LCZ 
classification [21].

RELATED WORK IN LOCAL-CLIMATE-ZONE 
CLASSIFICATION

COMMUNITY-BASED LOCAL-CLIMATE-ZONE MAPPING
A significant part of the existing development of LCZ clas-
sification is community-based, large-scale LCZ mapping 
using freely available Landsat data and software [23]–[25]. 
The World Urban Database and Portal (WUDAPT) [22], a 
community-driven initiative, was organized by research-
ers to map high-quality LCZ maps worldwide. Within this 
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FIGURE 1. (a) A schematic drawing of the 17 LCZ classes. (Source: modified from the World Urban Database and Portal [22].) (b) An LCZ 
classification map of Vancouver, Canada, created by the authors. (c) A Google image of downtown Vancouver, where most of the high-
rise buildings are located. The yellow rectangle in (b) map marks the downtown areas. (a) was modified from the WUDAPT [22]. 
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framework, currently, almost 100 cities worldwide have 
been mapped with moderate quality, providing sufficient 
detail for certain model applications [26]. LCZ maps of tens 
of cities, after undergoing quality assessment and genera-
tion of metadata, are now openly available at the WUDAPT 
portal. More recently, LCZs of Europe are being mapped 
as part of the WUDAPT project, with data from Sentinel-1, 
Sentinel-2, and the Defense Meteorological Program Opera-
tional Linescan System Nighttime Lights product [27].

These community-based efforts mark the first step 
toward a more synergetic cooperation among research-
ers. However, multiple studies have reported that the 
quality of the produced LCZ maps is inconsistent [28], 
[29], as the procedures strongly rely on the knowledge 
of individual volunteers. For example, the methods of 
community-based LCZ mapping mainly consist of 1) la-
beling of reference data in Google Earth and 2) classifica-
tion using shallow learning algorithms, such as random 
forest (RF) in geographic information system software, a 
process detailed in [8].

ALGORITHMIC DEVELOPMENT
Therefore, significant development is still needed to achieve 
global LCZ mapping because of the lack of high-quality la-
bels and transferable classifiers for worldwide deployment. 
There are various promising classifiers for LCZ recently pro-
posed by different research groups, including RF, support 
vector machines (SVMs) [30], canonical correlation forests 
[31], [32], rotation forests [21], gradient-boosting machines 
[33], and ensembles of multiple classifiers [34]. The data 
used are mainly satellite data in the optical and microwave 
ranges, such as Landsat, Sentinel-1, and Sentinel-2 images. 

Recently, fusing of multisource data, such as satellite 
images and Google Street View, has also been investigated 

for LCZ classification [35]. Deep learning certainly played 
an important role in LULC using remote sensing data [36]. 
Multiple algorithms based on convolutional neural net-
works, such as residual neural network and ResNeXt, [35], 
[37]–[42] have been developed. These approaches provide 
satisfying results for specific areas. However, according to 
[8], [26], and [43], regional variations in vegetation and ar-
tificial materials as well as significant variations in cultural 
and physical environmental factors cause large intraclass 
variability of spectral signatures. One existing effort to fur-
ther improve LCZ classification results is developing more 
robust machine-learning models with high generalization 
ability to facilitate efficient upscaling in a reasonable time 
frame [27], [43]. Deep-learning-based models have been 
shown to have better generalization ability; thus, they can 
be better exploited for LCZ classification [36], [40].

Despite active algorithmic development, the global 
transferability of a machine-learning LCZ model requires a 
large quantity of globally distributed and reliable reference 
data as a first step. Such a data set is nonexistent in the com-
munity; this task is addressed in this article.

CONTRIBUTIONS OF THIS ARTICLE

THE DATA SET
To answer the pressing need for LCZ training data sets, we 
carefully selected and labeled 42 urban agglomerations 
plus 10 additional smaller areas across all of the continents 
(except Antarctica) around the globe. Their geographic 
distribution can be seen in Figure 2. Many polygons in 
those cities were manually labeled by the authors. By pro-
jecting these labels to the corresponding coregistered Sen-
tinel-1 and Sentinel-2 images, we obtained 400,673 pairs of 
corresponding Sentinel-1 SAR and Sentinel-2 multispectral 

FIGURE 2. The locations of the 42 main cities (green dots) and 10 additional cities (orange dots) included in the So2Sat LCZ42 data set. 
(Source: Microsoft Bing Maps.)
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image patches with LCZ labels. An impression of the Sen-
tinel image patch pairs in the data set can be seen in Figure 
3. However, the actual patches in the data set have a di-
mension of 320 × 320 m, which is smaller than the visual-
ization in Figure 3. Accompanying  this article, we provide 
open access to this high-quality So2Sat LCZ42 data set to 
the research community. This is meant to foster the devel-
opment of fully automatic classification pipelines based 
on modern machine-learning approaches and support the 
accelerated use of LCZ mapping at global scale.

IMPROVED LABELING WORKFLOW
We found that merely 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 because of the vague definitions of some LCZ 
classes. To ensure the highest possible quality of the re-
sult, we designed a rigorous labeling workflow and de-
cision rules, shown in Figure 4 and “Decision Rule of 
Local-Climate-Zone Labeling,” respectively. Meetings 
were conducted before and during the labeling process 
to calibrate our understanding of the definitions of the 
17 classes. Afterward, the labeling results from each 
member of the labeling crew were visually inspected 
by a different person to spot obvious errors. Finally, we 
conducted a quantitative evaluation of the label qual-
ity. The entire rigorous labeling processing took approxi-
mately 15 person-months.

1) Compact
High Rise

2) Compact
Middle Rise

3) Compact
Low Rise

4) Open
High Rise

5) Open
Middle Rise

6) Open
Low Rise

7) Lightweight
Low Rise

8) Large
Low Rise

10) Heavy
Industry

A) Dense
Trees

B) Scattered
Trees

C) Bush,
Scrub

D) Low
Plants

E) Bare Rock or
Paved

F) Bare
Soil or Sand

G) Water

9) Sparsely
Built

FIGURE 3. Examples of Sentinel-1 and Sentinel-2 image scenes of the 17 LCZ classes. In each LCZ, the upper image is the intensity (in 
decibels) of the Sentinel-1 scene; the middle image is the corresponding Sentinel-2 scene in red, green, blue; and the lower image is the 
high-resolution aerial image from Google as a reference. This figure shows the typical urban morphology of each LCZ class and the content 
observable by Sentinel-1 and Sentinel-2. For visualization purposes, the image scenes are much larger than the actual patches (32 × 32 
pixels) in the So2Sat LCZ42 data set.
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RIGOROUS LABEL-QUALITY ASSESSMENT
Similar to any remote sensing product, reference labels 
must have error bars to indicate their trustworthiness, but 
such a quality measure rarely appears in data sets of re-
mote sensing image labels. As mentioned previously, we 
conducted a rigorous quantitative evaluation of 10 cities 
in the data set by having a group of remote sensing experts 
cast 10 independent votes on each labeled polygon, to 
identify possible errors and assess human labeling accura-
cy. “Human confusion matrices” per polygon and per pixel 
were created, where the confidence of individual classes 
can be seen. In general, our human labels achieve 85% 
confidence. This confidence number can serve as a refer-
ence accuracy for the machine-learning models trained on 
this data set.

So2Sat LCZ42 DATA SET CREATION
A four-phase labeling process was designed to maximize 
label consistency and minimize human error, consisting of 
learning, labeling, visual validation, and quantitative vali-
dation phases (Figure 4). The detailed procedures for each 
phase are introduced in this section. We also prepared the 
corresponding Sentinel-1 and Sentinel-2 images of the 52 ar-
eas, and proper preprocessing procedures were performed 
on the two types of images.

CREATING THE LABELS

LEARNING PHASE
The learning phase aims at creating a standard for team 
members who conduct the labeling (referred to as the la-
beling crew). The reasons are twofold. First, the definition 
of LCZ classes (given in [9] and listed in Table 1) are not 

mutually disjoint (e.g., class 3, compact low-rise, and class 
8, large low-rise), and their union does not describe the 
entirety of Earth’s surface. That is, that some areas do not 
fall into any of the LCZ classes, and some can be catego-
rized according to multiple classes. Second, interpretations 
of the definitions by different individuals still differ from 
each other.

The labeling crew started by building a visual impres-
sion of different LCZ classes by viewing aerial images 
on Google Earth and then moved toward a quantitative 
understanding of each class. As a result, we constructed 
a quantitative-labeling decision rule according to the lit-
eral definition. This is shown in Figure S1. An exami-
nation of the labeling learning course was conducted 
before actual labeling began, for which everyone in the 
labeling crew cast a vote on many selected scenes. Am-
biguous scenes were selected and discussed to calibrate 
everyone’s understanding.

LABELING PHASE
The labeling phase followed a standard procedure de-
fined in the WUDAPT project [22]. First, each member 
of the labeling crew claimed a few cities among the 52 
cities and defined a region of interest (ROI) within each 
selected city by drawing a rectangle of approximately 50 
× 50 km around the city center in Google Earth. Second, 
polygons enclosing different LCZ classes were manually 
delineated in Google Earth. These polygons are the pre-
liminary labels. Afterward, Landsat 8 images covering the 
ROI were prepared.

After this preparation, an RF classifier was trained us-
ing the Landsat 8 images and the preliminary LCZ labels 
to produce an LCZ classification map of the specific city. 

Practice

Discussion

Define ROI

Label Polygons

Classifying
Landsat 8 Data

Cross-Check Google Earth

Validation 1

Necessary Changes

Validation 2

Necessary Changes

Quality?

10 Independent Votes

Human Confusion Matrix

Necessary Changes

Quality?

(a)

(b)
(c)

(d)

4
11 2 2

LCZ
Labels

FIGURE 4. The four-phase labeling project, showing the (a) learning, (b) labeling, (c) first validation, and (d) second validation phases.
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This classification map and the satellite image on Google 
Earth served as auxiliary data for cross-checking the cor-
rectness and completeness of the LCZ labels. The details are 
explained as follows.

 ◗ Correctness: The crew visually inspected discrepan-
cies between the classification maps and the labels 
of the polygons. If a mismatch was found for a la-
beled polygon, the crew inspected the satellite im-
age on Google Earth and corrected the given label if 
necessary. This process was repeated until no notice-
able discrepancy between the classification map and 
label was found.

 ◗ Completeness: The labeling crew cross-checked the 
classification result with the satellite image on Google 
Earth in unlabeled areas to find negative samples. 
For example, dense forest might be classified as water 

because of the  lack of a dense forest label.  The labeling 
crew then labeled those negative samples of dense 
forest and included them in the whole label data set. 
This hard-negative mining procedure was carried out 
iteratively until no noticeable discrepancies between 
the classification maps and Google Earth images in 
unlabeled areas were found.

The classification maps produced during the manual label-
ing process were employed only to provide guidance to the 
labeling crew and were not used in the final data. All LCZ 
labels in the final provided reference data fully relied on 
manual human annotation.

VISUAL QUALITY-CONTROL PHASE
Despite a clear quantitative definition that was agreed on by 
the labeling crew in the learning phase, personal bias and 

Decision Rule of Local-Climate-Zone Labeling
The decision rule consists of seven hierarchical questions:

A) Is it homogeneous for at least five pixels of 100 × 100 m? 

B) Is the building footprint large? 

C) Does any obvious industrial feature exist (such as oil tanks, cranes, or con-

veyor belts)? 

D) What is the building height?
 ◗ D1. Up to three floors
 ◗ D2. Three to 10 floors
 ◗ D3. Ten floors and higher.

E) For D1, what is the building surface fraction?
 ◗ E1. Between 20% and 40%
 ◗ E2. Smaller than 20% 
 ◗ E3. Between 40% and 70%.
 ◗ E4. Light material built with a surface fraction of larger than 60%

F) For D2, is the building surface fraction larger than 40%? 
G) For D3, is the building surface fraction larger than 40%? 
The percentage is estimated by experts with a 100 × 100-m polygon 
drawn on Google Earth. The building height is decided by experts using 
any available information, such as a 3D model, satellite images, or photos 
(Figure S1). 

FIGURE S1. A flowchart of the labeling decision rule, which identifies one scene with seven decisions.
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outliers still existed in the labeling result. Therefore, a man-
ual inspection was required before quantitative validation 
to adjust personal biases and decrease the inevitable hu-
man mistakes. After the labeling phase, two persons other 
than the individual who labeled the polygons sequentially 
and independently validated the labels, as demonstrated in 
step C of Figure S1. These 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, that is, the compactness of 
urban buildings decreases from the city center toward the 
suburbs. If the obvious outliers cover a comparatively large 
area, a polygon with the correct label must be added. If 
an abnormal compactness pattern appears, the validation 
requires a detailed inspection, which often leads to add-
ing polygons or correcting labels of existing polygons. We 
found that visual validation gave us a significant indication 
of label quality.

LABEL POSTPROCESSING
After obtaining labeled LCZ polygons, we discovered that 
the following postprocessing procedures were necessary.

 ◗ Polygon shrinking: Although all of the polygons were 
correctly labeled, some polygons in a given LCZ class 
were drawn in close proximity to another LCZ class. 
This might cause erroneous labels on the pixels close 
to the borders of the polygon when the polygon is ras-

terized, especially when using a large ground-sampling 
distance (GSD). For example, the GSD of an LCZ-label 
map defined in our research is 100 m. A pixel in the 
label map that is too close to the boundary of two LCZs 
may cover both LCZ classes. To avoid this, the poly-
gons of all nonurban LCZ classes except water (that is, 
classes A–F) were shrunk by 160 m. We chose a dis-
tance of 160 m because this corresponds to half of the 
patch size (16 pixels) of the Sentinel-1 and Sentinel-2 im-
age patches in the So2Sat LCZ42 data set. For class G 
(water), the shrinking distance is only 10 m, given that 
the width of many rivers is on the order of hundreds 
of meters.

 ◗ Class balancing: For those vector-format polygon labels in 
machine learning of EO images to be used, they must 
be rasterized into image format in certain geographic 
coordinate systems. We used GeoTIFF format and lo-
cal Universal Transverse Mercator (UTM) coordinates. 
However, the polygons of nonurban LCZ classes (i.e., 
classes A–G) tend to be much larger in area than those of  
urban classes, because the percentage of nonurban areas 
is naturally larger and they are much easier for humans to 
label. This results in many more pixels (samples) for non-
urban classes. To balance the number of samples among 
all of the LCZ classes, for each city, we reduced the num-
ber of samples of each of the nonurban classes (A–G) to 

,Nm  where Nm  is the maximum number of samples from 
the urban classes (i.e., classes 1–10). If the number of 

samples of certain nonurban classes was less 
than ,Nm  those classes remained untouched. 
The samples of the urban classes were not re-
duced because they are difficult to label. In 
this way, we were able to balance the differ-
ent LCZ classes.

QUANTITATIVE QUALITY CONTROL AND 
VALIDATION PHASE
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. Therefore, 
we conducted quantitative evaluation on 10 
European cities in the data set by having a 
group of remote sensing experts cast 10 in-
dependent votes on each labeled polygon  
to assess human labeling accuracy and iden-
tify possible remaining errors. Despite the 
huge labor cost, we believe this is essential 
for EO data and products to provide an error 
bar to users. This label evaluation procedure 
is discussed in detail in the “Label Evalua-
tion” section.

PREPARING THE SENTINEL-1 DATA
The Sentinel-1 mission provides an open 
access global SAR data set. We used the 

TABLE 1. THE BUILDING TOTAL, PERVIOUS, AND IMPERVIOUS SURFACES OF 
EACH CLASS [9] AND THE HEIGHT ABOVE THE GROUND.

CLASS 
BUILDING  
SURFACE (%)

PERVIOUS  
SURFACE (%)

IMPERVIOUS 
SURFACE (%)

HEIGHT  
ABOVE 
GROUND (M)

1. Compact, high rise 40–60 0–10 40–60 >25

2. Compact, mid rise 40–70 0–20 30–50 10–25 

3. Compact, low rise 40–70 0–30 20–50 2–10 

4. Open, high rise 20–40 30–40 30–40 >25

5. Open, mid rise 20–40 20–40 30–50 10–25 

6. Open, low rise 20–40 30–60 20–50 2–10 

7. Lightweight, low rise 60–90 0–30 0–20 2–10 

8. Large, low rise 30–50 0–20 40–50 2–10 

9. Sparsely built 10–20 60–80 0–20 2–10 

10. Heavy industry 20–30 40–50 20–40 2–10 

A. Dense trees 0–10 90–100 0–10 >3 

B. Scattered tree 0–10 90–100 0–10 >3 

C. Bush, scrub 0–10 90–100 0–10 1–2 

D. Low plants 0–10 90–100 0–10 <1 

E. Bare rock or paved 0–10 0–10 90–100 0 

F. Bare soil or sand 0–10 90–100 0–10 0 

G. Water 0–10 90–100 0–10 0 
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Sentinel-1 VV–VH dual-Pol single-look complex (SLC) 
level 1 data via the Copernicus Open Access Hub [50] 
employing an automatic script developed by the au-
thors based on SentinelSat [51].

A series of preprocessing steps was applied to the Senti-
nel-1 data using the graph processing tool in the European 
Space Agency’s Sentinel Application Platform (SNAP) tool-
box. 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: Radiometry is employed to 
compute the backscatter intensity using sensor calibra-
tion parameters in the metadata. The output is set to a 
complex-valued image to preserve the relative phase be-
tween VV and VH channels.

 ◗ TOPSAR deburst: For each polarization channel, the Sen-
tinel-1 IW product has three swaths. Each swath image 
consists of a series of bursts. The TOPSAR deburst merg-
es all of 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 data set.

 ◗ Terrain correction: Terrain correction eliminates the distor-
tion introduced by topographical variations. To accom-
plish the correction, the SRTM digital elevation model was 
used to provide height information. The data were resa-
mpled to a 10-m GSD by nearest-neighbor interpolation. 
The data were geocoded into the WGS84/UTM coordinate 
system of the corresponding city with a GSD of 10 m.
To summarize, the Sentinel-1 data in the So2Sat LCZ42 

data set contain the following eight real-valued bands:
 ◗ real part of the unfiltered VH channel
 ◗ imaginary part of the unfiltered VH channel
 ◗ real part of the unfiltered VV channel
 ◗ imaginary part of the unfiltered VV channel
 ◗ intensity of the refined Lee-filtered VH channel
 ◗ intensity of the refined Lee-filtered VV channel
 ◗ real part of the refined Lee-filtered covariance matrix 

off-diagonal element 
 ◗ imaginary part of the refined Lee-filtered covariance 

matrix off-diagonal element.

PREPARING THE SENTINEL-2 DATA
We employed Google Earth Engine (GEE) to create cloud-
free Sentinel-2 images [44]. The overall workflow, based on 
the GEE Python application programming interface, con-
sisted of the following three main steps.

 ◗ Querying step: loading Sentinel-2 images from the cata-
logue

 ◗ Scoring step: calculating a cloud-related quality score for 
each loaded image

 ◗ Mosaicking step: mosaicking the selected images based on 
the meta-information generated in the preceding modules.

More details can be found in [45].

Sentinel-2 images contain bands B2, B3, B4, and B8 with 
10-m GSD; bands B5, B6, B7, B8a, B11, and B12 with 20-m 
GSD; and bands B1, B9, and B10 with 60-m GSD. In the 
So2Sat LCZ42 data set, the 20-m bands were upsampled 
to 10-m GSD, and 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 data 
set contain the following 10 real-valued bands:

 ◗ band B2, 10-m GSD
 ◗ band B3, 10-m GSD
 ◗ band B4, 10-m GSD
 ◗ band B5, upsampled to 10 m from 20-m GSD
 ◗ band B6, upsampled to 10 m from 20-m GSD
 ◗ band B7, upsampled to 10 m from 20-m GSD
 ◗ band B8, 10-m GSD
 ◗ band B8a, upsampled to 10 m from 20-m GSD
 ◗ band B11, upsampled to 10 m from 20-m GSD
 ◗ band B12, upsampled to 10 m from 20-m GSD.

CONTENT OF THE So2Sat LCZ42 DATA SET 
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 the corresponding LCZ labels. We 
define the dimension of the image patches in the So2Sat 
LCZ42 data set as 32 × 32 pixels, which corresponds to a 
physical dimension of 320 × 320 m. To create nonover-
lapping patches, we sampled the labeled polygons with a 
320 × 320-m grid, where the grid nodes are the center of 
each image patch. We obtained 400,673 pairs of Sentinel 
image patches. The volume of the whole data set is ap-
proximately 56 GB.

For machine-learning purposes, the data set was split 
into a training set, a testing set, and a validation set, which 
consist of 352,366; 24,188; and 24,119 pairs of image 
patches, respectively. The training set comprises all of the 
image patches of 32 cities plus the 10 add-on areas in the 
city list. See “City List of the So2Sat LCZ42 Data Set” for 
the full list of cities). The remaining 10 cities are distrib-
uted across all of the continents and culture regions of the 
world. For each, we split the labels of each LCZ class into 
the western and eastern halves of a city to form the testing 
and validation sets, respectively. Therefore, all three data 
subsets are geographically separated from each other, de-
spite our having drawn the testing and validation sets from 
the same list of cities.

LABEL EVALUATION
The maximum accuracy achievable by any supervised 
learning procedure depends not only on the chosen algo-
rithm but also on the quality of the training data [46]. In 
the Human Influence Experiment (HUMINEX), Bechtel 
et al. [28] recently showed the difficulties associated with 
having human experts assign LCZ classes. Therefore, evalu-
ating the labels that are the result of human expert knowl-
edge is of vital importance for further use of the data set 
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in the training of classification algorithms for large-scale 
automatic LCZ mapping.

THE EVALUATION SET
For the evaluation, we chose a subset of 10 European cities 
(Table 2) from the group of cities we labeled. The choice was 
based on the following three rationales:

 ◗ All of our labeling experts have lived in Europe for a sig-
nificant number of years. This ensures familiarity with 
the general morphological appearance of European  
cities.

 ◗ Google Earth provides detailed 3D models for the 10 
cities, which is of great help in determining the approxi-
mate heights of urban objects. This is necessary to be 
able to distinguish among the low-rise, mid-rise, and 
high-rise classes.

 ◗ As previously mentioned, LCZ labeling is very labor in-
tensive. Reducing the evaluation set to 10 cities allowed 
us to generate more individual votes per polygon for bet-
ter statistics.

Unfortunately, few European cities contain LCZ class 7 
(lightweight, low rise), which mostly describes informal 
settlements (e.g., slums). Therefore, we included the poly-
gons of class 7 for an additional nine cities that are repre-
sentative of the nine major non-European geographical re-
gions of the world (Table 3).

EVALUATION STRATEGY AND RESULTS
For the evaluation experiment, 10 remote sensing experts 
(hereafter referred to as the label validation crew), who were 
already trained in applying the LCZ scheme to annotate 
urban areas, were provided with .kml files containing the 
polygons of the original So2Sat LCZ42 data set, but with-
out labels. They were then asked to reassign an LCZ class to 
every polygon, using Google Earth as the labeling environ-
ment. After all of the relabeled .kml files were submitted, 
both polygon-wise and pixel-wise evaluations between the 
original labels and the votes newly cast by the label valida-
tion crew were carried out in the form of confusion matri-
ces, which combine the validation results of the 10 Europe-
an cities (Table 2) and the slum areas of the additional nine 
non-European cities (Table 3). These confusion matrices are 
displayed in Figure 5(a) and (b).

In addition, majority voting was carried out for each 
polygon; that is, 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 Figure 5(c) and (d).

INTERPRETATION OF THE EVALUATION RESULTS
The confusion matrices in Figure 5 show the following.

 ◗ There is no significant difference between the polygon-
wise and pixel-wise results, which indicates that the 
polygons are evenly distributed with respect to size.

 ◗ The majority voting step helped slightly improve the la-
bel 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 nonurban classes.

City List of the So2Sat LCZ42 Data Set 
Cities used for training: Amsterdam, Beijing, Berlin, Bogota (added on), Buenos 

Aires (added on), Cairo, Cape Town, Caracas (added on), Changsha, Chicago 

(added on), Cologne, Dhaka (added on), Dongying, Hong Kong, Islamabad, 

Istanbul, Karachi (added on), Kyoto, Lima (added on), Lisbon, London, Los 

Angeles, Madrid, Manila (added on), Melbourne, Milan, Nanjing, New York, 

Paris, Philadelphia (added on), Qingdao, Rio de Janeiro, Rome, Salvador (added 

on), São Paulo, Shanghai, Shenzhen, Tokyo, Vancouver, Washington (D.C.), 

Wuhan, Zurich.

Cities used for testing and validation: Guangzhou, Jakarta, Moscow, 

Mumbai, Munich, Nairobi, San Francisco, Santiago de Chile, Sydney, Tehran.

TABLE 2. THE 10 EUROPEAN CITIES SELECTED FOR QUANTI-
TATIVE LABEL 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 

TABLE 3. THE ADDITIONAL NINE CITIES WHOSE POLYGONS 
OF CLASS 7 (LIGHTWEIGHT, LOW RISE) WERE USED FOR THE 
EVALUATION.

CITY GEOGRAPHIC REGION 

Guangzhou, China East Asia 

Islamabad, Pakistan Middle East 

Jakarta, Indonesia Southeast Asia 

Los Angeles, United States North America 

Melbourne, Australia Oceania 

Moscow, Russia Eastern Europe 

Mumbai, India Indian subcontinent

Nairobi, Kenya Sub-Saharan Africa 

Rio de Janeiro, Brazil Latin America 
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 ◗ The classes with the most confidence 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 classes with the least confidence are 3 (compact, 
low rise), 7 (lightweight, low rise), and C (bush, scrub), 
with classes 4 (open, high rise) and 9 (sparsely built) fol-
lowing behind. The main sources of confusion for these 
classes are summarized in Table 4.
These experiences go hand in hand with the findings of 

Bechtel et al. [28], who also found that LCZ classes A (dense 
trees), D (low plants), G (water), 2 (compact, mid rise), 
6 (open, low rise), and 8 (large, low rise) were recognized 

consistently well by all operators, whereas 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.

Based on the major sources of confusion summarized 
in Table 4, all of these discrepancies appear fairly reason-
able: 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 environments are understandably frequently 
confused with open low-rise neighborhoods, as is bush/
scrubland with scattered trees and low plants.
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FIGURE 5. The confusion matrices (values as percentages) of the original and final labels (refined by majority voting) versus the votes cast 
by the label validation crew for the polygons of the evaluation cities selected in Tables 2 and 3: (a) polygon-wise assessment of the original 
labels, (b) pixel-wise assessment of the original labels, (c) polygon-wise assessment of the final labels, and (d) pixel-wise assessment of final 
labels.
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Given the accordance with the findings of Bechtel et 
al. [28], the semantic subtleties of the LCZ classification 
scheme as well as a mean class confidence of approximately 
80% before refinement by majority voting and 85% after 
refinement, the So2Sat LCZ42 data set can be considered 
a reliable source of labels for the training of machine-
learning procedures aimed at automated LCZ mapping on 
a larger scale.

BASELINE CLASSIFICATION ACCURACY
To provide a baseline for achievable LCZ classification ac-
curacy, we performed classification on the So2Sat LCZ42 
data set using popular classifiers, including classical RFs, 
SVMs [30], and an attention-based ResNeXt, as proposed in 
[47] and [48]. 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 
the SVM in the experiment. The depth of the ResNeXt is 
29 layers, 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, stan-
dard deviations, and mean) of each band. All of the clas-
sifiers 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 data set can be seen in Table 5. The 
accuracy measures include overall accuracy, averaged accu-
racy, and the kappa coefficient. In addition, weighted ac-
curacy, introduced in [28], is considered, because it gives 

user-defined weights to confusions between different class-
es. For example, misclassifying compact high rise as com-
pact middle rise is less critical than mistaking compact high 
rise for water and, thus, should be penalized less.

DISCUSSION
The goal of this article is to provide documentation about 
a large benchmark data set for LCZ classification from Sen-
tinel-1 and Sentinel-2 satellite data. Since the Sentinel data 
are openly available for the whole globe, the main inten-
tion of the data set is to enable the training of models that 
can be generalized to any unseen areas of the world. This is 
ensured by sampling the data from 52 cities located on all 
inhabited continents. In spite of these promising character-
istics, two major challenges must be noted.

First, LCZs are sometimes hard to distinguish. As the 
label validation results shown in the “Label Evaluation sec-
tion” illustrate, it is extremely difficult to distinguish some 
LCZ classes, even if human experts investigate several data 
sources (such as high-resolution optical imagery and 3D 
building models like those available in Google Earth). This 
especially holds for the distinction of different height levels 
in compact areas, but it is also true for open areas, which 
comprise both open land/vegetation and building struc-
tures. This must be acknowledged as a natural limitation 
when tackling LCZ mapping with remote sensing data. The 
limitation can be solved only by combining remote sens-
ing data with other data sources, such as information from 
social media data.

Second, learning a generic LCZ prediction model is chal-
lenging. As described in the “Content of the So2Sat LCZ42 
Data Set” section, the test and training sets are completely 
disjunct, with the test cities being distributed across the 10 
major cultural regions of the inhabited world. Therefore, 
results achieved on this data set can be considered a good 
measure of how well the trained model would generalize 
to completely unseen data. In this regard, overall accura-
cies between 50% and 60% can already be considered 
promising—especially for a target scheme comprising 17 
difficult-to-distinguish classes. Nevertheless, there is still 
room for improvement, as usually an accuracy of at least 
approximately 85% to 90% is required for land-cover map-
ping purposes, according to Anderson [49].

We hope that the community is eager to tackle these 
challenges and puts the So2Sat LCZ42 data set to good use 
to achieve significant progress in the global mapping of cit-
ies into LCZs.

CONCLUSIONS AND OUTLOOK
This article introduced a unique data set that contains man-
ually labeled LCZ reference data as well as coregistered Senti-
nel-1 and Sentinel-2 image patch pairs for more than 42 cities 
and 10 smaller areas across the six inhabited continents on 
Earth. The article described the carefully designed labeling 
process and a rigorous evaluation procedure that ensures the 
quality of the data set. Despite the fact that each LCZ class is 

TABLE 4. THE MAIN SOURCES OF CONFUSION FOR THE LCZ 
CLASSES WITH LESS CONFIDENCE.

LOW CONFIDENCE CLASS MAJOR CONFUSION CLASSES

3. Compact, low rise 2. Compact, mid rise

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

D. Low plants

TABLE 5. THE CLASSIFICATION ACCURACY FROM THREE 
BASELINE METHODS, WITH SENTINEL-2 IMAGES IN THE 
PROPOSED DATA SET.

METHOD OA WA AA KAPPA

RF 51% 87% 31% 0.46 

SVM 54% 88% 36% 0.49 

ResNeXt-CBAM 61% 92% 51% 0.58 

AA: averaged accuracy; CBAM: convolutional block attention module OA: overall accuracy; 
WA: weighted accuracy.
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quantitatively defined in the original article,  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 distinguished by the hu-
man eye from aerial images during labeling. This renders 
the entire labeling process highly labor intensive. 

Still, we were able to achieve an average class confidence 
of 85% through our human evaluation procedure with in-
dependent voting by 10 experts. Hence, this data set is a 
reliable source for the training of machine-learning pro-
cedures, and it can be considered a challenging and large-
scale data fusion and classification benchmark data set for 
cutting-edge machine-learning methodological develop-
ments. Examples for possible research directions include 
the following.

 ◗ 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, 
transferability of the models will be a key to achieving 
good classification results on a global scale.

 ◗ Radar and optical data have 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 a global LCZ 

classification map using multisensory remote sensing im-
ages, which will be made available to the community. Such 
geographic information seems trivial for developed coun-
tries, but it is still very scarce on the global scale. For ex-
ample, 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 informa-
tion source for urban building volume and distribution. A 
global LCZ map will strongly boost urban geographic re-
search and help us develop a better understanding of global 
urbanization. For this purpose, we invite everyone to con-
tribute by using this data set and developing new, sophisti-
cated algorithms.
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A B S T R A C T

Human settlement extent (HSE) information is a valuable indicator of world-wide urbanization as well as the
resulting human pressure on the natural environment. Therefore, mapping HSE is critical for various environ-
mental issues at local, regional, and even global scales. This paper presents a deep-learning-based framework to
automatically map HSE from multi-spectral Sentinel-2 data using regionally available geo-products as training
labels. A straightforward, simple, yet effective fully convolutional network-based architecture, Sen2HSE, is
implemented as an example for semantic segmentation within the framework. The framework is validated
against both manually labelled checking points distributed evenly over the test areas, and the OpenStreetMap
building layer. The HSE mapping results were extensively compared to several baseline products in order to
thoroughly evaluate the effectiveness of the proposed HSE mapping framework. The HSE mapping power is
consistently demonstrated over 10 representative areas across the world. We also present one regional-scale and
one country-wide HSE mapping example from our framework to show the potential for upscaling. The results of
this study contribute to the generalization of the applicability of CNN-based approaches for large-scale urban
mapping to cases where no up-to-date and accurate ground truth is available, as well as the subsequent monitor
of global urbanization.

1. Introduction

Human settlement extent (HSE), which is characterized by build-
ings, roads, and other man-made structures, is an essential indicator of
the human footprint on the Earth. Moreover, it is an expression of the
impact of ongoing worldwide urbanization. According to (United
Nations, 2018), 55% of the world's population now lives in urban areas,
a proportion that is expected to increase to 68% by 2050. To better
understand drivers and interactions between urbanization and social
and environmental processes, it is thus necessary to obtain accurate and
up-to-date HSE data.

Recent years have seen a proliferation of studies related to HSE
mapping, among which remote sensing-based approaches have gained
more and more attention due to their inherent ability to frequently and
regularly observe the land surface on a global scale. With this unique
property, several remote sensing-based global products related to HSE
have become available. One, the Global Urban Footprint (GUF), was
derived using TerraSAR-X as well as TanDEM-X Synthetic Aperture

Radar (SAR) images (Esch et al., 2012; Esch et al., 2013). Another, the
Global Human Settlement (GHS) built-up grid, was derived from the
Landsat as well as the Sentinel-1 image collections. GHS built-up grid is
a product derived within the GHSL image analytics framework, which
also utilizes remote sensing images from other missions such as SPOT-5
and 6 (M. Pesaresi, D. Ehrlich, S. Ferri, A. Florczyk, S. Freire, M. Halkia,
A. Julea, T. Kemper, P. Soille, V. Syrris, Operating procedure for the
production of the Global Human Settlement Layer from Landsat data of
the epochs, 1975; Corbane et al., 2017). Still others, the GlobeLand30
land cover map and the Global Human Built-up And Settlement Extent
(HBASE), were derived from the 30 m resolution Landsat data (Chen
et al., 2017; Wang et al., 2017). There are several other global land
cover maps, such as finer resolution observation and monitoring of
global land cover with 30 m (FROM-GLC30) and 10 m (FROM-GLC10)
resolution, Global Land Cover 2000 (GLC2000) with 1 km resolution,
and those derived from Moderate Resolution Imaging Spectrometer
(MODIS) data with 500 m resolution, which are also produced using
remote sensing image analysis (Gong et al., 2013; Gong et al., 2015;
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Bartholome and Belward, 2005; Friedl et al., 2002). It is difficult to
compare these products directly as they each have slightly different
foci. Generally, among these products, GUF outperforms the others
(Marconcini et al., 2019), especially in rural areas where most of the
products fail to detect impervious surfaces. GUF, however, is not fea-
sible for frequent update as it was derived from the relatively expensive
high resolution TerraSAR-X and TanDEM-X SAR images.

Novel approaches for urban mapping explore cloud computing
services like Google Earth Engine and the large amount of remote
sensing data it offers (Patel et al., 2015; Goldblatt et al., 2018; Liu et al.,
2018). In these examples, it is expected that the globally available
multi-spectral Sentinel-2 data, with a 5-day temporal resolution and 10-
meter spatial resolution, are going to play a key role in more accurate
HSE mapping at a large or even global scale, with the potential for
frequent monitoring of global urbanization. This is already being shown
by some regional-scale studies, with similar applications on urban im-
pervious surface mapping (Xu et al., 2018) and land cover mapping
(Gong et al., 2015; Qiu et al., 2019).

In the past, urban mapping approaches typically started by ex-
tracting hand-crafted features such as the normalized difference spec-
tral vector (NDSV) and the gray-level co-occurrence matrix (GLCM),
followed by feeding the extracted features into a traditional classifier
such as Random Forests (Patel et al., 2015; Ban et al., 2015; Chini et al.,
2018), and ending with post-processing to remove potential mis-clas-
sifications. However, as a form of semantic segmentation task (or pixel
level labeling), HSE mapping can theoretically be carried out through
deep learning-based approaches, because plenty of neural network ar-
chitectures have been proposed and shown to be powerful for semantic
segmentation tasks. For example, SegNet, U-Net, the deconvolution
network, as well as other improved variants based on multi-scale con-
text fusion, attention mechanisms, and recurrent neural networks, were
all proposed after fully convolutional networks (FCNs) were introduced
in 2015 (Badrinarayanan et al., 2017; Long et al., 2015; Noh et al.,
2015; Badrinarayanan et al., 2017; Ronneberger et al., 2015). The
fundamental advantage of all these deep neural networks is their ability
for enhanced feature representation and pixel-level recognition. Ex-
amples where convolutional neural networks (CNN) and, in particular,
FCNs are used for remote sensing image classification or segmentation
include (Paisitkriangkrai et al., 2016; Maggiori et al., 2016; Längkvist
et al., 2016; Maggiori et al., 2016; Fu et al., 2017; Volpi and Tuia, 2016;
Rußwurm and Körner, 2018; Zhang et al., 2019; Zhong et al., 2019; Hu
et al., 2019; Lang et al., 2019; He et al., 2018). Apart from the works
focusing on very high resolution satellite or aerial imagery (i.e., with a
ground sampling distance equal to or even less than 1 m), data of lower
spatial resolution is also being studied, since the images of lower re-
solutions such as globally openly available Sentinel-2 imagery remain
the key candidates for large-scale mapping (Helber et al., 2019; Sumbul
et al., 2019).

Good performance, however, is not guaranteed when directly em-
ploying these existing approaches for large-scale HSE mapping from
Sentinel-2 images. There are three reasons for this, each with possible
solutions. First, getting sufficient reliable pixel-wise ground truth data,
a major prerequisite for deep learning-based approaches, is more
challenging than labelling standard photos that are the main subject of
computer vision research. Therefore, we suggest to create annotations
by exploiting geo-referenced map products such as the CORINE Land
Cover data (Sumbul et al., 2019) and the MOD500 data (Schmitt et al.,
2019; He et al., 2018), as well as governmental data (Rußwurm and
Körner, 2018), which contains information relevant to the task one
seeks to achieve. Second, remote sensing images differ significantly in
appearance from the close-range images used in the standard literature
on scene segmentation (Zhu et al., 2017). As mentioned before, remote
sensing images are usually not with the same high resolution, and
multi-spectral remote sensing images come with more bands than
conventional photographs. Furthermore, they usually capture large
geographical areas with different kinds of land cover, with occlusions,

and with illumination changing over time and space. Taking these
characteristics into account, downsampling should be avoided to fully
exploit the rich information within the remote sensing data. Finally, the
specific application scenarios, which in this study is large-scale or even
global HSE mapping, should always be taken into account in the whole
framework. This means that a spatial split of training and test data
should be well designed (Geiß et al., 2017), and it is not enough to train
a model with high test accuracy on a single experimental test set. In-
stead, the framework should include further applying the trained model
on images acquired over all potential regions of interest, for which
reasonable accuracy should also be achieved. This requires a robust
model in the face of spectral signature changes resulting from social and
cultural differences and changing acquisition conditions. Therefore, an
independent accuracy assessment should be carried out in order to
comprehensively assess the mapping results. In this way, a reliable in-
terpretation and understanding of the performance of the framework
will be gained.

This paper will present a framework that takes into account the
three problems described above, by fully exploiting state-of-the-art al-
gorithms and techniques, as well as the freely available global satellite
images of the Sentinel-2 mission for large-scale HSE mapping. We
propose a framework for large-scale HSE mapping from Sentinel-2
imagery using deep learning-based approaches with three major parts:
(1) preparation of labels and image data, (2) training a well-general-
izing semantic segmentation network to learn to map HSE from
Sentinel-2 images (Sen2HSE-Net), and (3) a statistically sound accuracy
assessment of the HSE results. This study is intended to provide answers
to the following questions: How can large-scale HSE mapping benefit
from CNNs and remote sensing images of medium resolution, in a si-
tuation where potentially noisy ground truth data is only available at a
regional scale? How will the network architecture and experimental
setup affect the mapping results? How good are the resulting HSE maps,
compared to the existing state-of-the-art products derived at a similar
scale?

The remainder of this paper proceeds as follows: Section 2 elabo-
rates the proposed HSE mapping approach. Section 3 details descrip-
tions about the study area and the experimental setup. Section 4 eval-
uates the HSE mapping accuracy and visualizes and compares the
produced HSE maps to GUF, the GHS built-up grid, and other datasets
from recent studies such as FROM-GLC10, for several sample test
scenes. The following Section 5 provides answers to the questions raised
above, based on the interpretation and analysis of the achieved results,
and discusses the remaining challenges and the possible solutions for
the future work. Finally, Section 6 summarizes and concludes the work.

2. HSE mapping with Sen2HSE-Net

Considering the spatial resolution of available reference data
(20 m), the sub-pixel geolocation accuracy of Sentinel-2 data (Drusch
et al., 2012), as well as the resolution of existing related products
(mostly lower than 20 m), the specific goal of HSE mapping in this
study is to detect whether buildings, roads, or other man-made struc-
tures are presented—that is, larger than 0% in a ×20 20 cell. Using this
definition, the resulting HSE output from Sentinel-2 imagery will be a
binary layer in the Universal Transverse Mercator (UTM) coordinate
system, with a ground sampling distance (GSD) of 20 m. This definition
is also consistent with the 30 m Global Human Built-up and Settlement
Extent (HBASE) dataset derived from Landsat, which consists of human
settlement, built-up areas, and roads (Wang et al., 2017).

The procedure used in the proposed HSE mapping framework is
illustrated in Fig. 1, which consists of image and reference data pre-
paration, deep neural segmentation network training, and HSE map-
ping and assessment. Each step will be detailed in the following sub-
sections.
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2.1. Sentinel-2 image pre-processing and reference ground truth preparation

For each of the cities under study, one (mostly) cloud-free Sentinel-2
image is prepared with Google Earth Engine (GEE) (Gorelick et al.,
2017), by exploring a cloud-based engineering approach. The proces-
sing approach, described in detail in (Schmitt et al., 2019), relies on
pixel-wise cloud detection and the combination of multi-temporal
images within short time periods. For each study area, we used three
Sentinel-2 images compiled from all data acquired for spring, summer,
and autumn 2017. The image data contains 13 spectral bands re-
presenting Top of Atmosphere Reflectance scaled by a factor of 10000.
These images are orthoimages in UTM projection. We used ten of the
bands: specifically, the channels with a GSD of 10, B2 (blue), B3
(green), B4 (red), and B8 (Near-infrared), as well as the 20 GSD bands,
B5 (red edge 1), B6 (red edge 2), B7 (red edge 3), B8a (red edge 4), B11
(short-wavelength infrared 1), and B12 (short-wavelength infrared 2).
In order to create composites with a consistent image size, we up-
sampled the second group of bands to a GSD of 10 using cubic resam-
pling. The employed reference data is “High Resolution Layer Im-
perviousness 2015,” an operational product, released as part of the
Copernicus Land Monitoring Service's product portfolio (Langanke and
Land, 2016). “High Resolution Layer Imperviousness 2015” is a raster
layer indicating built-up areas with a spatial resolution of 20 m, created
from Copernicus high resolution remote sensing images (mainly the
Indian Remote Sensing Satellite and SPOT 5). It is produced using su-
pervised classification, NDVI-based calibration, and subsequent visual
improvement. The producer and user accuracies are supposed to be
about 90%. For registration of reference data and Sentinel-2 images, the
reference data is re-projected to the UTM coordinate system and re-
sampled to the extent of the corresponding images.

As an example, Fig. 2 illustrates the processed Sentinel-2 image of
central Munich, Germany, and the reference data.

2.2. Convolutional neural networks for semantic segmentation

CNNs currently are the state of the art in visual recognition tasks
such as classification and detection, due to their ability to learn multi-
scale representations with high predictive power from example data.
They usually consist of basic layers such as convolutional layers com-
posed of weights and biases, pooling layers for a summary of connected
activations in feature maps, and activation layers for injecting non-
linearity into the models. Some recent examples architectures include
forms of the residual convolutional neural network (ResNet), ResNeXt,
Inception, and Xception (He et al., 2016; Xie et al., 2017; Szegedy et al.,
2015; Chollet, 2017), among many others. FCNs and their extensions

inherit the basic structure of CNNs and replace the fully connected
layer, i.e., the last layer in the CNNs, with a fully convolutional layer.
They feature downsampling (encoder) together with subsequent up-
sampling (decoder) to maintain the resolution of the input image in the
output map.

There are two approaches for remote sensing image classification
via deep learning: working with either patch-based CNNs designed for
image classification (Paisitkriangkrai et al., 2016; Längkvist et al.,
2016; Rußwurm and Körner, 2018; Zhang et al., 2019; Zhong et al.,
2019; Hua et al., 1907; Hua et al., 2019; Zhu et al., 2019) or encoder-
decoder-like neural networks designed for semantic segmentation
(Maggiori et al., 2016; Maggiori et al., 2016; Fu et al., 2017; Volpi and
Tuia, 2016). The former works under the assumption of just a single
label for each image patch, and applies the trained model to the image
of a study area via a sliding window approach, with the target GSD as
the stride of the sliding window. In contrast, the latter approach, FCNs
are designed to predict pixel-level labels, and after training, they can
accept inputs of arbitrary size. Their advantages are a potentially higher
accuracy resulting from the inter-patch context information (only the
intra-patch context is considered in patch-based CNN approaches), and
less expensive computation, since overlapping patches are avoided
when using the sliding window method for dense prediction.

Given both the goal of our task—to assign a label, HSE or non-HSE,
to each ×20 20 meter patch—and the advantages of pixel-level re-
cognition, we decided to combine the patch-based CNN approach and
pixel-level recognition approach. Instead of inputting a ×20 20 meter
patch into the network and outputting one label for the patch, we feed
larger patches to the network and predict labels for each ×2 2 pixels by
including one pooling (downsampling) layer in the network.

Fig. 1. Generalized framework for HSE mapping. The network is instanced as Sen2HSE-Net and compared with several baselines in this study. X and Y are Sentinel-2
image patch and HSE label, respectively.

Fig. 2. The processed Sentinel-2 image of central Munich, Germany, and the
reference data.
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2.3. Architecture and training of Sen2HSE-Net

Considering that the network should be kept as simple as possible to
make it feasible for reproduction and upscaling, we implemented a
simple FCN, the architecture of which is illustrated in Fig. 3. It consists
of four convolutional layers in the beginning to extract low-level fea-
tures from the input Sentinel-2 images, two pooling layers (maximum
and average pooling) in the middle to abstract the learned features to a
higher level, then four convolutional layers to extract high-level fea-
tures, and one convolutional layer in the end for predictions. The kernel
sizes for the two sets of four convolutional layers are ×3 3; the last
convolutional layer has a kernel size of ×1 1. Additionally, there are
two drop-out layers to avoid model overfitting to the training data,
given that the goal is to map HSE globally. No additional pooling layers
are used to avoid the information loss during downsampling process,
which is also the design idea in (Lang et al., 2019) and (Hasanpour
et al., 2016). As defined, the output prediction is with a 20-meter GSD,
while the input data is with a 10-meter GSD; thus no upsampling layers
are used.

Filter weights are initialized using the algorithm proposed by (He
et al., 2015). The number of output filters of the first convolutional
layer, f , is set as 16 in the experiments and adjusted for investigations
in Section 5. The input images and their corresponding reference labels
are used to train the network with the Nesterov Adam optimizer im-
plementation of Keras (Chollet, et al., 2015). We used a minibatch size
of 8 images and fixed learning rate of ×2 10 4. To control the training
time and avoid overfitting, early stopping was used, and the monitored
metric is the validation loss with patience of 10 epochs, which means
that the training stops if the validation loss does not decrease for 10
epochs. All the experiments were carried out using the same setups
described above, in order to make for meaningful comparisons.

3. Experimental setup

3.1. Study area and training data preparation

The training areas are five cities in Central Europe, as shown in
Fig. 4. These cities are chosen for training because the reference ground
truth data is only available in Europe. The test areas are ten cities across
the world, as shown in Fig. 4. In addition to these ten test scenes dis-
tributed across the world, three test scenes in Europe are also chosen to
provide a basis for evaluating the regional-to-global generalization
capability of the proposed framework. Table 1 describes the main
characteristics of the selected test cities, which differ in urban area,
topography, and land-cover features in the surrounding countryside.

After coregistration, HSE reference data and Sentinel-2 images were
cropped into patches of 128 × 128 px with a stride of 96 px. The final
patches were spatially split into a training and a validation subset. The

exact number of patches from each training scene is presented in Fig. 5.
The number of HSE and non-HSE pixels in the training, validation, and
test datasets in Europe is presented in Fig. 6.

3.2. Accuracy assessment strategy

Manually labeled ground truth is employed for a quantitative as-
sessment. In order to avoid human-induced bias, an equally distributed
grid is generated for each test city, in the city center area, with 2000 m
distance between each point. These manually labeled grid-based
checking points (MLGCPs), with a size of ×20 m 20 m, are manually
classified into HSE or non-HSE. This fixed distribution of check points
allows for a meaningful spatial assessment of the mapping results. For
similar reasons, three fixed subset regions, with a size of ×4 km 4 km,
distributed across the whole region of interest (ROI), are chosen for
each city for a closer view of the produced results. Fig. 7 illustrates the
three subset regions and the MLGCPs within the ROI, using Sydney as
an example. The number of test samples of all ten test scenes is pre-
sented in Fig. 8.

Furthermore, several state-of-the-art products were chosen for
comparison based on the following riteria: they should be available on a
global scale, be provided with a similar pixel spacing, and provide re-
levant information about HSE, because only similar characteristics en-
able an extensive and consistent comparison. Therefore, we chose GUF,
the GHS built-up grid, FROMGLC10, and High-resolution Multi-tem-
poral Global Urban Land (HMGUL) (Liu et al., 2018) as the baselines for
comparison and validation of the HSE mapping results produced by our
approach. The details of these reference products are provided in
Table 2. All baseline products were re-sampled to 20 m GSD for com-
parison with the produced maps in this study. For the purpose of
comparison, the “built-up” and “built-up up to 2014” are taken from
GUF and GHSL as the HSE information, respectively. Because neither of
these products should be considered as ground truth, as they were all
created by different mapping approaches, we do not test our results
against them. Instead, we compare our results to these datasets with
respect to independent references.

In addition to quantitative and visual comparisons with similar
products, a quantitative assessment is also performed with respect to
the OpenStreenMap building layer used as the ground truth reference.
Because the mapped HSE includes not only buildings but also other
man-made structures, such as roads, we only employed recall as the
indicator. That is =recall N

N
1
0
, where N0 is the number of all building

pixels based on OSM, and N1 is the number of pixels (in N0) also mapped
as HSE. This way, we are aiming at the detection rate of buildings in the
mapping results. A good HSE map should include all buildings provided
in the OSM building layer. It should be mentioned that the quality of
the crowdsourced OSM reference data is not homogeneous over the

Fig. 3. Architecture and details of Sen2HSE-Net. The terms “h”, “w”, and “f” denote height, width, and the channel number of the first feature maps, respectively. The
different size of the final prediction from the input image is due to the different resolution of the HSE prediction (with a 20-meter GSD) to the input image (with a 10-
meter GSD).
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cities and the suburban areas, as well as over developing and developed
countries, in terms of completeness and thematic accuracy (Fan et al.,
2014; Arsanjani et al., 2015; Johnson et al., 2017; Viana et al., 2019).
Therefore, in our study, the OSM-based evaluation results are only
provided as an additional rough accuracy estimate of the HSE mapping
results and should be primarily used for a relative comparison of the
results. Additionally, buildings are also included in both the GHS built-
up grid and GUF datasets, according to their definitions. Therefore, the
detection power of these two layers is also presented by the above
defined recall metric for comparison, in order to gain an intuitive es-
timation of the quality of the mapped HSE.

4. HSE mapping results

The results of the experimental assessment of the proposed HSE
mapping framework are illustrated in this section. First, accuracy as-
sessments with respect to different reference data are shown. We then
compile the comparison between the mapped HSE and the state-of-the-
art products for several cities across the world. For better evaluation,
we visualize the comparison at both the city scale and building block
scale. Finally, case studies for large-scale HSE mapping are provided to
demonstrate the upscaling potential of the proposed framework.

4.1. Quantitative assessment of HSE mapping results

For the ten globally distributed cities, accuracy assessments are
carried out with two kinds of reference data, MLGCPs and OSM. The
kappa coefficient, average accuracy (AA) of the two classes (HSE and
non-HSE), commission error, recall, and F-Score of HSE are shown in
Table 3. To provide a sense of the quality of the achieved results, we
also list the corresponding assessment results for the state-of-the-art
products, GUF and GHS.

Table 3 indicates that the achieved HSE mapping results are pro-
mising, as they provide the highest kappa, AA, recall, and F-Score on
average over ten test scenes, when compared to both of the baseline
products. In particular, we achieve the highest F-Score (with respect to
the MLGCPs) for all ten distinct test areas across the world. In addition,
more buildings (from the OSM layer) are included in the mapping re-
sults, compared to both GUF and the GHS built-up grid. This can be
seen from the improved mean recall, from 86.3% and 88.9% to 96.7%,
compared to GUF and the GHS built-up grid, respectively. This im-
provement is apparent for eight of the ten cities.

The commission error from our mapping results, however, is rela-
tively high, especially when compared to GUF, which means that the
HSE is overestimated in our results. On the one hand, this shows that

Fig. 4. Five training areas distributed across Europe and ten test areas across the world.

Table 1
Basic information of the study areas for training and test, and the urban ecoregions according to (Schneider et al., 2010).

City Urban ecoregion Area (km2)

Training scenes Berlin, Germany Temperate forest in Europe 5138
Lisbon, Portugal Temperate mediterranean 4585
Madrid, Spain Temperate mediterranean 19,360
Milan, Italy Temperate mediterranean 5512
Paris, France Temperate forest in Europe 11,561

European test scenes Amsterdam, Netherlands Temperate forest in Europe 9714
London, England Temperate forest in Europe 6711
Munich, Germany Temperate forest in Europe 7355

Test scenes beyond Europe Beijing, China Temperate forest in East Asia 11,017
Nairobi, Kenya Tropical, sub-tropical savannah in Africa 591
Rome, Italy Temperate mediterranean 2890
Rio de Janeiro, Brazil Tropical, Sub-tropical savannah in South America 2492
San Francisco (SF), USA Temperate mediterranean 1784
Santiago, Chile Temperate mediterranean 2890
Sydney, Australia Temperate forest in North America 1894
Tehran, Iran Temperate grassland in Middle East Asia 1678
Jakarta, Indonesia Tropical, Sub-tropical forest in Asia 2492
New York City (NYC), USA Temperate forest in North America 7355
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GUF is strong at excluding non-HSE from HSE. On the other hand, it is
also due to the different mapping focus (vertical artificial structures) of
GUF. Still, even considering commission error, our results are generally
better than the GHS built-up grid, which is closer to our mapping focus.
The GHS built-up grid provides the highest recall in three test scenes
with respect to the MLGCPs and two test scenes with respect to OSM.
The differences among these three results will be further analyzed in
the discussion section. Considering the varying characteristics of the
three layers, it should be mentioned that the comparison presented in
Table 3 is not intended to rank their quality, but rather to provide a
validation reference for our mapping results through comparisons.

The presence of fewer outliers in the representative test scenes
shows the good generalization ability and the robustness of the trained

model. However, the achieved results do reveal differences among
different test scenes. For instance, the result in Nairobi is worse than the
average for all three dataset. This is probably due to different urban
structures and surrounding terrains, and is indicative of the challenges
for large-scale mapping.

4.2. Qualitative assessment of HSE mapping results

The comparison of the produced HSE maps to the state-of-the-art
products can be found in Fig. 9 for the three subset test areas in Munich,
Nairobi, and Tehran. Overall, the mapped HSE results are in agreement
with the GHS built-up grid, GUF, and FROM-GLC10, while the HMGUL
is in a relative coarse resolution. From the comparison, it can also be

Fig. 5. Number of training and validation patches in our dataset.

Fig. 6. Number of pixels in training, validation, and test datasets. The test data presented here is from the three scenes in Europe.

Fig. 7. The MLGCPs and three subset regions for closer visualization within the ROI, using the city of Sydney as an example. A similar configuration is used for the
assessment of all test cases.
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seen that the mapped HSE does include roads, streets, in addition to
buildings, as expected. Some roads are also included in the GHS layer,
FROM-GLC10, and HMGUL.

Some superiority of the mapping results can be observed from
Fig. 9. For instance, the mapped HSE is able to exclude the park area
within the city, as illustrated by the second Munich subset. Also, it is
able to include small buildings surrounded by vegetation as well as GUF

does, while the GHS built-up grid and FROM-GLC10 omit most of the
buildings, as illustrated by the first Nairobi subset and the first Munich
subset. Additionally, the proposed approach is not affected by the
shadow areas of the mountains, which result in false positive results in
the GHS built-up grid, as can be seen in the third Tehran subset.

For a city-scale evaluation of the mapped HSE, the similarities and
differences from the GHS built-up grid and GUF are shown in Fig. 10 for
three representative test scenes. The visualization can be interpreted
using Table 4. The closer view of the three pre-defined subset regions
(as described in Section 3) of six sample test scenes in Beijing, Nairobi,
Rome, San Francisco, Santiago, and Sydney, are shown in Fig. 11,
where high resolution images are also presented for a detailed inter-
pretation.

Fig. 10 visualizes the overall consistency and agreement of the
produced HSE with respect to the GHS built-up grid and GUF. From the
test cases in Beijing and Sydney shown in Fig. 10, it can be seen that the
main part of a city can be detected by all three datasets, with the urban

Fig. 8. Number of MLGCPs for HSE mapping assessment. A different number of points are chosen for different cities to ensure diversity in land covers by including
different city areas.

Table 2
Description of baseline products for accuracy comparison.

Product Sensor Year Label GSD

GUF TerraSAR/
TanDEM-X

2011–2014 Built-up, with vertical
component

12

GHSL Landsat 1975–2014 Multi-epoch built-up grid 38
FROMGLC Sentinel-2 2017 Impervious surface 10
HMGUL Landsat 2015 urban 30

Table 3
Accuracy assessment of HSE mapping results from Sen2HSE-Net by kappa, AA (in percentage), commission error (CME, in percentage), recall (in percentage), and F-
Score with respect to the MLGCPs and OSM reference data. The corresponding assessment of GUF and the GHS built-up grid is also listed for comparison. Only recall
with respect to OSM is presented, given the different definitions of HSE and OSM reference.

Reference Source Beijing Nairobi Rome Rio SF Santiago Sydney Tehran Jakarta NYC Mean

MLGCPs Kappa ours 0.75 0.73 0.79 0.88 0.88 0.90 0.78 0.67 0.89 0.82 0.81
GUF 0.64 0.70 0.75 0.81 0.81 0.75 0.81 0.76 0.60 0.62 0.73
GHSL 0.54 0.37 0.77 0.74 0.87 0.65 0.77 0.70 0.36 0.72 0.65

AA ours 87.6 86.1 88.2 94.4 93.8 94.8 88.6 81.8 94.4 91.0 90.1
GUF 81.9 84.7 85.9 89.0 88.9 88.4 91.0 88.5 80.7 83.9 86.3
GHSL 77.2 68.0 87.8 90.1 95.4 83.7 88.4 85.6 65.9 85.3 82.7

CME ours 17.4 4.8 6.3 9.6 6.8 5.9 15.8 15.1 8.2 6.6 9.7
GUF 16.3 3.4 5.5 5.8 8.9 3.4 4.6 6.0 12.7 4.3 7.1
GHSL 26.1 3.3 11.6 26.9 14.0 4.7 13.8 9.0 26.3 11.7 14.7

recall ours 93.6 75.6 79.6 92.2 96.5 96.4 99.1 95.2 92.3 93.4 91.4
GUF 77.9 71.8 74.2 80.2 80.4 80.3 86.7 83.2 84.0 73.6 79.2
GHSL 80.8 37.2 81.7 95.6 96.1 71.8 94.0 80.5 94.2 91.7 82.4

F-Score ours 0.88 0.84 0.86 0.91 0.95 0.95 0.91 0.90 0.92 0.93 0.91
GUF 0.81 0.82 0.83 0.87 0.85 0.88 0.91 0.88 0.86 0.83 0.85
GHSL 0.77 0.54 0.85 0.83 0.91 0.82 0.90 0.85 0.83 0.90 0.82

OSM recall ours 97.9 92.2 93.8 93.3 99.1 99.1 97.8 97.6 98.1 97.7 96.7
GUF 89.7 84.2 90.1 84.1 77.6 91.2 87.0 87.8 81.5 90.1 86.3
GHSL 92.9 72.6 92.1 97.3 98.0 72.2 96.9 73.0 96.4 97.9 88.9

The numbers in bold are the highest accuracy among the three layers.
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morphology being shown clearly. The test in Nairobi shows obvious
disagreement among these three datasets, which is also noticeable in
the other test scenes and will be further analyzed in the discussion
section. Fig. 10 qualitatively shows the general feasibility of the pro-
posed HSE mapping framework and can be further confirmed by the
closer view in Fig. 11. By comparing the high resolution images in
Fig. 11, we can see that in general our results are able to provide a
compact boundary between HSE and non-HSE under a variety of en-
vironments in cities across the world. A detailed analysis of this vi-
sualization will be presented in the discussion section, providing more
evidence of the outstanding performance of the proposed framework.

4.3. Examples of regional-scale and country-wide HSE mapping

In order to validate the stability of the proposed framework, we
tested the workflow on a regional-scale and country-wide HSE mapping
task, in Henan province, China and in Denmark. The total area of each
is about 167,000 and 42,933 km2, respectively. The HSE mapping re-
sults are shown in Figs. 12 and 13. The general urban pattern is suc-
cessfully mapped for both examples, as can be seen when they are
compared with high resolutions satellite images. This test demonstrates
the general performance and the potential for upscaling of the pre-
sented framework.

Fig. 9. Comparison of the produced HSE results to four state-of-the-art products for three pre-defined subsets in three test scenes.

C. Qiu, et al. ISPRS Journal of Photogrammetry and Remote Sensing 163 (2020) 152–170

159



5. Discussion

In the section, we provide some empirical evidence of the frame-
work setup and network design, as well as addressing the problems and
questions posed in Section 1, using insights gained from the extensive
experimental results presented in Section 4 and some additional in-
vestigations. This section will also discuss some lessons learned that are
relevant to similar topics and further possible improvements toward
more accurate and operational HSE mapping.

5.1. Choice of the proposed framework

To demonstrate the rationale behind our design choice, this section
provides some sensitivity analyses. The achieved results are first com-
pared to those from several state-of-the-art baseline methods in Section
5.1.1. In addition, two different ways of splitting of training and vali-
dation data are compared to justify our experimental setup. Last, the
effect of network depth and width are investigated for the employed
architecture, to provide more insights into our approach.

5.1.1. Comparison with baseline methods
The achieved HSE mapping results from the proposed Sen2HSE-Net

are compared to those from baseline networks in Table 5 for test, both
beyond and within Europe. Table 5 shows that the proposed shallow
network with 9 layers is able to provide even better mapping accuracy
than the much deeper and relatively complicated U-Net (Ronneberger
et al., 2015), with more trainable parameters. In addition, the achieved
results from Sen2HSE-Net are much more accurate than those from
ResNet-PSPNet (Zhao et al., 2017), ResNet-FCN-8 (Long et al., 2015),
and attention-based FCN (Fu et al., 2018), which have been shown to be
more powerful for detailed semantic segmentation. One possible reason

is the information loss from the pooling layers in the encoding process
(by ResNet), which is not suitable for our HSE mapping task and Sen-
tinel-2 data. Furthermore, this loss cannot be compensated, even with
the sophisticated design of the decoding part, either with pyramid scene
parsing by ResNet-PSPNet, or upsampling with low-level features con-
sidered by ResNet-FCN-8, or attention modules proposed in (Fu et al.,
2018). These observations confirm the assumptions that motivate our
framework design: good performance is not guaranteed when simply
and directly using the state-of-the-art networks for remote sensing
tasks. Instead, characteristics of both the task and data need to be in-
tegrated into the network design. Additionally, Table 5 shows that it is
possible to use a simple FCN to achieve promising HSE mapping results,
instead of relying on the existing rather sophisticated networks. Even
though comparable results can be achieved from directing employing
U-Net, the proposed Sen2HSE-Net is much lighter, which is significant
for large-scale mapping.

5.1.2. Effect of training and validation data split
Testing performance depends on how the training and validation

datasets are split, because validation data provides hints of the progress
during training and is the basis for choosing the best trained model. To
understand the influence of the choice of validation data on the even-
tual test results, we have investigated two different variants of valida-
tion data selection. It has to be noted that the validation data is always
chosen as a subset of the training set from the training scenes, whereas
the test data in this study always came from test scenes and remained
unseen during training.

This effect is shown in Table 6, with both the proposed Sen2HSE-Net
and the standard segmentation network, U-Net, as examples. Random
split is randomly choosing about 25% of the data from each training
city as the validation dataset, while spatial split is extracting about 25%

Fig. 10. Produced HSE maps of three representative test scenes, compared to the reference GUF and GHSL built-up grid datasets.
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of the upper left part of each city as the validation dataset. Spatial split
is also what is used in this study. As described in Table 1, the models are
tested on test data that are completely unseen during training. From the
illustration in Table 6, we can see that spatial split is better than
random split, since almost all metrics are better from a spatial split,
which is true for both networks. This may be because the distribution of
training and validation data is more similar in random split than spatial
split, which leads to a validation accuracy that is closer to the training
accuracy. As a result, the chosen model is optimal for the training areas,

rather than the unseen test areas.

5.1.3. Effect of network depth and width
It is important to know whether better HSE mapping results can be

achieved from a deeper and wider version of Sen2HSE-Net using the
setup of this study. Table 7 sheds light on this potential improvement,
by comparing the results of one wider and three deeper versions, as well
as the number of trainable parameters in each network. From these
comparisons, we observe no gain from a wider network and a slight
improvement from a deeper network. Interestingly, the improvement is
not present when the depth increases further, from depth 13 to 17 and
21. This might result from the characteristics of the task, the use of
Sentinel-2 images, which are not high resolution, as well as the testing
choice (in unseen areas).

Fig. 10. (continued)

Table 4
Interpretation of the colors in Fig. 10. FP and FN are false positive and false
negative, i.e., commission error and omission error, respectively.
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5.2. Analysis of the HSE mapping framework

While the quantitative and qualitative results presented in Section 4
have shown the promising performance of our framework, there are
some details requiring analysis for a better understanding of both the
method and the produced results. These details will be addressed in this
subsection.

5.2.1. Mapping power of the proposed framework
The goal of this study is to explore a better solution for mapping

HSE with the potential of upscaling. Fig. 14 illustrates the HSE mapping
power, with some positive examples in test scenes in New York City,
Rio, and Tehran. In the examples in Fig. 14, only our solution is able to
include sparse buildings and buildings on the boundaries, surrounded
by trees and gardens, as the purple outlines indicate the areas that are
only mapped by our results and are missed by the other two baseline

products. This can also be observed in the first subset in Beijing, the first
subset in Nairobi, and the first subset in Santiago, as shown in Fig. 11.
In the second subset of Fig. 14, only our result is able to exclude the soil
ground from the mapping results, as the blue outlines indicate areas
mapped by other layers but not by our results. This can also be seen in
the second subset of Beijing and the third subset of Nairobi, as shown in
Fig. 11. The red and cyan color outlines indicate areas that are not
mapped by GUF and GHSL, respectively. Since these areas are mapped
not only by our results but also by one of the baseline datasets, they are
very likely HSE, and correctly detected by our approach. This can be
seen from the third subset in Fig. 14, as well as the first subset in
Nairobi, the first subset in Rome, and the second subset in Sydney in
Fig. 11.

More evidence of the mapping power of the proposed framework
can be seen in Fig. 15, a close-up of Fig. 12, where we are able to detect
buildings in small villages as well as GUF, which is derived from very

Fig. 11. Closer view of the three subsets of sample test scenes distributed across the world, overlaid on high resolution images. The high resolution images are also
shown for detailed interpretation.
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high resolution SAR images. The other products unfortunately fail to
map these areas. This also shows the improvement of space over current
land cover mapping at global scale, especially in rural areas.

Jointly considering the accuracy assessment with respect to the
MLGCPs and the OSM building layer shown in Table 3, as well as the
visualizations at different scales in Figs. 10 and 11, we conclude that
HSE maps can be created by the proposed approach, with comparable
or even better quality than state-of-the-art products. Generally good
results can be achieved, even in test cities with various typologies of
urban areas and vegetation, different climate, and diverse culture re-
gions. This finding suggests the proposed framework's potential for
generalizing and upscaling. Furthermore, the assessment of the ex-
perimental results provides evidence that the motivation for setting up
the framework is valid. That is simple FCNs and the multi-spectral
images from the Sentinel-2 mission are indeed valuable for large-scale
HSE mapping and could be exploited to produce large-scale HSE maps
with a 20 m GSD. Also, this work demonstrates that not having highly
accurate pixel-level ground truth does not hinder the successful

adaptation of deep neural networks to the application of HSE mapping.
However, some problems in the current mapping results remain, as

shown by the negative examples from test scenes in New York City and
Tehran in Fig. 16. In the first subset, there are still some buildings
omitted by our mapping results, and in the second subset, there is still
an area omitted only by our approach. In addition, some overestimation
can be seen in the third subset; this can also be observed in the first
subset of Rome and the third subset of Santiago in Fig. 11. This over-
estimation, i.e., a commission error, is inherent to the definition of the
task and the setup of the framework. Specifically, the goal is to detect
whether there is HSE in a 20 by 20 m cell. Therefore, the boundaries
tend to be identified as HSE. Possible approaches for improvement will
be proposed in Section 5.3.

5.2.2. Differences between HSE mapping results and baseline products
Comparisons in Section 4 also reveal some notable differences

among our HSE mapping results, GHS built-up grid, GUF, FROM-
GLC10, and HMGUL. These differences are further visualized in Fig. 17

Fig. 11. (continued)
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for four distinct areas around the world. Similar to the HSE mapped by
our approach, both GHSL and HMGUL include not only buildings but
also impervious surfaces such as roads and parking lots, even though
they are not focused on impervious surfaces. This is because the
medium-resolution data employed is not enough to exclude small gaps
among buildings, especially when the gaps are covered by the same
materials as buildings. It is thus challenging to distinguish these areas
that are highly related to HSE and bear a similar spectral signature as
buildings when using the spectral information from optical satellite
images. In contrast, GUF does not contain such impervious surfaces, as
can be seen from the red regions in Figs. 10 and 11. This is because GUF
focuses more on vertical building structures, removing roads and paved
surfaces during the post-editing period (Esch et al., 2017). It is also due
to the peculiarities of the SAR images used for the production of GUF.
The local speckle information and the texture information in the SAR
images makes it possible to specifically detect vertical structures such as
buildings (Klotz et al., 2016; Qiu et al., 2018). Specifically, buildings
are characterized by stronger back-scattering signals than airport roads,

even though they are made of the same materials. However, when using
optical satellite images, it is challenging to distinguish different land
covers within the super-class of impervious surfaces, as they share si-
milar spectral signatures. An illustrative example is the Sydney Airport
(the red cross-shape in the lower right corner of Fig. 10), where the
aircraft runways are mapped as built-up areas in both GHSL and the
result of this study.

Also due to the peculiarities of the SAR images used for the pro-
duction of GUF, some sparse trees can be mistaken as buildings, as
shown in the the first and third subset of Nairobi in Fig. 11. For GHSL,
error prone areas are forests and bodies of water, as shown in the
second subset of Rome, the first subset of San Francisco, and the third
subset of Sydney. As a result of the two phenomenon discussed above,
sparsely built-up areas surrounded by sparse forest can be challenging,
as can be seen from the “noisy” visualizations in the suburban areas in
Fig. 10.

In Fig. 17, it can be seen that FROM-GLC10 and HMGUL are subject
to obvious omission errors in Mumbai and Tokyo, respectively,

Fig. 11. (continued)
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providing one more piece of evidence for the proposed approach's im-
proved performance over state-of-the-art layers. A further comparison
between our results and GHSL shows that more roads are mapped by

our approach, as shown by the purple lines in the Nairobi and Beijing
test scenes in Fig. 10, demonstrating the powerful mapping capability of
our framework.

Fig. 12. Regional HSE mapping example in Henan (province), China. The Zhengzhou (city) area is zoomed in and compared to a high resolution image.

Fig. 13. Country-wide HSE mapping example in Denmark. The Copenhagen area is zoomed in and compared to a high resolution image.
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These characteristics of each product discussed above relate to the
differing definitions of “urban,” “human settlement,” and “built-up,” as
well as the the mapping approaches employed and the datasets used.
End users of these products in particular should take note of these
differences. On the other hand, understanding these differing char-
acteristics also makes it possible to extract complementary information
from different products for various applications.

It should be mentioned that all comparisons in this study are in-
tended merely to provide an assessment with reference to the state-of-
the-art products. The occasional inferior performance of the GHS built-
up grid and GUF is certainly partially due to temporal gaps in data
collection: the ongoing urbanization of the world has changed many
originally suburban areas to newly built-up areas after the GHS built-up
grid and GUF were released. This cannot be easily ignored, especially
for cities in developing countries, such as Beijing. This issue highlights
the necessity for up-to-date worldwide HSE information, in addition to
the existing products: GUF, with its unprecedented spatial resolutions,
the GHS built-up grid, with its multi-temporal resolution, and FROM-
GLC10, with its detailed land cover information.

5.3. Further improvements toward operational mapping

We are able to achieve state-of-the-art HSE results for several re-
presentative scenes across the world. Furthermore, comparable accu-
racy is achieved for both regional mapping (three test scenes in Europe)
and large-scale mapping (the ten world-wide distributed test cities), as
shown in Table 5. However, there is still much room for further im-
provements toward an operational large-scale—even global—process.
The improvements can mainly be achieved with respect to three as-
pects: the input satellite images, the deep neural network architectures,
and the post-processing of the mapped HSE results. First, Level-2A
Sentinel-2 images (bottom-of-atmosphere reflectance) and the spectral
ratios could bring accuracy improvement. In order to produce HSE
maps at a regular frequency, it is not enough using Sentinel-2 images
alone, especially in regions with heavy cloud cover throughout the year
such as the Southeast Asia (Stengel et al., 2017). One solution is to
employ multi-sensor, multi-temporal, and multi-modal data fusion, thus
improving accuracy and enhancing temporal and spatial sampling
(Schmitt and Zhu, 2016; Ghamisi et al., 1812; Lefebvre et al., 2016;
Hong et al., 2019; Hong et al., 2019; Hong et al., 2019; Qiu et al.,
2019). Considering the scale and aiming applications, Landsat-8 and
Sentinel-1 images could also be exploited for HSE mapping. It should be
mentioned that the proposed framework can be easily adapted for these
two datasets after proper preprocessing, like filtering for SAR images

and cloud removal for optical images. In addition to the input images,
improvement can also be realized via an ensemble with other deep
CNNs in order to take advantage of their complementary characteristics
and heterogeneous properties, as demonstrated by (Noh et al., 2015).
Furthermore, the performance of the proposed framework should be
further investigated and evaluated in rural areas, where built-up areas
tend to be sparse and can be easily omitted. Finally, once the HSE re-
sults are acquired, further post-processing could be carried out in-
dependently for each city. For instance, a conditional random field
could be applied to the output mapping results, in order to homogenize
the segmentation (Maggiolo et al., 2018). Furthermore, in this process,
any locally available datasets such as census data, as well as prior
knowledge, could be exploited. Other directions worth exploring in-
clude adapting the trained model with semi-supervised learning-based
strategies and transfer learning, including multitask learning, domain
generalization, and domain adaptation, for the purpose of better gen-
eralization (Tuia et al., 2016).

6. Conclusions and outlook

Detailed and up-to-date HSE maps provide essential information
about the human footprint on the earth, thus making sustainable de-
velopment possible via proactive conservation. This paper presents a
framework for large-scale HSE mapping from Sentinel-2 images, by
exploiting a shallow yet effective FCN for semantic segmentation. In
particular, the newly proposed framework takes advantages of globally
available images from the Sentinel-2 mission, featuring medium spatial
resolution, high revisit time, and multi-spectral imaging. As demon-
strated in this paper, higher accuracy than state-of-the-art products can
be achieved with the proposed approach. Our main conclusions and
contributions can be summarized as follows:

• We propose a deep learning-based framework for large-scale HSE
mapping from medium resolution Sentinel-2 images (10 m and 20 m
GSD) with a small amount of reference data (with a temporal gap)
from Europe. No manually labeled data is needed in the framework.
This framework is potentially applicable for images from other sa-
tellites, such as Landsat and Sentinel-1, and the specific network
architecture used in this study can be replaced by other state-of-the-
art architectures or improved versions.

• We propose the use of a simple FCN instead of the sophisticated ones
originally proposed for high resolution images, to avoid overhead
and facilitate upscaling. The design choice of the framework is
supported by comparisons with several baselines and investigations

Table 5
Results from Sen2HSE-Net and three baseline semantic segmentation networks, tested in areas beyond and within Europe.

Method test beyond Europe test in Europe network
Kappa AA recall F1 Kappa AA recall F1 layer # of Para.

Sen2HSE-Net 0.809 90.1% 91.4% 0.906 0.802 90.5% 84.4% 0.834 9 1,124,866
U-Net (Ronneberger et al., 2015) 0.804 90.3% 90.4% 0.903 0.788 89.3% 81.7% 0.822 24 31,036,872
ResNet-PSPNet (Zhao et al., 2017) 0.655 82.8% 80.3% 0.824 0.644 80.3% 64.5% 0.697 58 28,550,594
ResNet-FCN-8 (Long et al., 2015) 0.740 87.2% 89.3% 0.875 0.719 84.8% 73.0% 0.762 60 31,960,710
FCN + dual attention (Fu et al., 2018) 0.785 89.4% 86.3% 0.888 0.760 85.2% 72.4% 0.795 27 14,405,056

Table 6
Results from different approaches to splitting of training and validation datasets, tested in completely unseen areas both beyond and within Europe.

Network and data split Test beyond Europe Test in Europe
Kappa AA recall F1 Kappa AA recall F1

Sen2HSE-Net spatial 0.809 90.1% 91.4% 0.906 0.802 90.5% 84.4% 0.834
random 0.788 89.1% 87.7% 0.891 0.798 89.6% 82.1% 0.830

U-Net spatial 0.806 90.0% 90.2% 0.902 0.801 89.2% 81.1% 0.832
random 0.805 90.1% 87.7% 0.897 0.791 88.5% 79.5% 0.824
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on the depth and width of the network as well as the experimental
setup.

• We achieve HSE mapping results that are better than the state-of-
the-art products, for several representative cities from six continents
across the world. In order to carry out a fair comparison among
different products and avoid human behavior-induced bias, two
approaches for quantitative assessments, in addition to city-scale
and building block-scale visualizations, are performed. Differences
among HSE-related datasets are analyzed. HSE mapping examples at
regional and country scale demonstrate the general performance of
the framework.

We hope that our work encourages the explorations of the deep-
learning-based approaches along with the rich array of geo-coded
products for large-scale urban mapping. To this end, we will publish the
trained models so that researchers can extract the HSE information of a
specific region of interest via the proposed framework. Trained models
and sample data are available at https://github.com/ChunpingQiu/
Human-settlement-extent-detection-from-Sentinel-2-images-via-fully-
convolutional-neural-networks-. Our future work includes further im-
proving the mapping results of a specific region of interest.
Additionally, the newly acquired Sentinel-2 images will allow for more
timely and frequent HSE mapping and the 10- and 20-meter pixel

Table 7
Results from Sen2HSE-Net of varying depth and width. All comparing networks employ the same overall architecture as Fig. 3. The result in the first row is from the
configuration used in Section 4.

Network test beyond Europe test in Europe
# of first Conv layer # of Para. Kappa AA recall F1 Kappa AA recall F1

f = 16 2 + 2 + 2 + 2 + 1 1,124,866 0.81 90.1% 91.4% 0.91 0.80 90.5% 84.4% 0.83
3 + 3 + 3 + 3 + 1 1,874,098 0.82 90.6% 93.1% 0.91 0.80 90.4% 84.2% 0.83
4 + 4 + 4 + 4 + 1 2,623,330 0.81 90.1% 91.5% 0.90 0.80 90.7% 85.0% 0.84
5 + 5 + 5 + 5 + 1 3,372,562 0.80 89.7% 92.5% 0.90 0.80 90.3% 84.2% 0.83

f = 32 2 + 2 + 2 + 2 + 1 4,493,826 0.81 90.1% 90.0% 0.90 0.80 89.0% 80.7% 0.83

Fig. 14. Closer view of some positive examples, with the same legend as in Fig. 10. Colors can be interpreted according to Table 4.

Fig. 15. Closer view of the HSE mapping power of the proposed framework, with an example around the location of longitude 113.2072 and latitude 32.6849.
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Fig. 16. Closer view of some negative examples, with the same legend as in Fig. 10. Colors can be interpreted according to Table 4.

Fig. 17. Differences among HSE-related datasets. Red areas are mapped areas from existing products based on Table 2. Four distinct areas are chosen to present
highly heterogeneous urban structures from different parts of the world.
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spacing of Sentinel-2 images will allow for more detailed and accurate
HSE mapping than those employing multi-spectral Landsat images with
30-meter pixel spacing. The promising results also motivate us to map
more detailed multi-temporal HSE information from Sentinel-2 images
in future.
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A B S T R A C T

The local climate zone (LCZ) scheme was originally proposed to provide an interdisciplinary taxonomy for urban
heat island (UHI) studies. In recent years, the scheme has also become a starting point for the development of
higher-level products, as the LCZ classes can help provide a generalized understanding of urban structures and
land uses. LCZ mapping can therefore theoretically aid in fostering a better understanding of spatio-temporal
dynamics of cities on a global scale. However, reliable LCZ maps are not yet available globally. As a first step
toward automatic LCZ mapping, this work focuses on LCZ-derived land cover classification, using multi-seasonal
Sentinel-2 images. We propose a recurrent residual network (Re-ResNet) architecture that is capable of learning
a joint spectral-spatial-temporal feature representation within a unitized framework. To this end, a residual
convolutional neural network (ResNet) and a recurrent neural network (RNN) are combined into one end-to-end
architecture. The ResNet is able to learn rich spectral-spatial feature representations from single-seasonal ima-
gery, while the RNN can effectively analyze temporal dependencies of multi-seasonal imagery. Cross validations
were carried out on a diverse dataset covering seven distinct European cities, and a quantitative analysis of the
experimental results revealed that the combined use of the multi-temporal information and Re-ResNet results in
an improvement of approximately 7 percent points in overall accuracy. The proposed framework has the po-
tential to produce consistent-quality urban land cover and LCZ maps on a large scale, to support scientific
progress in fields such as urban geography and urban climatology.

1. Introduction

The local climate zone (LCZ) scheme has been developed primarily
for the communication of meta-data produced by observational urban
heat island (UHI) studies and has a broad range of applications, in-
cluding classifying weather stations and assessing social inequality
(Stewart, 2011). The 17 LCZs that have been developed document cli-
mate-related surface properties at a local scale in urban environments.
The LCZ scheme primarily considers surface cover (e.g., paved, low
plants, or water), 3D surface structure (e.g., height and density of
buildings and trees), and anthropogenic parameters such as anthro-
pogenic heat output from human activity (Demuzere et al., 2019). The
scheme classifies urban landscapes into ten “built” and seven “natural”
zones, as shown in Fig. 1. It is intended to be universally applicable to
urban environments worldwide, thereby offering the possibility of
comparative analysis and the monitoring of portions of different cities
across the world in a consistent manner (Bechtel et al., 2015).
In addition to its strong usefulness in urban climate studies (Stewart

and Oke, 2012; Stewart et al., 2014; Fenner et al., 2017; Quan et al.,
2017; Quanz et al., 2018; Kotharkar and Bagade, 2018), the potential of
LCZ for classifying the internal urban structure of human settlements, to
provide auxiliary data for applications such as disaster mitigation,
urban planning, and population assessment (Bechtel et al., 2016; Wicki
and Parlow, 2017) in a rapidly urbanizing world (Taubenböck et al.,
2012) has recently been explored. Furthermore, accurate LCZ maps can
be used to extract and analyze reliable and detailed information on the
extent of human settlement to provide assistance in fulfilling the eva-
luation and monitoring requirements of the 2030 Agenda for Sustain-
able Development and provide reference information for achieving the
Sustainable Development Goal 11 (United and Nations, 2015), “Make
cities and human settlements inclusive, safe, resilient, and sustainable.”
As an example of such applications, the LCZ framework was exploited
to monitor sustainable urbanization in terms of access to safe housing
using data from an exemplary study in Pretoria and Johannesburg,
South Africa (Danylo et al., 2017).
Current large-scale LCZ mapping efforts are generally community-
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based projects that use freely available Landsat data and free software
packages (Mills et al., 2015; Bechtel et al., 2015; Ren et al., 2016). The
overall accuracies (OAs) of such classification results range from 60 to
90% and depend primarily on the knowledge and capabilities of vo-
lunteers (Ren et al., 2016; Bechtel et al., 2017; Demuzere et al., 2019).
Furthermore, community-based approaches are not well-suited to
achieving large-scale mapping that needs to be frequently updated or to
monitoring changes at fine temporal resolutions.
Another promising approach is supervised automatic LCZ classifi-

cation with satellite remote sensing images (Yokoya et al., 2017; Qiu
et al., 2018; Zhang et al., in press; Hu et al., 2018), which can poten-
tially be used for LCZ mapping on a worldwide scale without relying on
local expert knowledge for each individual city (Mills et al., 2015).
However, large-scale LCZ mapping remains difficult because of the
unavailability of sufficient high-quality training data, which hinders the
generalization of trained classifiers. This challenge has roots in the large
intra-class variability of spectral signatures resulting from regional
variations in artificial materials and vegetation and other variations in
physical and cultural environmental characteristics (Bechtel et al.,
2015). Related studies on supervised learning-based LCZ classification
fall into two categories: studies using classical shallow classifiers such
as support vector machines, random forests, and canonical correlation
forests (dos Anjos et al., 2017; Xu et al., 2017; Qiu et al., 2018); and
studies using solutions based on deep learning (Xu et al., 2017). The
latter approach is inspired by the goal of improving LCZ classification
through the use of abstract low- and high-level features learned from
data and has shown significant potential for use in other tasks, in-
cluding object detection, image recognition, and semantic segmentation
(He et al., 2016; Zhu et al., 2017; Mou et al., 2017; Wang et al., 2018;
Mou et al., 2019). However, LCZ classification accuracy is probably
limited by a general disregard of temporal information, an important
shortcoming given that more than half of the 17 LCZs are expected to
change their appearances and spectral characteristics over the course of
a year. Recently, the strong potential of recurrent neural networks
(RNNs) to harness the (temporal) dependency contained in (multi-
temporal) image sequences has been demonstrated through various
applications, including crop identification (Rußwurm and Körner,
2017), speech recognition (Greff et al., 2017), multi-label aerial image
classification (Hua et al., 2019), time series classification (Interdonato
et al., 2019), and change detection (Lyu et al., 2016; Mou et al., 2019).
However, it remains unknown how RNNs can improve LCZ classifica-
tion accuracy using multi-spectral remote sensing images, especially
over a large area.
Within this context, the primary goal of our study was to provide

further insights into the methodological aspects of LCZ mapping from
multi-seasonal earth observation data using deep learning based
methods. This study is an extension of our previous work in which we
applied a residual convolutional neural network (ResNet) without

consideration of temporal information and published the following
findings:

• Comparable LCZ classification accuracies can be achieved using
Sentinel-2 or Landsat-8 imagery; auxiliary data, such as
OpenStreetMap (OSM), Global Urban Footprint (GUF), and VIIRS
nighttime light, is not really necessary (Qiu et al., 2018).
• As a result of inter-class similarity and the class imbalance problem
in reference dataset, it is difficult to differentiate building heights
and distinguish similar LCZs using Sentinel-2 images alone (Qiu
et al., 2018; Qiu et al., 2018). For example, LCZ 2 (Compact mid-rise)
tends to be falsely classified into LCZ 3 (Compact low-rise) and LCZ 1
(Compact high-rise).
• Despite of a relatively low LCZ mapping accuracy (with average
accuracy of about 50%), a quite high weighted accuracy (95%) is
achievable (Qiu et al., 2018). As weighted accuracy focuses more on
distinguishability between the urban and natural classes than on
distinguishability between similar LCZs (such as Compact high-rise
and Compact mid-rise), a high weighted accuracy indicates that the
urban super-class can be accurately distinguished from the natural
classes.

Based on our previous results, we were motivated to derive a new,
simplified land cover classification scheme containing 6 aggregated
classes. The correspondence between these derived urban land cover
classes and the original LCZs is shown in Table 1. Based on the high
weighted accuracies achieved in our previous work (Qiu et al., 2018),
we believe that it is easier to classify these six urban land cover classes
even if only optical satellite images are used. In a subsequent step, the
classification results can be used, for instance, as a basis for further
complete LCZ classification and human settlement extent and type
classification.
In this study, we focused solely on the freely available Sentinel-2

images (Radoux et al., 2016), which provide the potential for con-
tinental-scale or even global mapping. Our study was primarily in-
tended to mainly provide answers to the following questions:

• Can land cover classification benefit from the temporal information

Fig. 1. LCZ definition and an sample LCZ map of Vancouver, Canada. The left subfigure was modified from WUDAPT (Stewart, 2011).

Table 1
Derived land cover classes and their correspondence to original LCZs.

Label Semantic class LCZ

1 Compact built-up area 1, 2, 3
2 Open built-up area 4, 5, 6
3 Sparsely built 9
4 Large Low-rise, Heavy industry 8,10
5 Vegetation A, B, C, D
6 Water G
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contained in multi-seasonal Sentinel-2 images?
• How can an appropriate network architecture capable of extracting
spectral-spatial-temporal features be designed to improve the clas-
sification accuracy?
• How can each LCZ benefit from the temporal information contained
in multi-seasonal images?

To answer these questions, we investigated two approaches to ex-
ploiting the multi-temporal information within multi-seasonal Sentinel-
2 images: using state-of-the-art convolutional networks architectures,
i.e., ResNet; and using long short-term memory (LSTM). The temporal
dependency can be modeled by either simply stacking multi-seasonal
images or using a recurrent network, using an assumption under both
modelling approaches that the spectral information for different land
cover classes exhibits different patterns that change by season, which is
obviously true for land cover classes such as Dense trees and Low plants
(Rußwurm and Körner, 2017).
The remainder of this paper is structured as follows. In Section 2, we

describe the proposed network architecture for classification. Section 3
provides detailed descriptions of the study area, multi-seasonal Sen-
tinel-2 images, experimental setup, and reference ground truth data and
pre-processing methods followed by an illustration of comparative
classification accuracy and resulting land cover and LCZ maps. In
Section 4, we answer our research questions based on the interpretation
and analysis of experimental results and discuss remaining challenges
and their possible solutions in future work. Finally, Section 5 sum-
marizes and concludes the work.

2. A recurrent residual network architecture for land cover
classification

When using multi-seasonal Sentinel-2 images as inputs for deep
learning-based land cover classification, two approaches can be used to
exploit temporal information. The first is to stack all images from dif-
ferent seasons as inputs of networks. The other is to treat multi-seasonal
images as a changing representation of urban environments and to
adapt state-of-the-art recurrent networks to model temporal de-
pendencies of those images.
The proposed recurrent residual network architecture (Re-ResNet)

is illustrated in Fig. 2. Under the Re-ResNet approach, a ResNet sub-
network is applied to learn spectral-spatial features reflecting the multi-
spectral data of individual seasons and an LSTM sub-network is used to
model four-season temporal dependencies. The ResNet and LSTM sub-
network are integrated into the Re-ResNet. Notably, these two com-
ponents are integrated seamlessly into an end-to-end trainable network
architecture based on the fact that both of them are fully differentiable.
This enables the complementary information within discriminative

spectral-spatial and temporal features to be learned for urban land
cover classification. The LSTM is integrated with the ResNet in the
manner shown in Fig. 2. In the network, extracted spatial features by
ResNet are sequentially input into LSTM. In this manner, memory cells
can be exploited to maintain temporal information from which tem-
poral dependencies can be learned for land cover classification. The
ResNet and LSTM sub-networks will be further described in the fol-
lowing sections.

2.1. Spectral-spatial feature extraction via the ResNet sub-network

We use a ResNet in the proposed method because such structures
have demonstrated their ability to outperform others in image re-
cognition on several benchmark datasets, including the Street View
House Numbers (SVHN) and ImageNet datasets (He et al., 2016). The
specific ResNet architecture adapted for our study is shown in Fig. 3.
The adaptations are primarily implemented as a work-around of the

× ×32 32 10 input patch size, which makes it impossible to directly
employ original or pre-trained networks. Here, the filter size of the first
convolutional layer of the original ResNet has been changed from ×7 7
to ×3 3 to maintain the spatial information within the input image
patch.
The ResNet has a total of four residual blocks, each comprising three

convolutional layers and one shortcut for bypassing two successive
convolutional layers. Through the shortcut connection, the output of
two stacked convolutional layers are added to the output of the first of
the three convolutional layers. The convolutional layers have a rather
small ( ×3 3 pixel) receptive field with a stride of one pixel. The number
of feature maps increases when the blocks become deeper, with a
doubling occurring after every block. After each block, max-pooling is
performed with a stride of two pixels.

2.2. Temporal feature extraction via the LSTM sub-network

An RNN is a type of neural network in which the conventional
feedforward neural network architecture is extended with loop-con-
taining connections. Unlike feedforward networks, RNNs are good at
dealing with dependent and sequential input data with recurrent
hidden states, the activation of which at each time step is dependent on
the results of previous time steps. As a result, the network is able to
exhibit a dynamic temporal behavior that is very similar to our goal of
modeling temporal changes in land cover over different seasons. There
are three primary types of RNNs: fully connected RNNs, LSTM net-
works, and gated recurrent units (GRUs). In this study, an LSTM ar-
chitecture was used to construct a recurrent sub-network in our Re-
ResNet because such networks have proven to be a quite powerful tool
for modeling temporal concepts (Donahue et al., 2015).

Fig. 2. Re-ResNet network architecture for urban land cover classification. Here, T T T T, , ,1 2 3 4 are the four seasons.
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Fig. 4 shows the LSTM units employed in the Recurrent sub-net-
work. Each LSTM unit employs three gates: an input gate it , a forget
gate ft , and an output gate ot:

• The input gate it adjusts the amount of new information ct that will
be additionally stored to the memory cell.
• The forget gate ft makes it possible for the memory cell to throw
away already stored information. By summing the incoming in-
formation adjusted by the input gate it with the previous memory
adjusted by the forget gate ft , the memory cell ct 1 can be updated to
ct .
• The output gate ot enables the memory cell ct to exert an influence
on the current hidden state ht before outputting ht .

At season t, given an input rt (spatial features extracted by the
ResNet sub-network), a hidden state ht 1 from the previous network
output, and the previous memory cell ct 1, the LSTM unit is updated
using the following equations:

= + +
= + +
= + +
= + +
= +
=

i W r W h b
f W r W h b
o W r W h b
c W r W h b
c f c i c
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in which the hyperbolic tangent function a( ),
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squashes the activations into the range [1, 1] and the sigmoid nonlinear
function a( ),

=
+

a
e

( ) 1
1 a (3)

squashes the activations into [0, 1] to generate the three gates (Greff
et al., 2017). The sets W and b are the weight and bias terms, respec-
tively. denotes element-wise multiplication involving computations
with gates. The memory cells and gates have the same vector size. h0 is
initialized as 0. In our case, the output from the last season, h4, is
exploited for classification.
All of the networks are trained from scratch using the TensorFlow

framework with a mini-batch size of 32. The Nesterov Adam (Sutskever
et al., 2013) optimization algorithm is applied owing to its faster con-
vergence relative to the standard stochastic gradient descent (SGD)
with momentum algorithm. The Nesterov Adam parameters are fixed as
recommended to = =0.9, 0.9991 2 . The initial small learning rate of
0.0002 is divided by five at the error plateaus. Softmax is utilized as the
activation functions for the final fully connected layer that outputs the
class-wise probabilities for the various land cover classes.

3. Experimental results

3.1. Study area and cross validation setup

The study areas were seven cities locating in central Europe: Paris,
Amsterdam, Cologne, Munich, Milan, London, and Berlin.
To fully validate the proposed approach, we designed a cross-vali-

dation experimental setup, which is illustrated in Fig. 5. In total, seven
test experiments were carried out: in each, one city was used for ac-
curacy assessment while the other six were used for training networks.
The classification accuracies for the individual test cities and the results
averaged over all seven test cities (the mean accuracy shown in Fig. 5)
were then summarized for further comparison and discussion.

3.2. Multi-seasonal Sentinel-2 images and LCZ reference data

For each city, we used Google Earth Engine (GEE) (Gorelick et al.,
2017) to create four mostly cloud-free Sentinel-2 images covering each
of the four seasons from winter 2016/2017 to autumn 2017. The multi-
seasonal images of Munich, Germany are shown in Fig. 6 as examples.
The multi-seasonal images are prepared using a cloud-based en-
gineering approach that allowed us to aggregate mostly cloud-free
images over rather concise time windows instead of the enter year. The
approach relied on both pixel-wise cloud detection and the combination
of multi-temporal information over comparably short time periods, an
approach that represents a compromise between addressing the cloud
problem, which is unavoidable when using optical satellite images, and
retaining as much multi-temporal information as possible.
We used 10 of the 13 Sentinel-2 imagery bands: B2 (Blue), B3

(Green), B4 (Red), and B8 (Near-infrared) with a 10-m ground sampling

Fig. 3. Architecture employed by ResNet sub-network. The input is an image patch and the output is either the learned spatial-spectral features (if used with the
LSTM sub-network) or class labels (if directly used for classification).

Fig. 4. LSTM unit used in the Recurrent sub-network. Here, t indicates the
current season and t 1 indicates the previous season; thus, =t 1, 2, 3, 4.
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distance (GSD); and B5 (Red Edge 1), B6 (Red Edge 2), B7 (Red Edge 3),
B8a (Red Edge 4), B11 (Short-wavelength infrared 1), and B12 (Short-
wavelength infrared 2) with a 20-m GSD, which were up-sampled to a
10-m GSD using cubic resampling. Bands B1 (Aerosols), B9 (Water
vapor), and B10 (Cirrus) were not employed, as they mostly include
information regarding the atmosphere and therefore have limited re-
levance to land cover differentiation. No additional extracted index
measures or external auxiliary datasets were exploited, as our previous
work revealed that they had limited contributions to deep learning-
based methods (Qiu et al., 2018).
The LCZ reference labels for the study areas were taken from the

LCZ42 dataset (Zhu et al., submitted for publication), which was used to
provide ground truth data. The numbers of LCZ samples available for
the seven cities are shown in Fig. 7. Only 16 of the 17 LCZs were
considered in this study, as LCZ 7 (Lightweight low-rise), which primarily
represents slums, isn’t existing in the study areas. Fig. 7 also reveals a
class imbalance problem among the cities that might have hindered
meaningful interpretation of experimental results. To address this, we
performed a data augmentation procedure before combining the LCZs
into land cover classes.

3.3. Data augmentation and accuracy assessment strategy

Data augmentation was carried out for LCZs 1, 3, 9, 10, 2, 8, and G
by performing horizontal and vertical flip and rotation. In addition,
class 3, i.e., LCZ9, was oversampled by using its samples repeatedly, to
balance the land cover samples. Finally, the LCZ classes were combined
by applying the scheme shown in Table 1. Fig. 8 shows the number of
training and test samples for the seven experiments. The training
samples were balanced for the six land cover classes, while the test

samples were left unbalanced. To overcome the potential problems
arising from the use of unbalanced samples in the test data, we applied
the following strategy. For each experiment, 20 accuracy assessments,
in which the same number of class samples were randomly chosen and
assessed, were carried out. The number of chosen samples was bound
by the minimum number of samples contained within each class. The
averaged results of the 20 repetitions were then used for the final
comparison and analysis.
As this process resulted in a completely balanced set of test samples,

only two measures had to be used for accuracy assessment: overall
accuracy (OA) and kappa coefficient.

3.4. Comparative accuracy of different approaches to extract multi-
temporal information

The classification results obtained using the respective approaches
are listed in Table 2, in which av-ResNet denotes the approach in which
ResNet was used independently over all four seasons and the classifi-
cation accuracies were averaged over the seasons and st-ResNet denotes
the approach in which ResNet was applied with the seasonal images
stacked as the network input. The classification accuracy of the pro-
posed Re-ResNet was superior to those of both the av-ResNet and st-
ResNet approaches. In addition, the accuracies differed significantly by
season, with the spring and autumn results providing higher-accuracy
results and the summer and winter results providing poorer-accuracy
results. The st-ResNet approach was able to classify at an accuracy level
between the highest and lowest levels for all four seasons and with an
accuracy slightly lower than that of av-ResNet.
A detailed comparison of the applications of the respective ap-

proaches to the different test cases is shown in Fig. 9, in which the final

Fig. 5. Cross validation experimental setup. The C_i denotes the city and each row indicates one experiment. In each experiment, the hold-out city was left for testing
while the other cities were used for training.

Fig. 6. The exemplary multi-seasonal images over Munich, Germany. The colorful labels are the LCZ reference dataset.
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column (Mean) corresponds to the data in Table 2. It is seen from the
figure that the results mentioned above apply to most the cities. Fur-
thermore, for most cities the highest degree of accuracy is obtained for
single-season input, although the season producing the best results
varies by city. For example, the summer input is most accurate for the
Berlin and Cologne test cases but least accurate for the London and
Milan cases. Overall, no single-season results are more accurate than
those produced by Re-ResNet.
The contributions of temporal information by the respective in-

dividual land cover classes are shown in Fig. 10.

3.5. Classification accuracy of Re-ResNet

The class-wise classification accuracies of the Re-ResNet results for
the seven experimental sets are listed in Table 3. The proposed ap-
proach is able to produce very highly accurate results for two classes
(Vegetation and Water), highly accurate results for three classes
(Compact built-up area, Open built-up area, and Large low-rise and
heavy industry), and results with relatively low accuracy for the Spar-
sely built class. These findings are reflected in the corresponding con-
fusion matrices shown in Fig. 11, in which class 3 (Sparsely built) is
often misclassified as class 5 (Vegetation), class 2 (Open built-up area),
and class 4 (Large low-rise and heavy industry).

3.6. Classification maps of Re-ResNet

Fig. 12 shows sample classification maps produced for the seven
cities using the trained Re-ResNet with the land cover samples shown in
Fig. 8. An additional land cover map of Zurich, Switzerland is shown in
Fig. 13. Note that no training samples from Zurich were used for
training the network. All of the maps display reasonable urban struc-
tures without obvious noise.
A zoomed-in view of the city center and a suburban area of Munich,

Germany are shown in Fig. 14. The corresponding optical images taken
from Google Earth and the Global Human Built-up And Settlement

Fig. 7. Number and distribution of LCZ samples in each of the seven test cases.

Fig. 8. Number of training (top) and test (bottom) land cover samples used in each experiment. The training samples are balanced but the test samples are not
balanced, which is taken into consideration during the accuracy assessment.

Table 2
Comparison of classification accuracy by approach based on results averaged
over the seven test cases.

Temporal information Approach OA Kappa

Not considered Spring 82.7% 0.79
Summer 81.2% 0.77
Autumn 82.7% 0.79
Winter 77.9% 0.74
av-ResNet 81.1% 0.77

Considered st-ResNet 79.8% 0.76
Re-ResNet 84.0% 0.81
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Extent (HBASE) Dataset (Wang et al., 2017) are shown for comparison.
There is a general consistency between the two sets of images in terms
of urban extent, particularly in the city center area. Furthermore, the
proposed approach is able to map several small villages in the suburban
area that are missing from the HBASE dataset.
To illustrate the potential of Re-ResNet for large-scale LCZ mapping

using a given number of reference LCZ samples, LCZ maps of three
sample cities Munich, Berlin, and Milan are shown in Fig. 15. The three
maps were produced using three networks that were trained with the
original LCZ samples that did not represent the target cities. For ex-
ample, no training samples from Munich were used for training the
network to produce the LCZ map of Munich.

3.7. Improvement achieved using Re-ResNet in terms of number of training
samples

To illustrate teh relative advantage achieved by using Re-ResNet
over st_ResNet instead of st-ResNet, we graph the difference between
the Re-ResNet and st-ResNet OA scores against number of training
samples in Fig. 16.
We then carried out seven additional LCZ classification experiments

in which st-ResNet and Re-ResNet were applied using different numbers
of training samples. The improvement in averaged accuracy (AA) ob-
tained by using Re-ResNet instead of st-ResNet is apparent in Fig. 17.

4. Discussion

Both the classification accuracy and the produced land cover and
LCZ maps in Section 3 indicate that the proposed network architecture
and classification procedure are promising. The results also suggest that
multi-seasonal Sentinel-2 images should be employed for operational

production at a similar scale. It should be mentioned that the resulting
classification maps are not ready to be directly used for detailed cli-
mate-related studies: Whereas the original 17 LCZ classes were de-
signed bearing climate-relevant surface properties in mind (Bechtel
et al., 2015), the simplified class scheme utilized in this study exhibits
class-internal heterogeneities with respect to climate-relevant para-
meters. For instance, there is a significant difference in the mean night-
time air temperature between LCZ class 5 and 6, even though the
highest difference appears between LCZ class 2 and D (Fenner et al.,
2017). Nevertheless, our LCZ-derived land cover maps can well be used
for preliminary or coarse urban climate-related studies, as they provide
the basic two-dimensional information about urban morphology (i.e.
whether a neighborhood can be characterized as compact or as open
built-up area) and also indicate industrial zones where usually the
highest land surface temperature appears (Huang and Wang, 2019).
Additionally, using the simplified land cover classification results as
basis, a complete LCZ classification can be achieved by adding multi-
sensor and multi-temporal information, such as that provided by LiDAR
and satellite images acquired by other sensors (Xu et al., 2018). This
way, comprehensive studies regarding urban heat islands and energy
resilience can benefit from the mapping results.
In light of these experimental results, the contribution of temporal

information to the LCZ-derived land cover and LCZ classification and
the comparative advantage of the proposed network will be discussed in
this Section. Furthermore, the remaining challenges and possible solu-
tions will be analyzed.

4.1. The contribution of temporal information to land cover classification

A comparison of the classification accuracies resulting from ap-
proaches with- and without considering temporal information (in

Fig. 9. OA and Kappa resulting from different approaches. The training samples for each city are from the other six cities. The last column (mean) represents the
averaged results over all seven test cases.

Fig. 10. F1 scores for land cover classes produced by different approaches.
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Table 2) reveals that land cover classification accuracy is improved
through the use of the temporal information contained in multi-sea-
sonal Sentinel-2 images, as both OA and Kappa are higher for the ap-
proaches that apply temporal information. It is seen from the table that
even simply stacking multi-seasonal images and processing them with
ResNet improve OA and Kappa from 77.9% to 79.8% and from 0.74 to
0.76, respectively, relative to a baseline ResNet with the winter-image
as input. This suggests that multi-temporal information should defi-
nitely be considered for similar land cover mapping. This holds espe-
cially as we are living in the “golden era of Earth observation,” which is
characterized by an abundance of sensors that regularly provide new
remote sensing data. Additionally, attention should be put on the spe-
cific chosen time period considering land cover and land use change

during the period, as we are currently living in a rapidly urbanizing
world.
It is also seen from Table 2 and Fig. 9 that limited improvement is

achieved by st-ResNet (stacked images as input). This is probably due to
the varying qualities of multi-seasonal images. For example, as shown
in Fig. 6 the images of Germany in winter tend to be affected by cloud
or snow. Thus, incorrect predictions from cloudy images can lower
resulting accuracies.
From Fig. 9, it can be seen that the accuracies for Munich in summer

and Paris in spring are relatively high, while those for Milan in summer
and autumn are lower. The transferability of trained classifiers depends
on the similarities between the test and training cities, a result that was
similarly reported in Demuzere et al. (2019). The differences among the

Table 3
Class-wise classification accuracies of the Re-ResNet approach for the seven test cases.

Class Amster. Berlin Cologne London Milan Munich Paris Mean

Recall (%) 1 87 95 80 78 88 94 90 88
2 71 86 66 94 75 90 85 81
3 43 27 74 8 54 66 75 50
4 95 91 73 89 100 77 98 89
5 99 100 99 98 94 98 98 98
6 100 100 100 100 98 100 96 99

Precision (%) 1 81 93 83 95 99 87 95 91
2 70 57 76 59 90 67 92 73
3 99 95 69 82 96 93 95 90
4 73 93 95 90 70 99 86 87
5 85 83 76 67 72 89 80 79
6 98 99 97 99 100 100 100 99

Fig. 11. Confusion matrices for four sample experiments.
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cities under study include, but are not limited to, the following: climate,
culture, and urban land cover structure. All of these aspects play a role
in inter-city similarity. For instance, the relatively-low latitude of Milan
leads to a slight shift in the seasonal characteristics, which probably
contributed to the comparably low single-season accuracies achieved
for autumn and summer. When additionally considering the urban
ecoregions of the test cities (Schneider et al., 2010), Milan belongs to
the “temperate mediterranean”, while the other cities belong to the
“temperate forest in Europe”, which accounts for the lower transferred
accuracies achieved for Milan. Furthermore, the seasonal images were
created by a multi-temporal mosaicking process that was applied for the
sake of cloud removal. As a result of the mosaicking, the intra-seasonal
differences for some cities were not as big as for others. This may have
led to cases in which, for example, the spring image for one city was
dissimilar to those for the other cities. In summary, it was not possible
to clearly identify whether any specific season dominated the others for

all test cases. These findings indicate that single-season images were not
able to fully exploit Sentinel-2 data for land cover mapping at similar
scales. It also highlights the need for a sophisticated network to exploit
temporal information more effectively.

4.2. The contribution of Re-ResNet to the extraction of temporal
information

The effect of the proposed network architecture is apparent from the
improvement achieved relative to st-ResNet in terms of OA and Kappa,
as indicated in Table 2. The Re-ResNet result accuracies are the highest
among all of the approaches. Because the same number of samples was
used for training each network, this improvement can be attributed
only to the proposed Re-ResNet network, which learns temporal in-
formation via its Recurrent sub-network and spatial and spectral fea-
tures from the baseline ResNet. Given its more extensive load of

Fig. 12. Land cover maps produced for the seven cities. To present an equivalent size for all test cases, only a part of each city map, covering about ×39.7 39.7 km2, is
shown. The GSD of each map is 50m.
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Fig. 13. Land cover map of Zurich, Switzerland, from which no training samples were used for any of the experiments in the study. The GSD of the map is 50m. The
corresponding Google Earth image is shown for comparison.

Fig. 14. (L-R): Derived land cover maps, optical
images taken from Google Earth, and the HBASE
dataset-derived maps of the city center (top) and
suburbs (bottom) of Munich, Germany. The GSD of
the land cover maps is 10m. The red areas in the
land cover maps are combined from class 1, 2, 3,
and 4 in Table 1, indicating the human settlement
extent (HSE). The red areas in the HBASE dataset
maps indicate built-up areas.including roads. (For
interpretation of the references to colour in this
figure legend, the reader is referred to the web
version of this article.)

Fig. 15. LCZ maps of three cities. To present a comparative size for the respective test cases, only a ×39 39 km2 section of each map is shown.
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trainable parameters, it is not surprising that Re-ResNet is better at this
classification task. However, as shown in Fig. 9, Re-ResNet did not
provide the best accuracy for all test cases. One reason is that Re-ResNet
requires a high amount of training data because its architecture con-
tains more trainable parameters.
Fig. 16 provides some evidence to the possible causes, based on

which, it can be speculated that the number of training samples plays a
role in the achievable improvement. However, the number of training
samples is quite close across the seven test cases, as a result of the data
augmentation applied in the data pre-processing period. Better evi-
dence for the effect of the number of training samples is found in
Fig. 17, in which Re-ResNet provides an improvement over st-ResNet
only in the three test cases with the three highest number of training
samples. As the amount of training data increases, the advantages of Re-
ResNet with respect to both land cover and LCZ classification become
increasingly apparent.
Nevertheless, the accuracy of the Re-ResNet can be lower than that

obtained from a single-season input, as is true in the case of London and
Munich. This occurs as a result of the varying qualities of multi-seasonal
images, as shown in Fig. 6. However, over all seven test cases, no single
season provides more accurate results than Re-ResNet. These observa-
tions suggest a potential avenue for future work of selecting seasons
with higher image qualities prior to classification. To this end, techni-
ques for cloud removal should be thoroughly investigated.

4.3. The contribution of temporal information for different land cover
classes

Fig. 10 shows that Re-ResNet did not provide better results than st-
ResNet for all six classes. We expected to observe the improvements for
class 2 (Open built-up area), 3 (Sparsely built), and 4 (Vegetation), as these
show clear changes over different seasons, but the improvements seen
for Heavy industry, Compact built-up area, and Water motivate us to
further investigate the learned features of Re-ResNet in future research.
In addition, as seen in Table 3, class 3 (Sparsely built) was not ac-

curately mapped by any of the approaches, including Re-ResNet. One
reason is that this class can be easily and understandably misclassified

as Open built-up area and Vegetation. Its accuracy can be potentially
improved by adding more samples of class 3 to the training data or by
resorting to complementary datasets. In addition, it is possible that
some Sparsely built training samples actually contain no buildings, i.e.,
that they are noisy samples. This motivates us to try to develop robust
approaches capable of dealing with label noise in an appropriate
manner.

5. Conclusion

The goal of this study was to contribute to the automatic mapping of
large-scale LCZ-derived land cover with a given amount of reference
data. In particular, we investigated transferability among different ci-
ties. For this, we proposed a novel recurrent residual network archi-
tecture, called Re-ResNet, that combines a residual convolutional
neural network with a recurrent neural network. Re-ResNet is able to
learn a joint spectral-spatial-temporal feature representation in a uni-
fied framework using multi-seasonal Sentinel-2 imagery as the network
input. The method was validated over a large-scale study area
spreading over seven central European cities, with the experimental
results demonstrating that the proposed approach outperformed ResNet
with single-seasonal images as inputs and st-ResNet with stacked multi-
seasonal images as inputs. Systematic analysis based on the results also
clearly revealed the effectiveness of using the temporal information
contained in multi-seasonal, multi-spectral Sentinel-2 imagery for
urban land cover classification.
Even though we were able to demonstrate that the proposed Re-

ResNet can generally improve classification accuracy, we anticipate a
need for two further avenues of investigation and research: differ-
entiating the Sparsely built class from the Open built-up area and
Vegetation classes, and an application-driven analysis of the resulting
maps. After solving these two problems, it should be possible to pro-
duce land cover and urban human settlement maps with even higher
accuracy to provide more reliable morphological information on cities
worldwide that can be used to obtain further knowledge and insight
into the ongoing process of urbanization.

Fig. 16. OA difference between Re-ResNet and st-ResNet, as a function of number of training samples. A negative OA difference indicates that Re-ResNet does not
provide an improvement over st-ResNet. The values used in this figure are the same as those reported in Section 3.

Fig. 17. AA difference between Re-ResNet
and st-ResNet, as a function of number of
training samples. A negative value means
that Re-ResNet does not provide improve-
ment over st-ResNet. The values are taken
from the LCZ classification, not the land
cover classification developed and described
in Section 3. AA is used to address the class
im.balance problem.
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Fusing Multiseasonal Sentinel-2 Imagery for Urban
Land Cover Classification With Multibranch

Residual Convolutional Neural Networks
Chunping Qiu, Lichao Mou, Michael Schmitt , Senior Member, IEEE,

and Xiao Xiang Zhu , Senior Member, IEEE

Abstract— Exploiting multitemporal Sentinel-2 images for
urban land cover classification has become an important research
topic, since these images have become globally available at rela-
tively fine temporal resolution, thus offering great potential for
large-scale land cover mapping. However, appropriate exploita-
tion of the images needs to address problems such as cloud cover
inherent to optical satellite imagery. To this end, we propose a
simple yet effective decision-level fusion approach for urban land
cover prediction from multiseasonal Sentinel-2 images, using the
state-of-the-art residual convolutional neural networks (ResNet).
We extensively tested the approach in a cross-validation manner
over a seven-city study area in central Europe. Both quantitative
and qualitative results demonstrated the superior performance of
the proposed fusion approach over several baseline approaches,
including observation- and feature-level fusion.

Index Terms— Classification, fusion, long short-term mem-
ory (LSTM), multitemporal, nonlocal, residual convolutional
neural network (ResNet), Sentinel-2, urban land cover.

I. INTRODUCTION

GLOBAL urban land cover information is a crucial ele-
ment in various applications, such as efficient infrastruc-

ture planning and environmental sanitation improvements,
especially in today’s rapidly urbanized world, where “55% of
the world’s population lives in urban areas, a proportion that
is expected to increase to 68% by 2050 [1].” Accurate and
up-to-date urban information can provide support to decision
makers when responding to issues and challenges hampering
effective urban governance. In this regard, exemplary existing
products include the global urban footprint processed from
the TerraSAR-X and TanDEM-X synthetic aperture radar
images [2] and the global human settlement built-up grid
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processed from the Landsat and Sentinel-1 image collec-
tions [3]. These remote sensing-based global products give
us motivation to explore the potential of satellite images for
large-scale land cover mapping. In particular, deep learning
has become a powerful technique for such tasks [4].

We have investigated Sentinel-2 images for urban land
cover classification in previous studies that were practi-
cally aimed at large-scale mapping with openly available
data. In addition, the five-day revisit time (at the equator)
of Sentinel-2 makes it unprecedentedly feasible for further
change detection and long-term monitoring of the urban extent
worldwide [5]–[7]. Specifically, we have investigated multi-
seasonal Sentinel-2 images and demonstrated better results
over the single-seasonal input when a residual convolutional
neural network (ResNet) architecture was used as the baseline
network [8]. Herein, we are motivated to exploit further the
potential of fusing the multiseasonal Sentinel-2 imagery for
urban land cover classification by proposing a decision-level
fusion approach. To provide more methodological insights into
this topic, we extensively test the performance of this approach
against various baseline fusion approaches.

II. FUSING MULTISEASONAL SENTINEL-2 IMAGES USING

RESNET-BASED NEURAL NETWORKS

A. Multibranch ResNet Architecture for Decision-Level
Fusion

In this letter, we propose a novel and simple framework
to fuse multiseasonal Sentinel-2 images on decision level for
urban land cover prediction. The architecture is illustrated
in Fig. 1. The architecture mainly consists of a four-stream
ResNet to learn the spectral-spatial features from the four
seasonal Sentinel-2 images. From the global average pooling
of the learned feature maps, urban land cover labels can be
predicted independently. Those predictions, i.e., the softmax
indicating the class probability, are then averaged and serve as
the final prediction. The four-stream ResNet and the averaging
part are seamlessly integrated into one architecture without
additional inference. Likewise, softmax probability can be
predicted from the global average pooling of the feature maps
learned by the first three (instead of four) residual blocks of
each of the four streams. In this case, all eight predictions
can be considered as voters for the final output. Depending
on the number of predictions to be averaged (eight or four),
the framework is referred accordingly to as Res_ensemble_8 or

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/
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Fig. 1. Fusing network architecture for urban land cover classification.
Here, T1, T2, T3, and T4 indicate four seasons. Weights of different streams
are not shared and dropout is not shown. The network is referred to
as Res_ensemble_8 and Res_ensemble_4, when predictions from low-level
features (the dotted lines) are considered and not considered, respectively.
Input is the multiseasonal images and the output is a fused prediction.

Fig. 2. Various approaches to fuse multiseasonal Sentinel-2 images for land
cover prediction. The backbone is used to extract features, while modules
before and after the backbone are designed to exploit the multiseasonal
images.

Res_ensemble_4 in this letter. This way, the different decisions
made independently of different seasons can be harnessed for
urban land cover classification.

B. Baseline Approaches for Fusing Multiseasonal
Sentinel-2 Images

Multiseasonal Sentinel-2 images can be fused on
observation- and feature-levels, in addition to the
decision-level approach [9].

1) Observation-Level Fusion: To be used as the input to
a conventional ResNet, the multiseasonal images (along
the spectral band dimension) are stacked (i.e., multisea-
sonal images together are treated simply as one image
that contains the ground status of different seasons). This
is referred to as st-ResNet in Fig. 2.

2) Feature-Level Fusion: Multibranch ResNet is followed
by a long short-term memory (LSTM) network, with
multiseasonal images as inputs to the independent
branches (Re-ResNet in Fig. 2). This way, multitem-
poral information can be exploited through the extrac-
tion of temporal features, which can be the comple-
mentary information to the spatial-spectral information
learned by the multibranch ResNet. Our previous work
has shown that Re-ResNet (feature-level fusion) pro-
vides higher accuracy than st-ResNet (observation-level
fusion) for mapping urban land cover [8].

Under the above-mentioned multibranch framework, instead
of LSTM, the multitemporal information can be alternatively
exploited by nonlocal neural networks that have been shown
effective for video classification by capturing long-range
dependences instead of processing one local neighborhood at
a time [10]. We were inspired by its ability to directly capture
the spatiotemporal dependences, which might be beneficial
to the successful fusion of multiseasonal Sentinel-2 images.
Depending on where the nonlocal block was plugged into the

network architectures, before or after the ResNet backbone,
two types of nonlocal-based architectures, namely, NL-ResNet
and ResNet-NL, were explored in this letter.

The overall structures of different fusion approaches,
i.e., st-ResNet, NL-ResNet, Re-ResNet, ResNet-NL, and
Res_ensemble, are presented in Fig. 2. These approaches were
compared and analyzed in detail herein. Note that for each
of these approaches, different subnetworks were seamlessly
integrated into one architecture so that no postprocessing was
needed. Among these approaches, st-ResNet and NL-ResNet
are similar in that they both directly model multitemporal
dependences using the input multiseasonal Sentinel-2 images,
instead of using the learned feature maps. Re-ResNet, ResNet-
NL, and Res_ensemble are similar in that they all model
multitemporal dependences from the learned features by a
multibranch structure (multiple ResNets in parallel).

To draw a valid conclusion, we further investigated the
effect of the network depth on the classification accuracy.
A shallow version and a deep version of ResNet, with a depth
of 14 and 56, respectively, were chosen as the backbones.
Their detailed architectures can be found in [8] and [11],
respectively.

III. EXPERIMENTAL RESULTS

A. Study Areas and Data Sets

We followed the same experimental setup as in our previous
work [8], so as to ensure that our comparison of the different
fusion approaches was done in a meaningful manner. Study
areas, data sets, and experimental setups were briefly described
below, to facilitate complete understanding. The study area
comprises seven cities across Europe, namely, Amsterdam,
Berlin, Cologne, London, Milan, Munich, and Paris. For each
approach, seven experiments were carried out, in each of
which one hold-out city is used for test and the other six
cities were used for training. This is to test the generaliza-
tion ability of the models of different approaches. In each
city, we processed mostly cloud-free multiseasonal Sentinel-
2 images for each of the four seasons from winter 2016/2017 to
autumn 2017 using the Google Earth Engine (GEE) [12].
We used the 10-m bands consisting of B2 (blue), B3 (green),
B4 (red), and B8 (near-infrared) and the 20-m bands consisting
of B5 (red edge 1), B6 (red edge 2), B7 (red edge 3), B8a
(red edge 4), B11 (short-wavelength infrared 1), and B12
(short-wavelength infrared 2), upsampled to 10 m. Reference
class samples used as ground truth were from the LCZ42 data
set [13] and were further prepared by class combination and
data augmentation as in [8], to overcome the class-imbalance
problem. In addition, accuracy assessment was carried out on
absolutely balanced samples. Therefore, only two measures,
overall accuracy (OA) and Kappa coefficient, were used for
accuracy comparison and analysis.

B. Comparison of Accuracy Resulting From Different Fusion
Approaches

Table I provides a list of classification accuracies achieved
by each of the different approaches. A comparative evaluation
of these accuracies showed these general findings.
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Fig. 3. OA and Kappa coefficient values of seven test cases resulting from nine different fusion approaches. All samples of the test areas are unseen by the
respective trained networks and the last column (mean) is the averaged results over all seven test cases corresponding to values in Table I.

1) Decision-level fusion provides the most and second-most
accurate classification results with the highest OA and
Kappa. Under the decision-level fusion category, a fur-
ther improvement can be achieved by jointly considering
the predictions from both low- and high-level features,
i.e., using eight voters instead of four.

2) Re-ResNet_d achieves the most accurate classification
results under the feature-level fusion category. In addi-
tion, it provides a slight improvement over its shallow
version, Re-ResNet.

3) NL-ResNet provides more accurate results than the
ResNet-NL, which is true for both their shallow and
deep versions.

4) For all three feature-level and one observation-level
fusion approaches, deeper networks with more trainable
parameters do not necessarily provide considerable ben-
efits. For NL-ResNet, the deeper version provides even
worse results.

5) Observation-level fusion provides no benefits with
slightly lower OA and Kappa compared with av-ResNet,
which does not exploit multitemporal information.

Fig. 3 further provides a detailed comparison of these fusion
approaches for all seven test cases. Note the consistency of the
above findings in most test cases.

C. Visual Comparison of Classification Maps Resulting From
Different Fusion Approaches

We also carried out qualitative comparisons to complement
the quantitative results in providing more insights into the
characteristics of the different fusion approaches. In particular,
we chose two subsets from the Munich, Germany, area as
samples, for which urban land cover maps resulting from
five representative approaches are presented and compared
in Fig. 4. With the manually labeled polygons as reference,
Res_ensemble apparently provided more accurate classifica-
tion results than either NL-ResNet_d or Re-ResNet_d, which
classified some open built-up areas as compact built-up areas,
as indicated by the noticeable larger red areas. This finding
was consistent with that from Fig. 5.

IV. DISCUSSION

In general, the experimental results summarized in Sec-
tion III already provided a clear answer to the question
that motivates this investigation and it gets apparent that
decision-level fusion is better for our task given the input
data sets and experimental setups. In addition, we achieved

TABLE I

COMPARISON OF CLASSIFICATION ACCURACY ACHIEVED BY DIFFERENT

FUSION APPROACHES. (MEASURES ARE AVERAGED OVER ALL SEVEN

TEST CASES. BOLD VALUES INDICATE THE BEST ACCURACY
ACHIEVED FOR THE RESPECTIVE FUSION LEVELS. THE

SYMBOL “_D” DENOTES THE DEEP VERSIONS

OF RESPECTIVE NETWORKS)

promising classification results for seven distinct unseen test
areas, which indicate a strong generalization ability of the
trained networks. Beyond that, the following major insights
can be gained based on the interpretation of the presented
experimental results, which can be beneficial to similar tasks
at a similar scale.

A. Decision-Level Fusion as the Better Approach

Both the quantitative comparisons measure and the resulting
land cover maps in Section III demonstrated the superior
performance of decision level over both the observation- and
feature-level fusion approaches. With all test cases considered,
OA and Kappa can be improved from 84.6% to 86.7% and
0.82 to 0.84, respectively, as compared with the sophisticated
Re-ResNet that integrates a four-stream ResNet and an LSTM
and that has much more trainable parameters, as shown
in Table I. We therefore suggest that decision-level fusion
should be considered with high priority over sophisticatedly
designed architectures when fusing multiseasonal Sentinel-
2 images when the study is application-oriented. A similar
finding, i.e., decision-level fusion provides the best result in
the context of deep learning, was recently documented in [14]
for the fusion of heterogeneous input data (exemplified by the
aerial and street-view images) for building-type classification.
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Fig. 4. Comparison of land cover classification maps overlaid on Google Earth images resulting from different approaches, with the city center and suburban
area of Munich, Germany, as examples. The polygons are manually labeled for reference with the same legend as the land cover classes. The satellite image
data are from Google, Image Landsat/Copernicus.

What has to be mentioned, however, is that in order to
address the cloud problem, we have aggregated all images
available for each meteorological season into a single, mostly
cloud-free image. The preprocessing is already equivalent
to an observation-level fusion of all the available Sentinel-
2 images within that season. Consequently, the temporal
resolution was not fully preserved in the processed Sentinel-
2 images. Furthermore, the aimed land cover classes over
urban areas herein did not clearly exhibit different phenolog-
ical stages as crops in the task of crop identification [15].
On the contrary, a fusion on the decision level was able to
exploit the joint power of the multiseasonal images robustly.

B. Influence of Network Depth

Our experimental results did not confirm the generally cor-
rect and well-known rule of “deeper is better” in deep learning.
With the same type of architecture, a deeper Re-ResNet with
six times more trainable parameters would only result in a
slightly higher accuracy, as shown in Table I. In the case of
NL-ResNet, a deeper version even would lead to even worse
results. The possible explanation for this is that the shallow
versions of the used networks are already deep enough to
capture the characteristics of our training data, i.e., the size of
the training data is not big enough, or the spatial resolution is
not high enough to exploit the power of deeper networks fully.
Since the achieved test accuracy calculated on completely
unseen data is, however, already quite promising, we assume
the generalization capability of the trained model to be good
enough for large-scale production purposes.

C. Effect of the Nonlocal Block

The nonlocal block-based NL-ResNet was able to provide
encouraging classification results that were close to the best
achievable results on a feature-level fusion, as shown in
both Table I and Fig. 4. In particular, NL-ResNet brought a
distinct advantage over st-ResNet without necessarily intro-
ducing more parameters, thanks to its inherent ability to
capture long-range dependences over both spatial and temporal
dimensions. Moreover, note that the nonlocal block was the

Fig. 5. Combined confusion matrices of the seven test cases resulting from
Res_ensemble_8. Confusion matrix was created considering all test samples
from all seven test cases together. Classes 1–5 are compact built-up area, open
built-up area, sparsely built, large low-rise and heavy industry, vegetation, and
water, respectively.

only difference between the architectures of st-ResNet and
NL-ResNet, thus confirming our hypotheses that the nonlocal
block is suitable for exploiting the multitemporal information
within the Sentinel-2 images for land cover classification.
Furthermore, NL-ResNet provided more accurate results than
ResNet-NL, which means that its advantages can be gained
when using a nonlocal block directly on the original input
images than on the learned feature maps in which temporal
information might be destroyed.

D. Confusions

In spite of the overall good results, there are still some
confusions among the classes remaining, as shown in Fig. 5.
Specifically, sparsely built was classified as open built-up
area and vegetation. This is understandable, because these
classes appear similarly in the Sentinel-2 images. Intuitively,
both open built-up and sparsely built area include buildings
and vegetation. In addition, the used patchwise classification
approaches tended to be affected by the contextual features
learned from the neighboring areas. To improve the classifi-
cation accuracy over Res_ensemble further, we recommend
the following directions: class-specific features can be learned
by attention-based neural networks to better distinguish the
classes. In addition, differentiation of the different classes and
detection of small built-up areas can be enhanced by jointly
considering the related tasks in a multitask manner.
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Fig. 6. Nonlocal module for multitemporal information modeling. 1 × 1 × 1
is 1 × 1 × 1 convolution.

V. CONCLUSION AND OUTLOOK

Urban land cover maps can be used as a first step for
hierarchical LCZ classification or human settlement extent
mapping. Based on our previous studies, we proposed in this
letter a new decision-level approach that is capable of fusing
multiseasonal Sentinel-2 images, as demonstrated through a
set of cross-validations over a seven-city study area in central
Europe. Based on a comprehensive comparison with several
baseline approaches, we conclude that decision-level fusion is
superior over feature-level fusion for similar tasks at a similar
scale, when multiseasonal Sentinel-2 images are exploited.
We expect the findings of this letter to provide additional
insights and pave the way for the realization of large-scale
applications, such as land cover and land use classification.

APPENDIX

NONLOCAL NEURAL NETWORKS

The nonlocal block used in this letter is illustrated in Fig. 6.
Given the input feature maps (or image patches) I , the output
of a nonlocal block is a sum of the nonlocal-based estimations
and the original feature maps to keep the initial behavior of
the employed networks

O = WY + I (1)

in which W is a learnable weight matrix implemented as a
1 × 1 × 1 convolution to compute a positionwise embedding
on Y , which is a neural network-based nonlocal operation

Y = σ
(

I T W T
θ Wφ I

)
g(I ) (2)

where Wθ , Wφ , and g are all the weight matrices that are to be
learned through the implementation of 1 ×1 ×1 convolutions.
Wφ I and Wθ I transferred the original feature maps into an
embedding space, in which patch similarity is modeled for
all positions. Such manner of computing similarity is called

embedded Gaussian, which is chosen for this letter. Other
options include Gaussian, Dot product, and concatenation. The
symbol σ in σ(I T W T

θ Wφ I ) results from a combination of the
normalization factor and computed similarities. In summary,
the nonlocal block used in this letter corresponds to a generic
nonlocal operation in the following way: σ(I T W T

θ Wφ I ) is
the weights representing the similarity between each two of
all positions along both the spatial and time-step dimensions,
and g(I ) = Wg I is a linear embedding of the original feature
maps.
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Abstract—As a unique classification scheme for urban forms1

and functions, the local climate zone (LCZ) system provides2

essential general information for any studies related to urban3

environments, especially on a large scale. Remote sensing data-4

based classification approaches are the key to large-scale mapping5

and monitoring of LCZs. The potential of deep learning-based6

approaches is not yet fully explored, even though advanced7

convolutional neural networks (CNNs) continue to push the8

frontiers for various computer vision tasks. One reason is9

that published studies are based on different datasets, usually10

at a regional scale, which makes it impossible to fairly and11

consistently compare the potential of different CNNs for real-12

world scenarios. This study is based on the big So2Sat LCZ4213

benchmark dataset dedicated to LCZ classification. Using this14

dataset, we studied a range of CNNs of varying sizes. In15

addition, we proposed a CNN to classify LCZs from Sentinel-16

2 images, Sen2LCZ-Net. Using this base network, we propose17

fusing multi-level features using the extended Sen2LCZ-Net-18

MF. With this proposed simple network architecture, and the19

highly competitive benchmark dataset, we obtain results that are20

better than those obtained by the state-of-the-art CNNs, while21

requiring less computation with fewer layers and parameters.22

Large-scale LCZ classification examples of completely unseen23

areas are presented, demonstrating the potential of our proposed24

Sen2LCZ-Net-MF as well as the So2Sat LCZ42 dataset. We also25

intensively investigated the influence of network depth and width,26

and the effectiveness of the design choices made for Sen2LCZ-27

Net-MF. Our work will provide important baselines for future28

CNN-based algorithm developments for both LCZ classification29

and other urban land cover land use classification. Code and pre-30

trained models are available at https://github.com/ChunpingQiu/31

benchmark-on-So2SatLCZ42-dataset-a-simple-tour.32

Index Terms—Benchmark, convolutional neural networks, lo-33

cal climate zones, Sentinel-2, urban land cover34

I. INTRODUCTION35

The Local Climate Zone (LCZ) scheme is a classification36

system that provides a standardization framework for37

the characteristics of urban forms and functions. Illustrations38

of the LCZ classes and corresponding remote sensing image39

patches are shown in Fig. 1. Originally proposed for urban heat40

island (UHI) research, this scheme has shown an increasing41

impact on various climatological studies, such as the cooling42

effect of green infrastructure and micro-climatic effects on43

town peripheries [1], [2], [3], [4], [5], [6], [7]. Furthermore, the44

LCZ scheme can also be used to describe the internal structure45

of urban areas, providing significant information for various46

(Correspondence: Xiao Xiang Zhu; E-mail: xiaoxiang.zhu@dlr.de)

applications such as infrastructure planning and population 47

assessment [8], [9]. 48

An important part of the existing development of LCZ 49

classification is community-based global LCZ mapping using 50

openly available Landsat data and softwares [10], [11]. An 51

example is the World Urban Database and Portal (WUDAPT) 52

[12], a community-driven initiative, which was organized by 53

researchers to produce high-quality LCZ maps worldwide. 54

Within WUDAPT, currently almost 100 cities located across 55

the globe have been mapped of moderate quality, providing 56

sufficient details for certain model applications [13]. LCZ 57

maps of tens of cities, after quality assessment, are now openly 58

available in the WUDAPT portal. More recently, an LCZ map 59

of Europe was published [14]. 60

The key to efficient large-scale LCZ classification is devel- 61

oping advanced machine learning models with high general- 62

ization ability [14], [15]. In this regard, tailoring deep learning- 63

based approaches to the peculiarities of remote sensing data is 64

one important strategy that has gained much attention recently 65

[16], [17], [18], [19], [20], [21], [22]. A review of these 66

published studies tells us that deep learning, specifically in 67

the form of convolutional neural networks (CNNs), is indeed 68

able to enhance LCZ classification accuracy given a proper 69

dataset due to its powerful feature representation capacity, 70

when compared to random forest approaches [23]. Specifically, 71

some LCZs, such as open built-up areas and scattered trees, 72

can benefit from the learned features that incorporate larger 73

neighborhood information, as found in [20]. 74

However, while providing general meaningful insights into 75

the methodology, most of the existing studies are carried out 76

and assessed separately for individual case study scenes. This 77

makes it difficult or impossible to compare different network 78

architectures and fairly evaluate their potential for subsequent 79

applications. More importantly, it hinders the development 80

of more advanced approaches due to limited standard base- 81

lines. This dilemma is rooted in the fact that there exist 82

only a few open datasets that are dedicated to large-scale 83

LCZ classification. Taking the rapidly developing field of 84

classification in computer vision as an example, based on 85

the benchmark datasets such as ImageNet [24] and CIFAR 86

[25], research in CNNs has proliferated toward enhanced 87

performance, simpler design, and higher efficiency, with new 88

progress being achieved every year. Exemplary architectures 89

include VGGNet [26], residual neural networks (ResNet) [27], 90

densely connected convolutional networks (DenseNet) [28], 91
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Fig. 1: Illustration of LCZs and corresponding Sentinel-2 and high resolution (HR) data patches. HR data source: Esri. Map
image is the intellectual property of Esri and is used herein under license. Copyright c©2019 Esri and its licensors. All rights
reserved.

Inception [29], and neural architecture search net (NASNet)92

[30]. Aiming at improved performance, researchers have put93

significant effort into investigating the impact of pushing the94

depth [31], width [32], and cardinality [33] of networks. In ad-95

dition to higher accuracy, strategies have also been developed96

in other dimensions, such as model simplicity and efficiency97

(e.g., efficient use of model parameters and the trade-off98

between accuracy and latency) [34], [35], model scaling (with99

respect to depth/width/resolution) [36], and training strategy100

(e.g., hyper-parameters tuning and model parallelism) [37]. In101

particular, a great deal of recent effort has been devoted to102

designing efficiency, i.e., improving accuracy without hitting103

the hardware memory limit, e.g., by the increasingly popular104

neural architecture search (NAS) approach[38]. However, it is105

still an open research question whether those conclusions also106

hold for tasks in remote sensing, the confirmation of which107

requires a sequence of studies on well-designed benchmark108

datasets. Unfortunately, only a few benchmark datasets exist109

for satellite remote sensing, especially when it comes to110

medium-resolution images [39], [40], [41]. All three existing111

datasets employ Sentinel-2 images and focus on applications112

such as land cover and land use classification. One dataset,113

[40] also includes Sentinel-1 images, providing the potential114

for multi-sensor fusion.115

In the case of the LCZ classification scheme, the main 116

reason thre are so few standard datasets is that it is costly, 117

time-consuming, and challenging to collect ground truth for 118

classification schemes with so many difficult-to-distinguish 119

classes. This problem is partly solved by the recently pub- 120

lished, openly available So2Sat LCZ42 dataset, which contains 121

both image patches and LCZ labels from 42 cities distributed 122

across the world. Focusing on the specific task of LCZ 123

classification under a specific setup with this dataset, a simple 124

CNN architecture is proposed in this study. The influence of 125

its depth, width, and pooling layers is extensively investigated. 126

The best results are presented along with a wide range of 127

baseline models of varying sizes, enabling a understanding 128

of the correlation between model size and accuracy, and 129

supporting further development toward higher classification 130

accuracy. 131

The remainder of this paper proceeds as follows: Section II 132

elaborates on the proposed CNN architecture, Sen2LCZ-Net, 133

and the strategy of multi-level feature fusion. Section III 134

details descriptions of the So2Sat LCZ42 dataset, the baseline 135

CNNs to be compared, and the experimental setup. Section IV 136

evaluates the classification accuracy of LCZ and visualizes 137

the classified LCZ results for several sample test scenes at 138

both a city and province scale. The following Section V 139
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extensively investigates the influence and effect of the design140

choice of Sen2LCZ-Net-MF, and discusses multiple feasible141

approaches for further improvement, based on this study.142

Finally, Section VI summarizes and concludes the work.143

II. LCZ CLASSIFICATION VIA CNNS144

A. An adapted CNN architecture and multi-level feature fusion145

Our priorities are model simplicity and the use of fewer146

parameters, which benefit from the following two advantages.147

First, a simple, small model is more feasible for up-scaling148

LCZ classification—since generally, in big-data scenarios, a149

huge amount of data needs to be processed at a reasonable150

cost. In addition, better and more discriminative features are151

encouraged to be learned by a small network with fewer152

trainable parameters [42], [43], thus decreasing the chance of153

overfitting and enabling high generalization ability for LCZ154

classification on a large scale.155

Following the philosophy used by state-of-the-art models,156

especially those aiming at simplicity, our design follows the157

template described in [44], [45]:158

• Convolutional layers are with a fixed filter of a small size159

(3× 3) for an efficient use of parameters;160

• Features maps are down-sampled to half the input res-161

olution by using pooling layers, and the number of the162

computed feature maps is doubled to 2f after each down-163

sampling operation to enable hierarchical representation164

learning;165

• Homogeneous layers are grouped into blocks for network166

topology to be easily managed.167

The proposed simple network architecture, that maps LCZs168

from Sentinel-2 by taking multi-level features into account,169

Sen2LCZ-Net-MF, is illustrated in Fig. 2, where detailed170

information (layer names and sizes of feature maps) about171

input, intermediate learned features, and output are also shown.172

Sen2LCZ-Net-MF consists of a simple end-to-end CNN,173

Sen2LCZ-Net, and connections to fuse multi-level features.174

In Sen2LCZ-Net, there are four sequential blocks that extract175

features via convolutional layers from the input patch or176

output of the previous block; they then abstract the learned177

features via average and maximum pooling layers, providing178

input for the subsequent block. The use of both average and179

maximum pooling layers within Sen2LCZ-Net, hereinafter180

referred to as the “double-pooling layer,” ensures that more181

learned features or information within the input data passes182

through the network for learning in a later stage. This is183

especially important when the input patch size is small or has184

a coarse resolution, e.g., a 32 × 32 Sentinel-2 patch. At the185

end of the last block, a global average pooling is performed,186

followed by a softmax classifier for the final prediction. No187

additional fully connected layers are used, in order to maintain188

a small model size.189

The final prediction is then used for loss calculation and190

optimization, along with the reference label input as ground191

truth. When fusion of multi-level features is considered, four192

predictions are made from four outputs of the four blocks193

independently, the sum of which is used for loss calculation194

and optimization, as illustrated by the blue lines in Fig. 2.195

Similar to the strategy using the double-pooling layer, this 196

multi-level fusion design is intended to better exploit the 197

information in input patches without introducing many more 198

parameters. Low-level features from an early stage of the 199

network can be valuable to distinguish LCZs such as sparsely 200

built areas, while this information is not guaranteed to be 201

available in the final learned, or high-level, features. It is 202

worth mentioning that this fusion idea can be implemented 203

together with any state-of-the-art CNNs, including VGG and 204

ResNet. Furthermore, some state-of-the-art design ideas, such 205

as attention mechanisms and skip connections, can be further 206

integrated into Sen2LCZ-Net-MF; however, for simplicity, this 207

is not recommended for consideration before its potential has 208

been investigated. 209

Implementation Details. Filter weights are initialized us- 210

ing the algorithm proposed by [46]. The kernel sizes of 211

all convolutional layers are 3 × 3 and during convolutions, 212

each side of the inputs is zero-padded by one pixel to keep 213

feature maps a fixed size. The number of output filters for the 214

first convolutional layer, f , is set as 16, and the number of 215

convolutional layers in each of the four blocks, N , is set as 216

4; experimented for investigations of the influence of network 217

depth and width in Section V experiment with the value of N . 218

Changing the value of f and N results in different topologies 219

of Sen2LCZ-Net. The depth, D, and width of Sen2LCZ- 220

MF can be adjusted with N and f , respectively. Specifically, 221

the depth D = 4N + 1, and the width W depends on the 222

filter number of the first block, f , which is doubled for each 223

subsequent block. The pooling layers use a kernel size of 2×2 224

with a stride of 2, decreasing the size of feature maps by half. 225

As a result, the sizes of the learned feature maps from the four 226

blocks are h × w, h
2 × w

2 , h
4 × w

4 , and h
8 × w

8 . Specifically, 227

on the So2Sat LCZ42 dataset, the sizes are 32× 32, 16× 16, 228

8× 8, and 4× 4. To avoid overfitting during training, we add 229

a dropout layer [47] at the end of the second and third block 230

and set the dropout rate as 0.2. 231

B. Baseline CNNs 232

To provide comparisons among baseline results, the fol- 233

lowing standard CNNs and modules were studied for LCZ 234

classification. The baselines were selected to have a varying 235

number of layers and parameters, to represent a wide range of 236

cases. 237

• VGG. VGG is composed of convolutional layers with a 238

fixed small size of 3× 3, max-pooling layers with a size 239

of 2 × 2 and a stride of 2, and three fully connected 240

layers at the end [26]. When it was proposed, the authors 241

showed that increasing the depth of the network is able to 242

improve classification accuracy significantly (e.g., when 243

pushing the depth from 16 to 19). Inspired by a earlier 244

work [48], it used only 3 × 3 convolution filters to 245

improve network performance and lower computational 246

complexity. VGG became famous for its simplicity and 247

homogeneous topology. However, one problem is the 248

large number of parameters (mainly resulting from the 249

three fully connected layers), making it computationally 250

expensive. We used VGG16 implemented in Keras, with 251
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Fig. 2: Architecture of Sen2LCZ-MF. The three light blue lines correspond to the part of multi-level feature fusion. Note that
all convolutional layers are followed by batch normalization. The depth D = 4N + 1, and the width depends on the filter
number of the first block, which is doubled for each subsequent block.

only one adaptation: adding batch normalization after252

each convolutional layer. The final size of the feature map253

for prediction is 1× 4096.254

• ResNet. ResNet improves training efficiency of very255

deep CNNs by introducing skip connections with identity256

functions. This design of short-cut connections helps to257

alleviate the vanishing gradients and diminishing feature258

reuse problems, enabling a very deep network, ranging259

from 152 to 1000 layers. In our comparative experiments,260

the ResNet-11/20/54 used, as well as the attention-based261

ResNets are based on an improved version of the original262

proposed ResNet [31], [49]. There are three blocks in263

total, each of which outputs feature maps of size 32×32,264

16×16, and 8×8. The Keras implementation of ResNet50265

used in this study is based on the first version [27], and266

the only adaptation for our experiments is the removal of267

the last block, due to the 32× 32 input patch size.268

• ResNext. ResNext introduces cardinality as a new dimen-269

sion of networks, in addition to depth and width [33]. It is270

similar to the family of Inception models in that they all271

follow the design strategy of split-transform-merge [50].272

That is, the input is first split into multiple embeddings273

(by 1 × 1 convolutions), then transformed by a set274

of specialized filters, and merged by concatenation or275

summation in the end. Improved classification accuracy276

has been obtained while the complexity is maintained,277

and no specialized design choices are needed due to the278

reduced number of hyper-parameters. The ResNext used279

in our experiments has a depth of 29 and a cardinality of280

8.281

• DenseNet. Based on the success of ResNet, DenseNet282

further connects the layers within a network [28]. In283

DenseNet, each layer takes all preceding feature maps as284

input, and feature maps of each layer are used as inputs285

into all subsequent layers. In this way, the problem of286

vanishing-gradient is alleviated, the feature propagation287

is strengthened, and feature maps are better reused. The288

DenseNet used in our experiments has three dense blocks289

with an equal number of layers (7). The sizes of the fea-290

ture maps from each block are 32×32, 16×16, and 8×8. 291

Following [28], we also use 1 × 1 convolution followed 292

by 2×2 average pooling as transition layers between two 293

contiguous dense blocks. The hyper-parameter, growth 294

rate, is set as 12. 295

• Xception. The Xception network is an extreme version 296

of Inception models that assume that cross-channel and 297

spatial correlations can be mapped completely separately. 298

It is built up by stacking depthwise separable filters 299

(a replacement of the Inception modules in Inception 300

models) with residual connections. This results in an 301

efficient use of model parameters, as being shown in 302

[35]. We used Xception implemented in Keras, with no 303

adaptation. The final size of the feature map for prediction 304

is 1× 2048. 305

• Attention mechanism and Convolutional Block At- 306

tention Module (CBAM). Attention modules in the 307

context of DL, originally popularized in the field of 308

machine translation [51], are capable of boosting the 309

representation power of CNNs by integrating global con- 310

textual dependencies, in both the spatial and the spectral 311

dimension. It works in a way similar to adaptative feature 312

refinement and feature selection or recalibration in one 313

[52] or more [53] dimensions of the feature maps. The 314

implementation of attention mechanism used in this study, 315

CBAM, consists of a channel attention module and a 316

spatial attention module in a sequential arrangement, with 317

channel attention as the first [49]. CBAM was used with 318

ResNet-20 and ResNext in our experiments by appending 319

one CBAM for each convoutional layer. 320

In addition to the aforementioned baselines for comparison, 321

we also investigated the use of CBAM and skip connections 322

within the proposed Sen2LCZ-Net-MF. When using CBAM, 323

it is appended to each convolutional layer without further 324

adjustments. When skip connections are adopted, each block is 325

treated independently with one shortcut connection. Full pre- 326

activation is used for the skip connection in each block, i.e., 327

output feature maps of the first convolutional layer are added 328
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to outputs of the last convolutional layer [31]329

C. LCZ classification Procedure330

After being trained, CNNs can be used for LCZ classi-331

fication through a sliding window approach, as illustrated332

in Fig. 3. For each pixel (location) to be predicted, one333

image patch is extracted from the whole image based on334

corresponding geo-locations, with a predefined size that is used335

during model training. Feeding the patch into trained CNNs336

will output a label corresponding to one of the 17 LCZs. The337

predicted label for this patch is assigned to this location before338

continuing to process the subsequent pixel (location). GSD of339

final predictions can be controlled via the step of the sliding340

window, which is often 100 m in LCZ-related studies.341

III. EXPERIMENTAL SETUP342

In this section, we describe the reference and image data343

and how they were processed, the baseline models, the exper-344

imental setup, and accuracy assessment.345

A. So2Sat LCZ42 dataset346

The So2Sat LCZ42 dataset consists of LCZ labels of347

400673 Sentinel-1 and Sentinel-2 image patches (with a size348

of 32 × 32) in 42 urban agglomerations (plus 10 additional349

smaller areas) across the world. It was labeled by a group350

of domain experts in remote sensing, following a carefully351

designed labeling work flow similar to that in WUDAPT [13].352

Afterwards, rigorous quality assessment was conducted with353

independent label voting by domain experts who had not354

labeled the areas in the labeling stage. The overall confidence355

of the labeling is 85%. Further details about the So2Sat LCZ42356

dataset can be found in [54].357

In this study, only Sentinel-2 data was used. For the large-358

scale LCZ classification examples, the satellite imagery used359

was downloaded from Google Earth Engine after cloud re-360

moval processing, as described in [55]. Ten of the Sentinel-361

2 bands were used in this thesis: specifically, the channels362

with a GSD of 10 m and 20 m. In order to create composites363

with a consistent image size, the second group of bands was364

upsampled to a GSD of 10 m using cubic resampling. To365

summarize, the Sentinel-2 data used in this thesis contains 10366

real-valued bands, as listed in Table I.367

TABLE I: Basic information of Sentinel-2 bands used in this
study. VNIR: Visible and Near Infrared, SWIR: Short Wave
Infrared

band central wavelength (nm) resolution (m) description

B2 490 10 Blue
B3 560 10 Green
B4 665 10 Red
B5 705 20, upsampled to 10 VNIR
B6 740 20, upsampled to 10 VNIR
B7 783 20, upsampled to 10 VNIR
B8 842 10 VNIR
B8a 865 20, upsampled to 10 VNIR
B11 1610 20, upsampled to 10 SWIR
B12 2190 20, upsampled to 10 SWIR

The whole So2Sat LCZ42 dataset is split into training, 368

validation, and test sets, all of which are spatially separated. 369

Specifically, the training set consists of all the patches of 32 370

cities and the 10 add-on areas (see [54] for the full list of 371

cities). The remaining 10 cities, distributed across different 372

continents over the world, are: Guangzhou, Jakarta, Moscow, 373

Mumbai, Munich, Nairobi, San Francisco, Santiago de Chile, 374

Sydney, and Tehran. For each of them, we split the labels 375

of each LCZ class into the west and east halves of the city, 376

comprising the validation and test sets. Therefore, all three 377

sub-datasets are geographically separated from each other, 378

even though the test and validation sets are drawn from 379

the same list of cities. The number and distribution of the 380

individual LCZ classes in those three subsets is visualized in 381

Fig. 4. 382

B. Experimental settings and metrics for accuracy assessment 383

Training. For all the CNNs studied in our experiments, 384

the input images and their corresponding reference labels are 385

used to train the network with the Nesterov Adam optimizer 386

implementation of Keras [56]. All CNNs were trained from 387

scratch following the same experimental settings in order to 388

make meaningful comparisons. We used a minibatch size of 32 389

patches. The initial learning rate is 2× 10−2 and is decreased 390

by half after every fifth epoch. To control the training time and 391

avoid overfitting, early stopping was used, and the monitored 392

metric is validation loss with patience of 40 epochs, which 393

means that the training stops if the validation loss does not 394

decrease for 40 epochs. After the training, we report the test 395

accuracy from the saved weights with the highest validation 396

accuracy. 397

Metrics. Metrics used for performance assessment include 398

overall accuracy (OA), Kappa, and average accuracy (AA), 399

which is chosen considering the unbalanced number of sam- 400

ples of different LCZs [57]. Additionally, we used weighted 401

accuracy (WA), in which different weights are given to dif- 402

ferent types of mistakes on the basis of a systematic analysis 403

of the consequent climate impact of those misclassfications, 404

considering such properties as openness, height, cover, and 405

thermal inertia [58]. As in [20], overall accuracies for LCZ 406

types in built-up areas (i.e., LCZ1-10; OA b) and LCZ types 407

in non-built-up areas (i.e., LCZA-G; OA nb) are also used as 408

auxiliary metrics. 409

IV. EXPERIMENTAL RESULTS 410

Results of the experimental assessment of the proposed 411

Sen2LCZ-Net-MF are given in this section. First, sensitivity 412

analyses are carried out by comparing the performance of 413

Sen2LCZ-Net-MF with different configurations, in order to 414

back up the design choice and also to search for the best 415

configuration. Using the chosen configuration, LCZ classifi- 416

cation results are then compared to those from the state-of- 417

the-art CNNs. Additionally, we show the detailed class-wise 418

classification accuracy and remaining confusions among LCZs 419

by a confusion matrix. In the end, we show the generally 420

satisfying LCZ classification results on a large scale, with 421

examples from two cities and a province under different 422

environmental conditions. 423
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Fig. 3: Process of LCZ classification from image data by a sliding window approach with trained CNNs.
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Fig. 4: Sample number of LCZ labels in training (left), validation (middle), and test datasets (right).

A. Influence of network depth and width424

It is well known that the depth and width of a CNN affect425

its performance. Specifically, bigger models tend to achieve426

higher accuracy and the accuracy gain quickly saturates [36].427

There are also contradictory observations where a deeper CNN428

does not achieve as good accuracy as a shallower counterpart429

with the same number of parameters [43]. To study the430

influence of depth and width of the Sen2LCZ-Net on the431

So2Sat LCZ42 dataset, we carried out a series of experiments432

following the same setup. The results are presented in Table433

II, where we also list the number of trainable parameters for434

each Sen2LCZ-Net.435

From Table II, we can observe the following phenomena:436

• When the number of feature maps in the first block, f , is437

set to 16, better classification results can be achieved as438

the network depth increases from 5 to 9, from 9 to 13,439

and from 13 to 17. The improvement from 13 to 17 is440

smaller than that from 5 to 9 and from 9 to 13. No further441

improvement is observed when the depth continues to442

increase from 17 to 21.443

• When f is 32, unexpectedly, for the same depth (5, 9,444

and 17), a wider Sen2LCZ-Net does not provide obvious445

benefit, even though many more parameters are used. One446

explanation is that the bigger CNNs with more parameters447

tend to overfit on the training data, resulting in low test 448

accuracy. 449

• A correlation between model performance and size on 450

the So2Sat LCZ42 dataset, i.e., larger models tend to 451

demonstrate better performance until a certain threshold, 452

is consistent with the literature [36]. 453

• With similar amount of parameters, e.g., f16D17 and 454

f32D5, a deeper network provides better performance, 455

which is probably due to the over saturation of the 456

parameters in the shallow network (a phenomena called 457

processing level saturation) [43]. 458

• A deeper network with fewer parameters (e.g., f16D13 459

and f16D9) can perform better than its shallower coun- 460

terparts (e.g., f32D5), probably due to its developed 461

composition of more general simple functions. 462

B. Effectiveness of multi-level feature fusion 463

To demonstrate the effectiveness of multi-level feature fu- 464

sion for LCZ classification, we carried out 12 experiments with 465

six CNNs with and without multi-level feature fusion. The 466

resulting model performance is shown in Table III. Improve- 467

ment from multi-level fusion can be consistently observed 468

for all six CNNs of varying size. This improvement is more 469

likely resulting from the representation ability of the additional 470

employed features, since there are only a few additionally 471
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TABLE II: Test results from Sen2LCZ-Net of different depth (number of layer, D = 4N + 1) and width, which is related to
the filter number of the first block, f .

networks metrics

f D # Para. ID Kappa AA WA OA OA b OA nb

16

5 197,889 f16D5 0.611 0.526 0.911 0.645 0.910 0.971
9 394,449 f16D9 0.627 0.535 0.920 0.660 0.958 0.953
13 591,009 F16-L13 0.636 0.557 0.924 0.668 0.947 0.975
17 787,569 f16D17 0.646 0.554 0.932 0.677 0.983 0.944
21 984,129 F16-L21 0.632 0.549 0.925 0.664 0.963 0.954

32
5 782,833 f32D5 0.594 0.533 0.915 0.628 0.942 0.960
9 1,567,633 f32D9 0.608 0.523 0.920 0.642 0.959 0.973
17 3,137,233 F32-L17 0.644 0.552 0.927 0.676 0.955 0.969

TABLE III: Testing performance of six CNNs with (X) and
without multi-level fusion (MF).

network MF
metrics

Kappa AA WA OA OA b OA nb

f16D5
0.611 0.526 0.911 0.645 0.910 0.971

X 0.628 0.528 0.920 0.661 0.949 0.959

f16D9
0.627 0.535 0.920 0.660 0.958 0.953

X 0.644 0.562 0.928 0.674 0.957 0.967

f16D17
0.646 0.554 0.932 0.677 0.983 0.944

X 0.664 0.587 0.933 0.694 0.973 0.959

f32D5
0.594 0.533 0.915 0.628 0.942 0.960

X 0.633 0.546 0.923 0.666 0.957 0.957

f32D9
0.608 0.523 0.920 0.642 0.959 0.973

X 0.635 0.554 0.920 0.668 0.954 0.966

ResNet-54
0.559 0.481 0.894 0.597 0.876 0.952

X 0.581 0.483 0.907 0.619 0.943 0.944

introduced parameters, i.e., those from the additional three472

dense and softmax layers,, as shown in Fig. 2. Another related473

explanation is that the additionally utilized feature maps from474

the early layers are larger and provide valuable information,475

enabling an efficient harness of the training samples, as476

analyzed in [42].477

C. Effectiveness of the double-pooling layer478

It is known that (max-)pooling plays an important role479

in reducing the sensitivity of learned features to shift and480

distortions and that it also enables translation invariance481

[59]. Also, it makes possible a pyramid-shaped form model482

and larger receptive field in a later stage of the network.483

However, it hinders the maximum utilization of information,484

which is crucial, especially for a dataset of insufficient size.485

Therefore, both average pooling and maximum pooling layers486

are used for downsampling within Sen2LCZ-Net. To show487

the effectiveness of this choice, we compared the results to488

those from models only using maximum pooling layers for489

six configurations. The comparisons are presented in Table IV,490

where it can be seen that it is beneficial to use average pooling491

in addition to maximum pooling layers. This is probably492

because more features and information can be exploited for a493

later stage of the network by simply adding average pooling.494

This is important for the used medium resolution Sentinel-495

2 images, because each pixel value represents a rather large496

ground area and might be crucial in distinguish certain LCZs 497

that often depend on neighborhood morphologies. When only 498

maximum pooling layers are used, certain information can be 499

lost during the feature extraction and abstraction process, and 500

cannot be recovered. 501

D. Impact of LCZ imbalance in the training dataset 502

Samples in the training dataset are unbalanced with respect 503

to each LCZ, as can be seen in Fig. 4. To understand its 504

effect on classification performance, we carried out eight 505

experiments with four CNNs and compared the results con- 506

sidering and not considering the class imbalance problem. 507

Class weights were used when considering the class imbalance 508

problem, and weights were calculated based on the sample 509

frequency of each LCZ. Specifically, the weight of each LCZ 510

was calculated by the inverse of its sample fraction in the 511

whole training set. The resulting differences in classification 512

accuracy can be seen in Table V, Counterintuitively, we do not 513

observe obvious benefits by using class weights. One reason 514

might be that the imbalance problem in the So2Sat LCZ42 515

dataset is not serious, so that no weighting strategy is needed, 516

as the imbalance problem was addressed to some extent during 517

the data preparation process [54]. Another reason is that the 518

introduced class weight during training makes it difficult to 519

learn generalized features for the major class, leading to a 520

overall worse results. 521

E. Comparison among state-of-the-art CNNs for LCZ classi- 522

fication 523

Table VI presents classification results from Sen2LCZ-Net- 524

MF with selected configurations based on the above analyses, 525

as well as several baseline CNNs, as described in Section II-B. 526

The proposed Sen2LCZ-Net-MF(f16D17), corresponding to a 527

configuration of f = 16 and D = 4N+1, N = 4 as described 528

in Section II-A and Fig. 2, provides the best results for all met- 529

rics except OA nb, with Kappa and AA being 0.664 and 0.587, 530

respectively. A smaller version of Sen2LCZ-Net-MF(f9D17) 531

also provides top results for all metrics, with Kappa and 532

AA being 0.644 and 0.562, respectively. CNNs providing 533

comparative results include ResNet-11, DensNet, and CBAM- 534

based ResNet-20. Considering that the top results of OA b and 535

OA nb are all close and high, it can be concluded that the best 536

results are from the proposed Sen2LCZ-Net-MF. The bigger 537
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TABLE IV: Testing performance of six CNNs with (X) and without double-pooling layer. AM indicates the configuration
where both pooling layers, average and maximum pooling, are used. Without double-pooling layer means only maximum
pooling is used.

network AM
metrics

Kappa AA WA OA OA b OA nb

f16D5
0.577 0.514 0.909 0.613 0.964 0.924

X 0.611 0.526 0.911 0.645 0.910 0.971

f16D9
0.611 0.534 0.920 0.644 0.944 0.972

X 0.627 0.535 0.920 0.660 0.958 0.953

f16D17
0.651 0.565 0.932 0.682 0.976 0.949

X 0.646 0.554 0.932 0.677 0.983 0.944

f16D5-MF
0.622 0.524 0.919 0.656 0.949 0.960

X 0.628 0.528 0.920 0.661 0.949 0.959

f16D9-MF
0.638 0.557 0.925 0.670 0.951 0.960

X 0.644 0.562 0.928 0.674 0.957 0.967

f16D17-MF
0.648 0.561 0.929 0.679 0.964 0.976

X 0.664 0.587 0.933 0.694 0.973 0.959

TABLE V: Testing performance of four CNNs trained with
and without (7) class weights.

network W
metrics

Kappa AA WA OA OA b OA nb

f16D9-MF
0.591 0.555 0.908 0.623 0.944 0.958

7 0.644 0.562 0.928 0.674 0.957 0.967

f16D17-MF
0.619 0.583 0.921 0.650 0.953 0.959

7 0.664 0.587 0.933 0.694 0.973 0.959

ResNet-11
0.584 0.548 0.904 0.619 0.925 0.952

7 0.620 0.551 0.918 0.654 0.943 0.963

ResNet-20
0.608 0.564 0.919 0.641 0.932 0.979

7 0.609 0.527 0.918 0.642 0.960 0.957

models, such as ResNet-50 and Xception, provides worse538

results. The first reason is that they are probably not adapted539

well for this task and dataset. Specifically, the information loss540

in the first layers of these CNNs, which is due to maximum541

pooling layers and the larger-than-1 stride of convolutional542

layers, might be harmful for feature representations.543

Further exploiting CBAM or skip connections provides little544

improvement, as presented in the last two rows in Table VI.545

This is possibly due to the sufficient exploitation of the input546

data by Sen2LCZ-Net-MF and the challenges of distinguishing547

different LCZs.548

It should be mentioned that the comparison is mainly to549

provide a reference for a preliminary interpretation of the550

relation between the models and their performance for the551

specific task of LCZ classification. It becomes clear that552

optimal performance for LCZ classification is not guaranteed553

when relying on the models proposed for datasets in computer554

vision, such as ImageNet.555

The confusion matrix resulting from Sen2LCZ-Net-556

MF(f16D17) is presented in Fig. 5. It can be seen that LCZs557

with a low producer’s accuracy (lower than 50%) include LCZ558

5, 7, 10, B, C, and E. The main mis-classifications (higher than559

30%) are between LCZ 7 and 3, LCZ 9 and 6, LCZ 10 and560

8, LCZ C and D, and LCZ C and F, which are all comparably561

similar LCZ types. The LCZs with high producer’s accuracy 562

(higher than 80%) are LCZ 4, 8, A, D, and G. 563

The seemingly disappointing classification results are due 564

to the challenging setup in our experiments, where the test 565

samples are from completely unseen areas in spatially dis- 566

jointed regions compared to the data in the training set. We 567

expect that multiple approaches can be effectively employed 568

for further improvement, which will be discussed in Section 569

V. 570

F. LCZ classification examples on a large scale 571

As city-scale LCZ classification examples, we present re- 572

sults from Sen2LCZ-Net-MF(f16D17) for Munich (Germany, 573

Europe) and Nairobi (Kenya, Africa) in Figs. 6 and 7, respec- 574

tively. As an example of province-scale LCZ classification, 575

we present the result in Henan province in China in Fig. 8. 576

A zoomed-in subregion of a rural area is visualized in Fig. 577

9. For comparative interpretation, we also present HR image 578

data and references from existing products, i.e., Global Urban 579

Footprint (GUF) [60], [61], Global Human Settlement Layer 580

(GHSL) [62], and finer resolution observation and monitoring 581

of global land cover with 10 m GSD (FROMGLC10) [63]. 582

V. DISCUSSION 583

The design choice of Sen2LCZ-Net (the suitable depth 584

and width), the effectiveness of multi-level feature fusion and 585

double-pooling layer, as well as the effect of class imbalance 586

have been shown by the extensive experimental results in 587

Section IV. While having fewer parameters and not relying 588

on sophisticated modules and training tricks, the performance 589

of Sen2LCZ-Net-MF is beyond that of the state-of-the-art 590

CNNs. The main reason is that most of the state-of-the- 591

art CNNs were proposed based on the open datasets in the 592

computer vision field, such as ImageNet and CIFAR, which are 593

obviously different from the multi-spectral Sentinel-2 images 594

in the So2Sat LCZ42 dataset. While some of the state-of-the- 595

art CNNs (such as the ResNet-20+CBAM in Table VI) provide 596

comparable results, they come with unnecessary overhead and 597
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TABLE VI: Performance comparison among various CNNs on So2Sat LCZ42 dataset, following the same experimental setup.
The top five results are indicated in bold.

CNNs metrics

name # Para. Kappa AA WA OA OA b OA nb

Sen2LCZ-Net-MF(F16-L17) 791,428 0.664 0.587 0.933 0.694 0.973 0.959
Sen2LCZ-Net-MF(F16-L9) 398,308 0.644 0.562 0.928 0.674 0.957 0.967

ResNet-11 300,225 0.620 0.551 0.918 0.654 0.943 0.963
DensNet 389,189 0.631 0.550 0.924 0.663 0.964 0.962
ResNet-20 573,409 0.599 0.511 0.917 0.635 0.955 0.968
ResNet-20+CBAM 618,013 0.626 0.530 0.919 0.659 0.960 0.954
ResNet-54 1,666,145 0.609 0.527 0.918 0.642 0.960 0.957
VGG16 2,357,329 0.617 0.523 0.920 0.651 0.948 0.946
ResNet-50 8,597,969 0.559 0.481 0.894 0.597 0.876 0.952
Xception 20,843,801 0.576 0.503 0.905 0.612 0.925 0.946
ResNext+CBAM 106,172,658 0.590 0.500 0.907 0.626 0.925 0.953

Sen2LCZ-Net-MF(F16-L17) + skip connection 791,428 0.641 0.564 0.924 0.671 0.954 0.963
Sen2LCZ-Net-MF(F16-L17) + CBAM 815,836 0.655 0.556 0.930 0.685 0.965 0.960

Fig. 5: Confusion matrix of classification results from Sen2LCZ-Net-MF(f16D17), normalized by the number of total samples
of each LCZ.
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Fig. 6: LCZ classification result in Munich, Germany.

Fig. 7: LCZ classification result in Nairobi, Kenya.
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Fig. 8: An example of large-scale LCZ classification in Henan province, China, with a total area of about 167,000 km2.

high computation complexity. Simply relying on state-of-the-598

art CNNs from the computer vision field might be practically599

fast and effective for certain tasks on a small scale, but it600

is harmful not only for large-scale or even global mapping601

but also for comprehensive understanding and development of602

methodologies. As explained in Section I, this is not possible603

without benchmark datasets, which is addressed by relying on604

the open So2Sat LCZ42 dataset in this study.605

The focus of this study is to provide effective baselines on606

the open So2Sat LCZ42 dataset. While promising results have607

been achieved even in completely unseen areas, demonstrating608

the potential for further applications, as shown in Fig. 9,609

our employed CNN, Sen2LCZ-Net-MF, is comparably simple610

and no sophisticated hyper-parameter tuning is applied on611

the training process, either. As a result, we expect further612

improvement from a range of feasible approaches based on613

the achieved benchmark results in this study. We categorize614

these possibilities in the following three directions.615

• Data-driven approach. It has been shown that the per-616

formance of a CNN will increase with an increasing617

amount of data available [26]. Therefore, a simple way618

to enhance the benchmark results is to extend the So2Sat619

LCZ42 dataset by including more data. A straightforward620

approach is to resort to data augmentation, such as the621

multi-scale and horizontal flip approach, and test-time622

augmentation, which has been used in state-of-the-art623

research [26]. One step further, we can include more data624

from even more diverse areas. In addition to the amount625

of data, the quality of samples can also be improved 626

to enable more accurate results. For instance, a more 627

balanced distribution among all classes can help training 628

a more robust model. Another example is to introduce 629

more hard samples such as LCZ 7 (light-weight and low- 630

rise) and LCZ 9 (sparsely-built). In this way, the learned 631

features for hard examples can be more representative 632

and the accuracy for difficult classes can be improved, 633

resulting in a higher overall accuracy [64]. 634

Apart from the dataset to train the network, in the 635

prediction phase, multi-source multi-temporal data fusion 636

is also a straightforward and effective approach to fur- 637

ther improve the obtained benchmark LCZ classification 638

results. The effectiveness of data fusion has been shown 639

in [18], [65], and [21]. Specifically, a final robust result 640

can be achieved via a decision-level fusion of multiple 641

predictions that are obtained from multi-source data, such 642

as SAR and hyperspectral image, with same or different 643

classifiers [66], [67], [68], [69], [70]. 644

• Model-based approach. The first kind of model-based 645

approaches is ensembling of CNNs, which was observed 646

very early and is now commonly used for obtaining top 647

results in image classification challenges. This effective- 648

ness is due to the presence of several local minima for the 649

problem. Therefore, multiple trainings of the exact same 650

neural network architecture can lead to different outputs. 651

It should be mentioned that an ensemble does not have 652

to increase the cost of computation time (training a CNN 653
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Fig. 9: Closer view of the LCZ result of large-scale classification example in Fig. 8, with an rural area around the location of
longitude 113.2072◦ east and latitude 32.6849◦ north.

Water Bare soil or sand Bare rock or paved Low plants Bush (scrub) Scattered trees Dense trees Heavy industry
Sparsely built Large low-rise Lightweight low-rise Open low-rise Open mid-rise Open high-rise Compact low-rise Compact mid-rise
Compact high-rise

multiple times) [71]. Instead, the spirit of the ensemble654

can be realized at different levels, for instance, by multi-655

column and multi-branch architectures, where the training656

only needs to be carried out once [35], [72], [73]. Even657

with a single-branch architecture, an ensemble can be658

performed with a special training strategy that passes a659

range of local minima during the training process [74].660

More interestingly, advanced algorithms in transfer learn-661

ing, active learning, and meta learning can also be662

adapted for the LCZ classification task on the So2Sat663

LCZ42 dataset. For example, one challenge in large-664

scale LCZ classification is to achieve reasonable results in665

areas where no or only little reference data is available.666

In this case, zero-shot and few-shot learning based on667

meta learning principles are very promising directions to668

explore [75], [76].669

• Application-oriented approach. Depending on the spe-670

cific cases of application, this study can be extended fur-671

ther. For instance, when an LCZ map of a certain region672

is required for a surface urban heat island (SUHI) study,673

pre-trained models can be fine-tuned on the available674

reference data of this area. In this way, better results675

can be obtained to satisfy the application, even though676

the model might overfit to this specific area. Another use677

case is monitoring of urbanization, which is increasingly678

attracting attention. In this case, the urban-related LCZs679

can be combined and multiple predictions from time680

series remote sensing images can be obtained for a post-681

classification change detection and analysis [77].682

VI. CONCLUSIONS AND OUTLOOK683

A range of benchmark results on the open So2Sat LCZ42684

dataset were presented in this study. Because of the consistent685

experimental setup, this work can enable a complete under-686

standing of the performance of CNNs on a large-scale LCZ687

classification task. We show that a properly designed simple688

CNN considering multi-level feature fusion can perform better689

than bigger and more complex models that have been proposed690

on non-remote sensing datasets. Since the proposed model691

is simple and light weight, further accuracy improvement 692

within a certain budget on the model size or memory can 693

be expected. As is well known, ultimately it’s a problem of 694

well-balanced compromise between performance and imposed 695

overhead for the specific use cases. Furthermore, our work 696

will facilitate the development of more advanced models for 697

the challenging task of LCZ classification on a large scale. 698

Our trained models can be used as pre-trained ones, either 699

using the fixed So2Sat LCZ42 features or fine-tuning from 700

the So2Sat LCZ42 initialization, for related studies such as 701

land cover land use classification from Sentinel-2 or Landsat 702

data. 703
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Abstract—Human Settlement Extent (HSE) and Local Climate
Zone (LCZ) maps are both essential sources, e.g., for sustainable
urban development and Urban Heat Island (UHI) studies. Re-
mote sensing (RS)- and deep learning (DL)-based classification
approaches play a significant role by providing the potential for
global mapping. However, most of the efforts only focus on one
of the two schemes, usually on a specific scale. This results in
unnecessary redundancies in terms of computational cost, since
the learned features could be better leveraged for these related
tasks. A solution to this deficiency is desired as the creation
of annotations is expensive and time-consuming. In this letter,
the concept of multi-task learning (MTL) is introduced to HSE
regression and LCZ classification for the first time. We propose
an MTL framework and develop an end-to-end Convolutional
Neural Network (CNN), which is a hybrid of a backbone network
for shared feature learning, attention modules for task-specific
feature learning, and weighting strategies for balancing the two
tasks. We additionally propose to exploit HSE predictions as a
prior for LCZ classification to enhance its accuracy. The MTL
approach was extensively tested with Sentinel-2 data of 13 cities
across the world. The results consistently demonstrate that the
framework is able to provide a competitive solution for both
tasks.

Index Terms—Convolutional Neural Networks, Human Settle-
ment Extent, Local Climate Zones, Multi-task Learning, Sentinel-
2, Urban Land Cover

I. INTRODUCTION

Two important tasks in urban mapping are distinguishing
urban areas from non-urban background and characteriz-

ing intra-urban heterogeneity. HSE and LCZs are two schemes
for the respective representations. HSE, indicating the density
of buildings, roads, and other man-made structures in an area,
is a crucial indicator of the human footprint on Earth. Up-
to-date, detailed, and accurate worldwide HSE information
provides a possibility for evidence-based decision making for
various applications [1, 2]. By contrast, the LCZ scheme,
originally proposed for UHI studies, includes 17 classes for
detailed urban land cover (LC) classification.
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DL-based approaches for urban LC classification have been
attracting much attention due to their proven predictive power,
and end-to-end learning abilities. A major advantage of DL lies
in its ability to learn complex feature representations. CNNs,
in particular Fully Convolutional Networks (FCNs), have been
successfully applied in many RS-based image classification
and segmentation tasks [3]. We draw upon these successes by
applying DL-based semantic segmentation methods to urban
LC mapping in this study. However, up-scaling urban LC
mapping, particularly LCZ classification, to extended areas
remains challenging due to the large intra-class variability of
spectral signatures, which results from variations in physical
and cultural environmental characteristics across the world [4].
The lack of fully automated approaches motivates our investi-
gations into DL models with a higher ability for generalization.

Prior work indicated that HSE and LCZs have strong
agreement across scales [5]. To exploit the complementary
nature of HSE regression and LCZ classification tasks, we
propose an MTL framework to jointly predict HSE and
LCZs. MTL has been shown to be a powerful technique
for improving model generalization by leveraging domain
knowledge of related complementary tasks [6, 7, 8]. In this
work, we present a feature-based MTL system that mainly
consists of a shared backbone network to capture a common
representation for both HSE regression and LCZ classification,
and soft-attention modules to adaptively select task-specific
features. By jointly learning both tasks, we aim to boost the
prediction performance over that achieved by a single, task-
specific network.

II. METHODOLOGY

A. MTL Framework for LC Mapping on Different Scales

Urban LC mapping, with a focus on built-up areas, can be
achieved at varying levels of spatial and semantic detail. In
the case of HSE regression and LCZ classification, we find
that these tasks prioritize spatial and semantic resolution in
a complementary manner. The LCZ scheme places emphasis
on high semantic resolution with 17 classes, while the HSE
density, which represents the portion of the area that is covered
by impervious surfaces, contains fewer semantic details but
feature a higher spatial resolution. The complementary rela-
tionship is expected to support the learning process of each
task and improve the efficient usage of available training data.
This will potentially lead to faster convergence during training,
higher accuracy for both tasks, compared to single-task mod-
els, and reduced production time as both tasks can occur in
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Fig. 1: MTL framework for HSE density regression and LCZ classification,
consisting inputs, a backbone network, task-specific networks, and decoder
modules. The inputs for network training are images and the corresponding
reference labels of each task.

parallel. To this end, a generalized MTL framework, illustrated
in Fig. 1, is proposed, which consists of the following four
primary components.

• A backbone network for shared, general feature learning
at the early stage. It can be implemented as state-of-
the-art CNN architectures, such as VGG and ResNets.
Compared to natural images, e.g., photographs typically
used in computer vision experiments, the resolution of
Sentinel-2 imagery is low. Hence, pooling is undesired
within the backbone network to retain the spatial resolu-
tion, especially when aiming for a spatial resolution as
high as 20 m for the HSE density predictions from the
10 m source data.

• Task-specific network branches for dedicated feature
learning. They adaptively select features from the com-
mon representations and further learn specific and high-
level features for the individual tasks. They can be im-
plemented as convolutional operations, attention modules
or “Squeeze-and-Excitation” blocks [9].

• Decoder modules to recover a required resolution of
the predictions. They can be implemented as transposed
convolutions or upsampling layers. To retain clear bound-
aries, low level features might need to be considered, e.g.,
via skip connections as implemented in FCNs.

• Modules to exploit task relation. The reference of one
task can be employed as prior information to guide
the prediction of the other task. In this way, consistent
and accurate predictions are encouraged in the MTL
framework. Under this setting, ground truth of one task
can be used as the prior information at training-time when
ground truth is available. During inference, where there
is no access to ground truth, the prior information can be
the predictions of one task.

B. One Implementation of the MTL Framework

One possible implementation of the proposed MTL frame-
work is illustrated in Fig. 2, which consists of a feedforward
backbone network followed by two branches for HSE regres-
sion and LCZ classification. Each of the two branches be-
gins with an attention module, implemented as Convolutional
Block Attention Modules (CBAMs) in our experiments, for an
adaptive selection and learning of task-specific representations

Fig. 2: Illustration of the implemented MTL CNN architecture for HSE
regression and LCZ classification. The two task-specific network branches
are indicated by two different colors. The size of inputs, feature maps, and
outputs are also listed.

[10]. The architecture is primarily consisting of convolutional
layers and pooling layers, with details listed in Fig. 2. All
3×3 convolutional layers use separable version for the sake of
efficiency. A kernel size of 2×2 with a stride of 2 was used for
the pooling layers, decreasing the size of feature maps by half.
Maximum and average pooling layers were used together for
abstracting learned features within the architecture to preserve
sufficient features. The final output of for both tasks were
decided based on the desired ground sampling distance (GSD)
of respective products. To avoid overfitting during training,
depending on the task, one and two drop-out layers were
utilized in the branches (omitted in the illustration), with a
dropout rate of 0.1.

For the HSE regression task, the last layer was activated
with a sigmoid function, and the mean absolute error (MAE)
was used as a loss function to consider potential noise in
the reference data. Considering that there are more samples
located in sparse human settlement areas in our dataset, a
relatively high weight was assigned to samples representing
dense human settlements. The sample weight was decided
based on: eyHSE , where yHSE ∈ [0, 1] is the reference label
for HSE density.

For the LCZ classification task, predicted softmax proba-
bilities from intermediate lower-level, features were also used
for the loss calculation, in addition to the final prediction.
Specifically, for each input patch, three 1 × 1 convolutional
and softmax layers were used to independently predict three
results using the intermediate features (the three gray dotted
lines in Fig. 2). This is to fully exploit the features at different
levels for the elaborate LCZ scheme, which requires a diversity
of representations to distinguish the 17 distinct LCZ classes.
Together with the result from the final learned features, these
four results were all upsampled to the same size as the
prepared reference label patches. In the end, all four patches
of predicted softmax probabilities were averaged into one final
patch for the loss calculation of the LCZ branch, using a
softmax cross entropy.

The final MTL loss, which was to train the MTL network,
was a combination of two losses from the HSE regression task
and the LCZ classification tasks.
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C. Predictions as Features (P2F)

HSE density and LCZs do not merely share similar prop-
erties, which motivated the implicit exploitation via an MTL
framework, the HSE density is, furthermore, explicitly affect-
ing the categorization of a subset of LCZs. For instance, an
area with a high HSE density can not be an LCZ that does not
correspond to built-up areas, e.g., dense trees. Following this
principle, a module called predictions as features (P2F) was
designed to exploit this prior knowledge within our framework,
the implementation of which was inspired by Kohl et al. [11].
The main idea is to use the HSE predictions as a prior for
the classification into LCZs, as illustrated in Figs. 1 and 2.
The quality of HSE predictions is expected to be sufficient for
the P2F concept as satisfying HSE mapping results have been
achieved using deep CNNs [12].

The P2F module was used in a different manner during
training and test time. Since reference labels for HSE were
available at training-time, they can be utilized as the prior for
the prediction of LCZs. At test-time, the prior was predictions
of the HSE regression branch in the multi-task network, as
indicated in Fig. 1. Thus, the system still solely relies on a
single image as its input at test-time, while making use of the
available ground-truth data during training.

D. Dynamically Balancing Task Weights

One of the challenges in MTL is to balance the involved
tasks, which is most commonly implemented by weighting the
contribution of each individual loss function in the multi-task
loss, subject to optimization. Simply summing the contributing
losses, assuming equal task weights of 1, is not sufficient in
most cases, as this not only implies equal importance of the
tasks but also that single-task losses produce values in the
same order of magnitude. Manually tuning such weights as
hyper-parameters, however, is tedious. Hence, approaches to
automatically and dynamically determine them are desired and
have been investigated in the literature [13, 14].

We implemented an approach to weighting the HSE re-
gression and LCZ classification tasks based on homoscedastic
uncertainty, introduced by [13]. Specifically, we optimize a
multi-task loss function

LMT(WHSE/LCZ, σHSE/LCZ) =
1

2σ2
HSE
LHSE(WHSE)

+
1

σ2
LCZ
LLCZ(WLCZ)

+ log σHSE + log σLCZ (1)

where LHSE/LCZ is the MAE and cross entropy loss for
HSE regression and LCZ classification task, respectively,
WHSE/LCZ are the trainable parameters from the network layers
of respective branch, and σHSE/LCZ are weighting parameters
that control the contribution of the individual tasks. The
variables for the input and reference data, X, Y, are omitted
in the above equation. The regularization terms log σHSE/LCZ
prevent trivial solutions for σHSE/LCZ → −∞. We optimized
the weighting terms along with the network parameters as
sHSE/LCZ := log σ2

HSE/LCZ due to numerical stability [13].

III. EXPERIMENTAL EVALUATION

A. Dataset for Training

A dataset was prepared to assess the potential of the
proposed MTL framework for HSE regression and LCZ classi-
fication, including patches of Sentinel-2 image and annotations
for both tasks, i.e., HSE density percentage with a GSD of
20 m and LCZ labels with a GSD of 100 m.

The data was processed as described in accordance with
previous work [12] using the five European cities, namely
Berlin, Lisbon, Madrid, Milan, and Paris as study areas. Other
than binary HSE mapping in previous work [12], in this study,
HSE density regression was the aim, using continuous values
indicating the percentage of each pixel that is covered by HSE.
Additionally, pixel-wise LCZ labels were prepared for each
sample, using crowdsourcing reference from the WUDPAT
project [15], with an original GSD of 100 m. It was upsampled
to 10 m to match the co-registered image patches during the
training period. At test time, LCZ predictions with a GSD
of 100 m were produced by skipping the upsampling process,
consistent with state-of-the-art LCZ-related studies.

The training and validation split is kept the same as in
Qiu et al. [12], with about 25% of each scene being kept
as validation data while the spatially disjoint rest was used for
training.

B. Test Data and Accuracy Assessment

For assessment of the HSE regression task, two test datasets
were used. The first one covers three test scenes in Europe,
namely Amsterdam, London, and Munich and was prepared in
the same way as the training data. Hence, the HSE density data
is available for this test dataset. The MAE is used as a metric
when tested on this dataset. To test the HSE regression perfor-
mance on a large scale, a qualitative evaluation in comparison
to HR images was carried out. Furthermore, the predicted
results were aggregated into binary labels and tested against
manually annotated ground checking points, as introduced and
used in Qiu et al. [12], which are uniformly distributed over ten
scenes across the world. Metrics for evaluation include Kappa,
average accuracy (AA), and Recall and F-Score of HSE. This
evaluation procedure, with two test datasets, can provide an
estimation of the generalization ability of the proposed MTL
approach, which was trained on data from Europe exclusively.

To assess the results of the LCZ classification task, we
utilized the same ten scenes as the second test datsets for
HSE regression, with reference labels from the So2Sat LCZ42
dataset [16]. The number of test samples for each scene is
shown in Fig. 3. In addition to overall accuracy (OA), Kappa,
and AA, Weighted accuracy (WA) was used.

C. Hyper-Parameter Settings

All models in this study were implemented in Keras for Ten-
sorFlow and trained from scratch. The basic hyper-parameters
include a batch size of 8 and an initial learning rate of 0.002 for
the Nesterov Adam optimizer. The learning rate was decreased
by 0.25 after every two epochs. To control the training time
and avoid overfitting, early stopping was implemented with
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Fig. 3: Sample number of each test scene for LCZ classification assessment.

the validation loss as the monitored metric with a patience of
10 epochs.

D. Results for Different Settings

Table I presents evaluation results for HSE regression and
LCZ classification over both test sets. In addition to single- and
multi-task training, different strategies of feature exploitation
and task weighting were also compared.

An illustration of the MTL predictions is presented in Fig. 4
for a test scene in New York City. Both HSE regression and
LCZ classification results reflect the pattern of urban structures
in the imagery, indicating a reasonable mapping result.

IV. DISCUSSION

A. Superiority of the Proposed MTL Approach

Joint prediction was able to provide benefits for both
tasks. This improvement is from applying a MTL framework
including the weighting strategy, the P2F module, and task-
specific feature learning modules. It is worth noting that only
few additional parameters were introduced by the proposed
MTL approaches.

Simply weighting the two contributing single-task losses
equally (1 : 1) only resulted in a slight improvement for
OA and Kappa in the LCZ classification task, as shown in
Table I. When using the dynamically learned weights, the
benefit became apparent, with AA being improved from 0.89
to 0.90 and from 0.34 to 0.36 for HSE and LCZ results. This
shows that the dynamical weight learning strategy plays a
positive role in the MTL performance.

The proposed strategy of using the HSE density predictions
as features for LCZ classification, P2F, was able to addi-
tionally improve the effectiveness of the MTL configuration,
providing best results among all investigated approaches for
the LCZ classification task in terms of all metrics. This is,
again, a distinct improvement over the basic approaches, such
as single-task learning, with Kappa being improved from 0.41
to 0.44 and OA being improved from 0.478 to 0.50. This
effect can be attributed to guidance from the HSE density
mapping task. Intuitively, the candidate LCZ type of an area
can be narrowed down when built-up areas were already
detected in the HSE regression task. This piece of useful
information from HSE regression can be leveraged for LCZ

classification, leading to a further improvement over baseline
MTL approaches. It can also be noted from Table I that P2F
was not able to provide improvement when the task weights
were 1 : 1, which indicates the importance of an appropriate
weighting strategy.

Task-specific feature learning modules, e.g., CBAMs uti-
lized in the experiments, are important for gaining benefits
within the MTL framework. This can be proved by comparing
the results with and without CBAMs in Table I. All metrics for
LCZ classification were worse when removing CBAMs from
the MTL architecture. A potential reason is that HSE mapping
and LCZ classification each require some different lower-level
features, which cannot be satisfied in the absence of attention
modules as a feature selection process.

B. Quality of Current Mapping Results and Future Work

The achieved HSE regression results, representing continu-
ous HSE density, provide richer information beyond a binary
delineation of urban areas, such as the Global Urban Footprint
(GUF), the Global Human Settlement (GHS) built-up grid, and
our previous work [12]. Quantitatively, the accuracy is higher
using the same checking points as a test set. Specifically, the
AA, recall, and F-score of our previous binary HSE mapping
results are 0.90, 0.91, and 0.91, respectively. All these metrics
are beyond the state-of-the-art products when tested on the
same 10 distinct scenes. For instance, AA of the GUF and
the GHS built-up grid are 0.86 and 0.83. It needs to be noted
that the temporal gaps between the checking points and these
products might play a role in this comparison.

As a proof of concept, reference data from only five
European scenes was collected and used to train the MTL
network. Still, the achieved LCZ classification results are
promising over ten distinct test scenes across the world,
demonstrating the capability for generalization. The accuracy
is reasonable when compared to state-of-the-art work using
similar experimental settings [4]. The limited and possibly
noisy reference labels, stemming from crowdsourcing data,
are one reason for remaining flaws in the LCZ predictions.
Even after additional checks and manual editing by expert
annotators, the reference might still contain errors. More
accurate LCZ classification results can be expected if lager
amounts of high-quality reference data is available in the
future.

V. CONCLUSION

HSE density and LCZ maps are both vital for urban
analysis. Based on the intuition that both tasks are highly
correlated and might provide hints for each other, we proposed
to jointly predict HSE density and LCZ labels via a MTL
approach, and developed a MTL-based CNN. We validated the
proposed approach with extensive experiments using Sentinel-
2 data in the context of large-scale urban analysis. We also
inspected the impact of different weighting strategies and
showed that dynamic learned weights perform better than pre-
selected fixed ones. Additionally, we proposed a strategy for
exploiting HSE regression results for LCZ classification. Our
experimental results suggest that related urban analysis tasks
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TABLE I: Comparison of results from different approaches tested within and outside Europe. The values were averaged over three and ten test areas for
the European and the global test set. For each metric, the top two best results were marked in bold.

Configuration European Test Set Global Test Set

HSE Density HSE Aggregated HSE Aggregated LCZ

MAE Kappa AA Recall F Kappa AA Recall F OA Kappa AA WA

Single-Task HSE 4.24 0.76 0.92 0.91 0.94 0.78 0.89 0.93 0.89 — — — —
Single-Task LCZ — — — — — — — — — 0.48 0.41 0.34 0.85

Multi-Task (1:1, CBAM) 4.55 0.69 0.90 0.86 0.91 0.77 0.89 0.94 0.89 0.50 0.42 0.34 0.88
Multi-Task (1:1, CBAM, P2F) 4.39 0.71 0.90 0.87 0.92 0.78 0.89 0.92 0.90 0.44 0.37 0.31 0.82

Multi-Task (learned weights, CBAM) 4.49 0.76 0.91 0.91 0.94 0.80 0.90 0.92 0.90 0.48 0.42 0.36 0.88
Multi-Task (learned weights, P2F) 4.14 0.77 0.92 0.92 0.95 0.81 0.90 0.92 0.91 0.45 0.38 0.32 0.83
Multi-Task (learned weights, CBAM, P2F) 4.12 0.79 0.91 0.93 0.95 0.80 0.90 0.90 0.90 0.50 0.44 0.36 0.88

Fig. 4: Joint prediction results in New York City (NYC), USA. From left to right are results of HSE regression and LCZ classification, and HR image as
interpretation reference, respectively.

can be performed jointly to better leverage the complimentary
features extracted from the input satellite imagery and also
improve the generalization ability of DL models.
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