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Abstract

The rapid urbanization process has strongly affected the life of humanity. 3-D urban mod-
els are fundamental information for sustainable urban development and making policies
to manage urban growth. Modern advanced remote sensing techniques enable the task
of large-scale urban mapping. The aim of the thesis is to establish a generic framework
for large-scale 3-D urban modeling. In order to achieve this, the work mainly addresses
the following aspects: building height estimation, building footprint extraction, 3-D urban
modeling by fusing the building height and footprint.

SAR tomography is an advanced InSAR technique for building height estimation. Although
TomoSAR can provide unprecedented results for large extent of areas, if our goal is the
global mapping, following isusses need to be considered: (1) the resolution of images; (2)
the limited number of images; (3) the computational cost. The state-of-the-art TomoSAR
algorithms usually require fairly large interferometric stacks (> 20 images) for a reliable
reconstruction. Hence, they are usually not directly applicable for large-scale 3-D urban
mapping using TanDEM-X data where only a few acquisitions (i.e., 3-5 interferograms) are
available in average for each city. In order to solve the abovementioned issues, a fast and
accurate basis pursuit denoising algorithm is proposed to solve the L1 regularized least
squares minimization problem for TomoSAR inversion. Moreover, a new SAR tomographic
processing framework is proposed in the thesis to those extremely small stacks, which in-
tergrates the nonlocal filtering into SAR tomography inversion. The applicability of the
algorithm is demonstrated using a TanDEM-X multi-baseline stack with 5 bistatic interfer-
ograms over the whole city of Munich, Germany. Systematic comparison of our result with
TanDEM-X raw digital elevation models (DEM) and airborne LiDAR data shows that the
relative height accuracy of two thirds of the buildings is within two meters.

Building footprint information is an essential ingredient for 3-D reconstruction of urban
areas. The automatic generation of building footprints from satellite images presents a
considerable challenge due to the complexity of building shapes. Semantic segmentation
is comparatively inexpensive and time saving for automatic building footprint extraction. In
recent years, a great success in semantic segmentation has been obtained through the use of
deep learning. In particular, the deep convolutional neural networks (DCNNs) have shown
promising results thanks to their high capacity for data learning. DCNNs have brought
about compelling advancement over traditional semantic segmentation methods. How-
ever, exploiting DCNN for semantic segmentation tasks still faces significant challenges.
In this thesis, a conditional Wasserstein generative adversarial network (WGAN) with gra-
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dient penalty is proposed to improve the generalization property of DCNN in order to
achieve better accuracy. Deep architectures generally fail to produce fine-grained segmen-
tation with accurate boundaries due to their progressive down-sampling. Moreover, DCNN
fails to fine local details without the consideration about the interactions between pixels. To
overcome these issues, a novel deep learning framework “gated graph convolutional neural
network with deep structured feature embedding” is proposed, which enables a local and
global spatial information propagation to improve the performance of the segmentation.

Finally, the LOD1 3-D urban models are generated by fusing the building height obtained
from TomoSAR point cloud and building footprint extracted from the optical satellite im-
ages.

Keywords Synthetic aperture radar interferometry, persistent scatterer, SAR tomography,
semantic segmentation, building footprint, InSAR point cloud, data fusion, 3-D urban
model, convex optimization



Zusammenfassung

Der schnelle Urbanisierungsprozess hat das Leben des Menschen stark beeinflusst. 3-D-
Stadtmodelle sind grundlegende Informationen für eine nachhaltige Stadtentwicklung und
die Festlegung von Strategien zur Steuerung des städtischen Wachstums. Moderne Fern-
erkundungstechniken ermöglichen die Aufgabe der großräumigen Stadtkartierung. Das
Ziel der Arbeit ist es, einen generischen Rahmen für die großräumige 3-D Stadtmod-
ellierung zu schaffen. Um dies zu erreichen, befasst sich die Arbeit hauptsächlich mit
folgenden Aspekten: Gebäudehöhenschätzung, Extraktion des Gebäudefußabdrucks, 3D-
Stadtmodellierung durch Fusion von Gebäudehöhe und Fußabdruck.

Die SAR-Tomographie ist eine sehr gute InSAR-Technik zur Schätzung von Gebäudehöhe.
Obwohl TomoSAR Ergebnisse für einen großen Teil der Gebiete liefern kann, müssen,
wenn unser Ziel die globale Kartierung ist, folgende Punkte berücksichtigt werden: (1)
die Auflösung von Bildern; (2) die begrenzte Anzahl der Bilder; (3) die Rechenzeit.
TomoSAR-Algorithmen erfordern in der Regel relativ große interferometrische Stapel (> 20
Bilder) für eine zuverlässige Rekonstruktion. Daher sind sie nicht direkt anwendbar für
großflächige 3-D-Stadtkartierungen mit TanDEM-X-Daten, bei denen nur wenige Aufnah-
men (d.h. 3-5 Interferogramme) pro Stadt vorliegen. Um die oben genannten Probleme
zu lösen, wird ein schneller und genauer Algorithmus zur Entrauschung von Verfolgungs-
jagden vorgeschlagen, um das Problem der Minimierung der kleinsten Quadrate für die
TomoSAR-Invertierung zu lösen. Außerdem, eine neue SAR-tomographische Verarbeitung
wird in der Arbeit zu diesen extrem kleinen Stacks, die die nicht-lokale Filterung in die
SAR-Tomographie Inversion integriert, vorgeschlagen. Die Anwendbarkeit des Algorithmus
wird anhand eines TanDEM-X Multi-Baseline-Stapel mit 5 bistatischen Interferogrammen
über der gesamten Stadt München nachgewiesen. Der Vergleich unseres Ergebnisses mit
TanDEM-X digitalen Rohhöhenmodellen (DEM) und LiDAR-Daten aus der Luft zeigt, dass
die relative Höhengenauigkeit von zwei Dritten der Gebäude innerhalb von zwei Metern
liegt.

Gebäude-Fußabdruckinformationen sind ein wesentlicher Bestandteil für die
3D-Rekonstruktion von Stadtmodellen. Die automatische Generierung von
Gebäudeabdrücken aus Satellitenbildern stellt aufgrund der Komplexität der
Gebäudeformen, v.a. bei nur mittel aufgelösten Bilddaten, eine große Herausforderung
dar. Semantische Segmentierung ist vergleichsweise kostengünstig und zeitsparend für
die automatische Extraktion von Gebäudeflächen. In den letzten Jahren wurde ein großer
Erfolg in der semantischen Segmentierung durch den Einsatz von Deep Learning erzielt.
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Insbesondere die Deep Convolutional Neural Networks (DCNNs) haben aufgrund ihrer
hohen Kapazität zum Datenlernen vielversprechende Ergebnisse gezeigt. DCNNs haben
zu einer überzeugenden Weiterentwicklung gegenüber traditionellen semantischen
Segmentierungsverfahren geführt. Die Nutzung von DCNN für semantische Segmen-
tierungsaufgaben steht jedoch noch vor großen Herausforderungen. In dieser Arbeit wird
ein bedingtes Wasserstein generatives gegnerisches Netzwerk (WGAN) mit Gradienten-
strafe vorgeschlagen, um die Generalisierungseigenschaft von DCNN zu verbessern. Tiefe
Architekturen erzeugen aufgrund ihres progressiven Down-Samplings im Allgemeinen
keine feinkörnige Segmentierung mit genauen Grenzen. Darüber hinaus kann DCNN
lokale Details ohne Rücksicht auf die Wechselwirkungen zwischen den Pixeln nicht
genau bestimmen. Um diese Probleme zu überwinden, wird ein neuartiges Framework
für das tiefe Lernen vorgeschlagen, das eine lokale und globale Verbreitung räumlicher
Informationen ermöglicht, um die Leistung der Segmentierung zu verbessern.

Schließlich werden die LOD1 3-D Stadtmodelle durch Verschmelzen der aus der TomoSAR-
Punktwolke gewonnenen Gebäudehöhe und dem aus den optischen Satellitenbildern
gewonnenen Gebäude-Fußabdruck erzeugt.
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1
Introduction

1.1 Motivation and Objective

Nowadays, more than half of the world’s population lives in urban areas, which is expected
to increase to two third of the total amount by 2050 [DESA, 2018]. Rapidly built-up land
may become a threat to surface water quality when total runoff increases, and hydrologic
impairment leads to erosion and sedimentation. Urban areas as human settlement account
for 70% of global enery consumption. They also face environmental pollution, climate
change, floods, earthquakes and other issues.

Sustainable urbanization is essential to successful development. As the world continues
to urbanize, sustainable development depends increasingly on the successful management
of urban growth, especially in the developing countries where the pace of urbanization
is extremely fast. 3-D urban models are fundamental information for sustainable urban
development and making policies to manage urban growth, which ensure access to infras-
tructure and social services for all.

Moreover, the information interests various institutional and industrial sectors: (1) Seis-
mic, flood and heat simulations for territory planning (urban planning). (2) Autonomous
navigation of vehicles in urban areas (car industry); (3) Realism increase of video games
or virtuall/augmented reality (video game industry); (4) Optimization of antenna positions
for data transmission (telecommunications industry); (5) Smart cities, and others.

However, global urban mapping drags behind the geo-information needed to address the
challenges caused by the rapid urbanization. Surprisingly, there is still no such global
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dataset availiable, e.g. global 3-D urban models. Our knowledge of global urban morphol-
ogy so far only exist in a 2-D binary classification form, which is known as the global urban
footprint (GUF) [Esch et al., 2017].

With recent innovations in data, technologies, and theories in the earth observation (EO),
large-scale urban mapping can be achieved with remote sensing technologies. 3-D ur-
ban parameters can be obtained from airborne laser scanning [Kim et al., 2008], high-
resolution stereo image pairs [Sirmacek et al., 2012], interferometric synthetic aperture
radar (InSAR) pairs [Gamba et al., 2000] and others. Among these technologies, airborne
laser scanning (ALS) has the highest accuracy in parameterizing building morphology.
However, it is hardly applied to large areas due to the high operational costs. High-
resolution stereo imaging is another technique to accurate retrieve the building parame-
ters. Although such high-resolution aerial/satellite datasets are available for a fraction of
the cost compared with ALS data, they are still prohibitively expensive to obtain at the
global scale. Modern synthetic aperture radar (SAR) sensors, in particular of TerraSAR-X
and TanDEM-X, can deliver high quality global data with free access. The advanced InSAR
techniques, such as persistent scatterer interferometry (PSI) [Ferretti et al., 2001], small
baseline subset (SBAS) [Berardino et al., 2002], SqueeSAR [Ferretti et al., 2011], CEASAR
[Fornaro et al., 2015] and tomographic SAR (TomoSAR) [Zhu and Bamler, 2010b], can re-
trieve the 3-D position and the parameters of point, surface, and/or volumetric scatterers.
Another attractive feature of SAR sensors, is the precise orbit determination and high geo-
metrical localization accuracy.

Although InSAR techniques have many advantages for height estimation, the accuracy in
other two dimensions is low due to the medium-resolution, which leads to inaccurate build-
ing footprint extraction. However, the building footprints can be generated more accurate
and complete from the optical imagery with the same resolution. As complementary, opti-
cal images with medium resolution are used for building footprint extraction. In this thesis,
a noval fusion framework is established for global 3-D urban mapping using medium-
resolution InSAR and optical data. Thus, the main objectives of this thesis can be summa-
rized as following:

• Building Height Estimation using SAR Tomography

Development of advanced SAR Tomography algorithms for micro-stack TanDEM-X
stripmap data by introducing modern signal processing and robust estimation tech-
niques, such as nonlocal concept, sparse reconstruction and robust estimator; Develop-
ment of a fast and accurate solver for nonlocal and sparse reconstruction procedure for
large-scale processing.

• Building Footprint Extraction using Deep Learning

Development of automatic building footprint generation algorithms for optical images
using state-of-the-art conventional deep learning methods; Development of automatic
building footprint generation algorithms for optical images using sophisticated geomet-
ric deep learning methods.

• 3-D Urban Model Generation by Data Fusion
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Development of 3-D urban model generation algortihms by fusing the building footprint
and the TomoSAR point cloud.

• Demonstration and Validation of the Framework

Demonstration of the proposed framework using real micro-stack TanDEM-X stripmap
data; Validation of the result using other data sources as reference, such as TanDEM-X
DEM and LiDAR data.

1.2 Outline

The Structure of the thesis is organized as follows:

Chapter 2 introduces the fundamentals of the 3-D urban mapping and related basics for un-
derstanding the thesis. Chapter 3 reviewes the state-of-the-art SAR tomography algorithms
and a novel nonlocal TomoSAR approach has been proposed for micro-stack InSAR data.
The automatic buidling footprint generation algorithms have been introduced in Chapter
4. The 3-D urban model generation by fusing building footprint and TomoSAR point cloud
has been proposed in Chapter 5. Finally, the conclusion and the outlook are discussed in
Chapter 6.

This is a publication-based thesis. The six papers attached in the appendices A-F are sum-
marized as follows:

• A. “A fast and accurate basis pursuit denoising algorithm with application to super-
resolving tomographic SAR”

Randomized blockwise proximal gradient (RBPG) algorithm has been proposed to solve
the complex-valued sparse optimization problem for compressive sensing (CS) based To-
moSAR inversion. Systematic performance evaluation of the proposed approach has been
carried out using both the simulated and real data. The results show that it can maintain
the accuracy and super-resolution power of the second-order sparse reconstruction meth-
ods and dramatically speed up the whole processing by one or two orders. Operational-
level processing for a large-scale problem has been carried out, which is demonstrated
by an accurate 4-D point cloud reconstruction over a very large area—the whole city of
Munich.

• B. “Nonlocal Compressive Sensing Based SAR Tomography”

A novel framework, “Nonlocal Compressive Sensing TomoSAR”, has been proposed to
produce accurate estimates of scatterers’ position without any a priori knowledge, using
as few images as possible. Systematic performance evaluation of the proposed approach
has been carried out using both simulated and real data. The results show that the pro-
posed method can produce very accurate estimations of elevation without notable reso-
lution distortion. The introduction of nonlocal procedure can dramatically enhance the
super-resolution power when the number of interferograms is limited.
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• C. “Building Footprint Generation Using Improved Generative Adversarial Net-
works”

In this paper, we explore the potential of generative adversarial networks (GANs) in
building footprint generation by comparing their performance with other CNN struc-
tures. In order to overcome the drawback of the Jensen–Shannon divergence in original
GAN, a conditional Wasserstein GAN with gradient penalty (CWGAN-gp) is proposed.
The results show that the proposed framwork have better generalization than pure CNN
structure.

• D. “Potential and Limits of Nonlocal Means InSAR Filtering for TanDEM-X High-
resolution DEM Generation”

To which extent nonlocal filters can improve TanDEM-X DEM quality is systematically
investigated. The results show that the quality of TanDEM-X Raw DEMs can be improved
by about a factor of ten by applying the NL-InSAR filter with appropriately chosen pa-
rameters on the interferometric complex data. The NL-InSAR filter also produces a sig-
nificantly less biased coherence estimates, which can ease the crucial and error-prone
phase unwrapping step, and can be also used in TomoSAR inversion.

• E. “Building Segmentation by Gated Graph Convolutional Neural Network with Deep
Structured Feature Embedding”

A generic framework for semantic segmentation is proposed, which integrates the deep
structured feature embedding and the graph convolutional neural network into an end-
to-end workflow. A new network architecture, i.e. “gated graph convolutional neural
network”, which combines the RNN with GRUs for the long distance information prop-
agation and the GCN for the short distance information propagation. An effective pre-
processing approach which includes four steps, has been proposed for data augmenta-
tion, especially for the medium-resolution satellite imagery. A systematic investigation
has been carried out to analyze the performance of different DCNNs and the proposed
framework. Our framework with GGCN surpasses the state-of-the-art approaches in the
building footprint extraction.

• F. “SAR tomography at the limit-using micro-stacks only 3-5 TanDEM-X bistatic in-
terferograms”

A framework to use TanDEM-X bistatic micro-stacks (3-5 interferograms) for large-scale
3-D urban mapping is proposed. The performance of the proposed SAR tomographic ap-
proach has been systematically evaluated using both simulated and real data. The results
demonstrate the potential of high quality large-scale 3-D urban mapping. Operational-
level processing for a large-scale problem has been carried out, which is demonstrated by
an accurate 3-D point cloud reconstruction over the city of Munich. A systematic assess-
ment of individual building structures and on the large-scale area has been performed.



2
Basics

This chapter first briefly introduces the state of the art 3-D urban mapping and discusses
the existing global urban-related maps, the conventional methods for the 3-D urban map-
ping. Then, the concept of a new approach for large-scale urban mapping is introduced.
Finally, the basics of the multi-baseline SAR interfeometry techniques and the semantic
segmentation have been presented.

2.1 State-of-the-art of 3-D Urban Mapping from Space

Over the last decades, various space- and airborne sensors have been launched and used to
map the urban growth, landscape changes and others. Abundant very high-resolution op-
tical sensors are in orbit, such as WorldView-1, WorldView-2, WorldView-3, WorldView-4,
GeoEye-1, Pleiades, SkySat, IKONOS. There are also many high-resolution sensors in op-
eration, which includes SPOT 6 & 7, ALOS, CARTOSAT-1, PlanetScope, RapidEye. For the
medium-resolution optical sensors, Landsat 7&8, Sentiel-2, Aster are representative. An-
other type of sensor is radar sensor, which includes Sentinel-1, ALOS-2, Cosmos-Skymed,
TerraSAR-X, TanDEM-X. There are also large amounts of airborne multi-spectral, radar and
lidar sensors from various companies and space agencies.

The numerous remote sensing systems have led to an explosion of Earth observation data,
from low to high spatial, temporal and radiometric resolution, increasing at a breathless
pace, both in size and variety. However, the availability of the geospatial information is ex-
tremly unbalanced. Developed countries have rich data sources and sufficient technology to
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Sensor Description Resolution [m] Mode

Sentinel-1 SAR, C-band, 2014, 12-day repeat cycle

5 × 5
5 × 20
25 × 100
5 × 20

StripMap
Wide Swath
Extra Wide Swath
Wave

Sentinel-2 MS, 13 bands, 2015, 15-day repeat cycle 10, 20, 60 RGB, NIR, SWIR

TanDEM-X SAR, X-band, 2010, 11-day repeat cycle

0.6 × 0.24
0.6 × 1.1
1.2 × 3.4
1.2 × 18.5
3.3 × 40

Staring SpotLight
VHR SpotLight
StripMap
ScanSAR
Wide ScanSAR

LandSat 8 MS, 11 bands, 16-day repeat cycle 15, 30, 100
Panchromatic
Multi Spectral
Thermal

PlanetScope MS, 4 bands, 1-day repeat cycle 3 RGB, NIR

Table 1. Example of sensors with full and partial open-acess.

retrieve the information from the data. On the contrary, developing or less developed coun-
tries lack the financial resources, institutional frameworks and technical know-how for it.
They mainly rely on international efforts to provide low resolution urban maps. Therefore,
to use the open-access data to retrieve the consistent and geometrically detailed urban in-
formation at unprecedented spatial resolutions is very important task. Table 1 shows the
full and partial open-access data from different optical and radar sensors.

2.1.1 Local and Global Scale Mapping

The 3-D urban maps in local scale have been produced in many european countries and
united states by using very high-resolution remote sensing datasets. The high-resolution
remote sensor data allow a substantial proportion of the basic land use/cover units to be
distinguished, yet they are constrained by the high cost of data acquisition and the technical
difficulties in data processing when the study area under investigation is quite large.

The free and open-access remote sensing data is really a gamechanger for global ur-
ban mapping. In 2008, the united states geological survey (USGS) has made the Landsat
data availiable to all users free of charge. The open-access to the global Landsat archive
[Wulder et al., 2016] has enabled the production of the first ever medium-resolution global
maps for the dynamics of forest [Zhu et al., 2012], urban [Almazroui et al., 2017], and wa-
ter [Anderson et al., 2012] environments. A further sharp increase in the availability of free
and open geospatial data has recently emerged with the Copernicus earth observation and
monitoring program of the european union, which contains six sentinel satellites. 15 ter-
abytes of data are produced every day and they are free and open for everyone. Based on
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Abbreviation Description Data Sources Resolution Land cover type

GlobeLand30
Global Land Cover, National Geo-
matics Center of China, 2015

LandSat & HJ-1 (2010) 30 m 10 classes

IMPSA
Global Impervious Surface Area,
US National Geophysical Data Cen-
ter, 2017

LandSat (2010) 30 m Impervious Surface

HBASE
Global Human Built-up And Settle-
ment Extent, US National Geophys-
ical Data Center, 2017

LandSat (2010) 30 m Settlement Extent

MODUL
MODIS Urban Land Cover, Univer-
sity of Wisconsin and Boston Uni-
versity, 2012

MODIS 500 m 17 classes

GLOBC
Globcover, European Commission
Joint Research Center, 2008

Envisat (2005/6) 300 m 22 classes

GRUMP
Global Rural Urban Mapping
Project, Earth Institute at Columbia
University, 2017

DMSP-OLS (2010) 1 km Urban, Non-Urban

LITES
DMSP-OLS Nighttime Lights, US
National Geophysical Data Center,
2013

DMSP-OLS (2010) 1 km Urban, Non-Urban

LSCAN
LandScan Global, US Oak Ridge
National Laboratory, 2016

Census (2010)/Satellite 1 km Population

GHSL
Global Human Settlement Layer,
European Commission Joint Re-
search Center, 2016

Census/Sentinel 1,2 1 km Population

GUF
Global Urban Footprint, German
Aerospace Center, 2016

TanDEM-X (2011) 12 m Urban, Non-Urban

WSF
World Settlement Foortprint, Ger-
man Aerospace Center, 2018

TanDEM-X, Landsat 8, Sentinel-1 10 m Urban, Non-Urban

Table 2. Most recent ten global urban maps with free access

these open-access datasets, numerous global urban maps have been established.

Table 2. summarizes the most recent global urban-related maps. Three of these maps, Glo-
beLand30, MODUL and GLOBC are general multiclass land cover land use maps which
include an urban class. Among them, GlobeLand30 is the most recent map with high-
est spatial resolution at 30 m. Another five are binary maps to discriminate between ur-
ban and non-urban areas: the global impervious surface area (IMPSA), the global human
built-up and settlement extent (HBASE), the global rural urban mapping project (GRUMP),
DMSP-OLS Nighttime Lights (LITES) and global urban footprint (GUF). The remainning
two maps, Landscan Global 2016 (LSCAN), the global human settlement layer (GHSL),
map the global human population with the remote sensing and census data.

For many applications, the abovementioned 2-D urban maps are not sufficient. Simulation,
analysis and correction of architectural design, urban planning, disaster management, nav-
igation and others, need 3-D information. Vertical urban growth or urban volume is one
such evolving measure of an urban land-use profile. However, the availiable digtal sur-
face models are rare and insufficient for many urban applications. Their resolutions are
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Name Description Acquisition Period Resolution Vertical Accuracy

SRTM Space Shuttle, SAR Interferometry, NASA 2000 30 m 7.86 m

GDEM v2 Thermal Emission and Reflection Ra-
diometer (ASTER), Optical Stereo Pho-
togrammetry, NASA

2000-2009 30 m 17.01 m

WorldDEM TanDEM-X Satellite, SAR Interferometry,
DLR/Airbus

2011-2014 90 m 4 m/2 m

AW3D Advanced Land Observing Satellite
(ALOS), Optical Stereo Photogrammetry,
JAXA

2006-2011 30 m 7 m

Table 3. Global digital elevation models with open access

generally low, which is nothing about 3-D city models. Table 3. introduces the open digital
surface models (DSMs) with global coverage. As one can see from the table, the spatial reso-
lution and vertical accuracy is still quite low. Hence, the high-resolution and more accurate
3-D urban models are desired.

2.1.2 Methods for 3-D Urban Mapping

In the past years, many works in the photogrammetric, remote sensing and computer vision
communities are focused on the 3-D building modeling since the buildings constitute urban
objects of great interest for the 3-D urban modeling. The 3-D urban modeling approaches
are intensively developed due to the increasing needs of institutional and industrial appli-
cations in the civil and military contexts.

3-D city models can be obtained from airborne laser scanning, high-resolution stereo im-
age pairs, interferometric SAR pairs and others. Among these technologies, airborne laser
scanning (ALS) has the highest accuracy in parameterizing building morphology. However,
it is hardly applied to large areas due to the high operational costs. High-resolution stereo
imaging is another technique to accurately retrieve the building parameters. Although such
high-resolution aerial/satellite datasets are available for a fraction of the cost compared
with ALS data, they are still prohibitively expensive to obtain at the global scale. Modern
synthetic aperture radar (SAR) sensors, in particular of TerraSAR-X and TanDEM-X, can
deliver high quality global data with free access. The advanced InSAR techniques, such as
persistent scatterer interferometry (PSI), small baseline subset (SBAS), SqueeSAR, CEASAR
and tomographic SAR (TomoSAR), can retrieve the 3-D position and the parameters of
point, surface, and/or volumetric scatterers. Another attractive feature of SAR sensors, is
the precise orbit determination and high geometrical localization accuracy. The most recent
3-D urban modeling approaches have been summarized as follows:

• Synthetic Aperture Radar

Radargrammetry: from single image (two features: shadow and shading), SAR stereo;
SAR Interferometry: from single SAR interferogram, multi-baseline SAR interferogram,
polarimetirc SAR interferogram.
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• Optic Sensor

Photogrammetry based methods: the structure from motion (SFM), multi-view stereo.

• Light Detection and Ranging (LiDAR)

Reversible jump Markov chain Monte Carlo (RJ-MCMC); Learning approaches.

• Multi-Sensors Fusion

LiDAR with optical imagery; LiDAR with SAR.

3-D urban models have varying levels of detail (LOD) [Biljecki et al., 2016], ranging from
LOD0 (only 2-D building footprint), through LOD1 (coarse prismatic model usually ob-
tained by extruding an LOD0 model), LOD2 (a model with a simplified roof shape and
potentially associated texture) and moving up to LOD4, which includes interior structures.
Some methods can quickly construct photo-realistic buildings but have limited use due to
their lack of spatial accuracy or detail. And some methods can obtain unprecedented ac-
curate and detailed reconstruction of urban models, however, the cost of data, algorithms
development and computation is extremely high. The trade-off between level of details and
feasibility is so important to be considered in first place.

In principle, giving a certain requirement on the precision of the results for a certain study,
such knowledge can be used to chose the most appropriate 3-D urban modeling approach
and the corresponding production process.

Concerning 3-D data external quality, which refers to user requirements, it is noticed in
[Peronato et al., 2016] that the difference of total annual solar irradiation assessed in a 3D
model differs of only 1% between LOD1 and LOD2 models. Another example is the sky
view factor (SVF). It is an indicator in the context of the evaluation of the urban heat island
effect. The results in [Brasebin et al., 2012] show that the average difference of SVF values
is around 2% using LOD1 and LOD2 models.

From a pragmatic point of view, LOD1 models, i.e. extruded building footprints for the
geometries of buildings, are feasible and a lot cheaper than more detailed ones (with roof
structures, architectural details, etc.), if the gain of quality is not significant enough to take
great efforts in high quality data, the additional computation time and memory for most of
the urban applications.

2.1.3 New Approach for Large-Scale 3-D Urban Mapping

In this thesis, a new approach for large-scale (global) 3-D urban mapping is presented.
As discussed above, the LOD1 models are in general more practical. Considering the data
sources, the TanDEM-X bistatic data have many advantages. It has the best resolution
among the open-access datasets with global coverage. However, the resolution of TanDEM-
X stripmap data is still relative low, leading to imprecise object borders, which calls for a
combination with optical data.
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3-D Urban Model

Data Fusion

Height Estimation

LOD1 Model

Footprint Extraction

Fig. 1. Novel framework for global 3-D urban model generation by fusing building height and footprint. The generation
of building height and footprint can be achieved with different sensors and algorithms.

The goal of generating global urban LOD1 models can be split into two substreams, e.g.
building height estimation and building footprint extraction. Finally, the height and the
2-D footprint of buildings can be fused into LOD1 3-D models.

The generation of building height and footprint can be achieved with different sensors and
algorithms. For instance, one can use single SAR image to obtain the estimation of the
building. Alternatively, interferometric SAR stacks are accurate way to estimate the build-
ing height. For the building footprint extraction, different resolution imagery can be used
to improve the segmentation accuracy. In this thesis, the building height is estimated by
using SAR tomography. Development of advanced SAR Tomography algorithms for mini-
stack TanDEM-X stripmap data is realized by introducing modern signal processing and
robust estimation techniques, such as nonlocal concept, sparse reconstruction and robust
estimator. Moreover, development of a fast and accurate solver for nonlocal and sparse re-
construction procedure for large-scale processing is desired. The building footprint can be
automatically extracted by deep learning approaches. Modern generative adversarial net-
works (GANs) are explored for the building footprint generation. An improved GAN algo-
rithm is proposed, which uses Wasserstein distance to messure the similarity and replaces
the clipping approach with gradient penalty to have the capacity to model complex func-
tions. Furthermore, a geometric deep learning method is proposed, which integrates deep
structured feature embedding with gated graph convolutional networks. Finally, the 3-D
urban model generation algorithms is presented by fusing the building footprint and the
TomoSAR point cloud. In order to assess the performance of the proposed framework, the
demonstration using real mini-stack TanDEM-X stripmap data is carried out and the re-
sult is validated using other data sources as reference, such as TanDEM-X DEM and LiDAR
data.

Before going to the details of the proposed approaches, the basic knowledge of multi-
baseline SAR interferometry and semantic segmentation is introduced in the following sec-
tion 2.2 and 2.3.
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2.2 Introduction to Multi-baseline SAR Interferometry

Multi-baseline SAR interferometry is an efficient and powerful method for retrieving the
3-D positions of scatterers. This section will briefly review the concept of SAR imaging and
then the main advanced InSAR techniques will be discussed.

2.2.1 SAR Imaging Model

The typical multi-baseline SAR imaging model can be expressed as follows:

gn =
∫
∆s
γ(s)exp(j2π(ξns+ 2d(s, tn)/λ))ds (2.1)

where gn is the complex-valued measurement at an azimuth-range pixel for the nth acquisi-
tion at time tn (n = 1,2, ...,N ). γ(s) represents the reflectivity function along elevation s with
an extent of ∆s. ξn is the spatial frequency proportional to the respective aperture position
(baseline) bn, which is defined as

ξn =
2bn
λr

(2.2)

where λ is the wavelength and r is the range. d(s, tn) is the line-of-sight (LOS) motion as
a function of elevation and time. The motion relative to the master acquisition may be
modeled using a linear combination of the M base function τm(tn)

d(s, tn) =
M∑
m=1

pm(s)τm(tn) (2.3)

where pm(s) is the corresponding motion coefficient to be estimated and τm(tn) are the tem-
poral frequencies. The choice of the base functions depends on the underlying physical
motion process. Therefore, we generalize it in the multicomponent model:

gn =
∫
...

∫ ∫
γ(s)δ(p1 − p1(s), ...,pM − pM(s))

exp(j2π(ξns+ η1,np1 + ...+ ηM,npM))dsdp1...dpM

(2.4)

The inversion of the system model provides retrieval of the elevation and deformation in-
formation, even of multiple scatterers inside an azimuth-range resolution cell, thus obtain-
ing a high-dimensional map of scatterers. In the presence of noise ε, the discrete-TomoSAR
system model can be rewritten
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Δb

s

r

Fig. 2. Illustration of interferometric SAR imaging.

g = Rγ+ ε (2.5)

where g is the measurement vector withN elements, and γ is the reflectivity function along
elevation uniformly sampled at sl (l = 1,2, ...,L). R is an N × L irregularly sampled discrete
Fourier transformation mapping matrix.

2.2.2 Interferometric SAR Techniques

Synthetic aperture radar interferometry (InSAR) is an efficient and powerful method for
retrieving the 3-D positions of scatterers. The idea of InSAR is based on interference of two
SAR images, acquired from different positions or at different times, exploiting mainly the
phase difference between the two acquisitions. The phase difference between two images
can be exploited to get information about the position of the target, or about the displace-
ment during the time between two acquisitions. The state of the art InSAR methods are
listed in following:

• Persistent Scatterer Interferometry

PSI is firstly proposed in [Ferretti et al., 2001]. It exploits PS-pixels to obtain deformation
time-series over long time periods and overcome the main limitations of conventional
InSAR. But it does not work efficiently for natural targets and/or when coherence is low
due to temporal and spatial decorrelations. And it can only solve the one scatterer case,
and not the multi-scatterers in one resolution cell.
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• Small Baseline Subset

In order to overcome the temporal decorrelation of distributed scatterers, the SBAS
approach has been proposed in [Berardino et al., 2002]. Instead of using a single mas-
ter, the SBAS forms interferograms with small spatial and temporal baselines, result-
ing in multiple masters. Several improvements follow up, such as [Lanari et al., 2004]
[Goel and Adam, 2012]. However, despite the applied small (spatial and temporal) base-
line constraints on the selected SAR data pairs, the density of the coherent pixels is typi-
cally not homogeneous in many areas.

• SqueeSAR

Compared to SBAS approach, SqueeSAR [Ferretti et al., 2011] does not restrict the in-
terferograms with small spatial baselines and short temporal baselines, which averages
the neighboring DS pixels. It improves the density of selected targets for interferometric
processing and increases the interferometric coherence based on statistical approaches.
However, the criteria of similarity test, such as Kolmogorov-Smirnov test, Cramer-von
Mises test and Anderson-Darling test, used in SqueeSAR is too simple and not suitable
for the distribution which applies in radar signal. It will lead to unsatisfactory results.

• SAR Tomography

TomoSAR is an advanced InSAR technique [Zhu and Bamler, 2010b], which is a gener-
alization of the single phase center PS or DS model, by considering the full reflectivity
profile along the radar third dimension elevation. It solves the layover of scatterers in a
range-azimuth resolution cell. By applying compressive sensing based method, TomoSAR
can have super-resolution power, which can distinguish multiple scatterers within the
Reyleigh resolution.

2.3 Introduction to Semantic Segmentation

Semantic segmentation is the task of clustering parts of images together which belong to
the same object class, which can be treated as pixel-wise classification since it classifies each
pixel into its category.

2.3.1 Traditional Semantic Segmentation Methods

In general, traditional approaches for semantic segmantation have two categories: unsu-
pervised and supervised classification. The supervised classification of images is based
on features learnt from a set of training images. It tries to find the relationships between
the feature set and the label set. Unsupervised learning uses unlabeled datasets and aims
at clustering, probability density estimation, finding association among features, and di-
mensionality reduction. The results from unsupervised learning could be further used for
supervised learning. The commonly used unsupervised classification methods in remote
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sensing are summarized in following:

• Thresholding segmentation

Global thresholding, Adaptive thresholding. [+]: simple and fast, when the target and the
background have high contrast. [-]: difficult to obtain accurate results for image segmen-
tation problems where there is no significant gray scale difference.

• Region-based Approaches

Region growth, Region splitting, Region merging. [+]: usually separates the connected re-
gions with the same characteristics and provides good boundary information, the growth
criteria in the growing process can be freely specified. [-]: the computational cost and re-
quired memory are large.

• Edge Detection Algorithms

Sobel operator, Canny operator, Laplacian operator. [+]: good for images having better con-
trast between objects. [-]: not suitable for wrong detected or too many edges.

• Clustering Algorithms

K-means, Spectral clustering. [+]: results are more stable, detected boundaries are contin-
uous. [-]: the choice of number of clusters, features are often image dependent, spatial
information is not utilized.

• Graph Based Image Segmentation

Minimal cuts, Markov random field (MRF), Expectation maximization (EM). [+]: considering
the information of neighborhood. [-]: computational expensive.

• PDE-based methods

Active contour models (ACM), Level-set methods, Fast marching methods. [+]: efficient ap-
proach. [-]: trapped in poor local minima.

• Watershed Segmentation

Watershed by Flooding, Watershed by Rain Falling. [+]: results are more stable, detected
boundaries are continuous. [-]: over-segmentation due to local minima and thick water-
sheds due to plateaus.

Essentially, supervised classification has two steps: feature selection and classification. The
choice of features is very important in traditional supervised approaches. The most com-
monly used local and global features are explained in the following. Orginal values: pixel
color (RGB), spectrum, i.e., values for different bands in multi-spectral (MS) images. fea-
ture descriptors: histogram of oriented Gradients (HOG), scale-invariant feature transform
(SIFT), speeded up robust features (SURF), bag-of-visual-words (BOV). Dimensionality Re-
duction: principal component analysis (PCA), independent component analysis (ICA).
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The most popular classifiers of traditional supervised classification in remote sensing is
lised below:

• Ensemble learning

Random Forest (RF) was first proposed in [Ho, 1995]. This type of classifier applies tech-
niques called ensemble learning, where multiple classifiers are trained and a combina-
tion of their hypotheses is used. Another effective ensemble learning algorithm is Gradi-
ent Boosting [Friedman, 2001]. It builds the model in a stage-wise fashion and converts
weak learners to strong ones.

• Support Vector Machine

SVM [Boser et al., 1992] is a discriminative classifier formally defined by a separating
hyperplane. The hyperplane can be extended to higher dimension by using polynomial
and exponential kernels.

• Graph Based Image Segmentation:

Markov random field (MRF) [Kindermann, 1980] is one classical graph model, which uses
an undirected graph to describe the joint probability distribution of random variables. It
takes into account the relationships of the neighbours to infer the maximal possibility of
the pixel’s label. Conditional random field (CRF) [Lafferty et al., 2001] is an extension of
MRF, which models the conditional probability distribution instead of the joint proba-
bility distribution.

2.3.2 Semantic Segmentation with Deep Learning

Since the modern development of deep neural network (DNN) and the computational
power, the semantic segmentation accuracy has been significantly enhanced. Convolutional
neural networks (CNNs) were proposed by [LeCun et al., 1995], which uses shared-weight
architecture. Semantic segmentation with a fully convolutional network (FCN) was first
introduced in [Long et al., 2015], which replaces the last few fully connected layers by con-
volutional layers to make efficient end-to-end learning and inference that can take arbitrary
input size. In [Badrinarayanan et al., 2017], SegNet was proposed, which used an alterna-
tive decoder variant. The decoder uses pooling indices computed in the max-pooling step
of the corresponding encoder to perform nonlinear upsampling. This makes SegNet more
memory efficient than FCN. Another variant of the encoder–decoder architecture is U-Net
[Ronneberger et al., 2015]. The architecture by its skip connections allows the decoder at
each stage to learn back relevant features that are lost when pooled in the encoder.

One issue in FCN approaches is that by propagating through several alternated convolu-
tional and pooling layers, the resolution of the output feature maps is reduced. Recently,
fully convolutional DenseNet [Jégou et al., 2017] uses a dense block [Huang et al., 2017] as
it’s base encoder and also in a fashion similar to U-Net concatenates features from encoder
and decoder at each level.
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In order to overcome the poor localization property, [Zheng et al., 2015] offered an alterna-
tive to raise the output resolution, which used a probabilistic graph model CRF to refine
the object boundary. DeepLab-CRF [Chen et al., 2018a] extended to an end-to-end train-
able network by introducing a fully connected CRF.

Recently, pyramid techniques are introduced into DCNNs. In [Chen et al., 2018b], an
updated version of DeepLab has been proposed, which added atrous spatial pyramid
pooling (ASPP) and batch normalization to capture longer range information and fa-
cilitate the training. Another sophisticated approach is pyramid scene parsing network
[Zhao et al., 2017], which adds a multi-scale pooling on top of the backend model to ag-
gregate different scale of global information.



3
Building Height Estimation

In this chapter, the state of the art SAR Tomography will be briefly reviewed and the issues
for global mapping using conventional TomoSAR have been discussed. A novel approach
’nonlocal SAR tomography’ is proposed. Since the computational complexity increases dra-
matically due to the introduction of advanced techniques, the development of a fast and ac-
curate solver is necessary for large-scale processing, which is presented in the last section.

3.1 State-of-the-art SAR Tomography

Among the many multi-baseline InSAR techniques, TomoSAR is the only one that strictly
reconstructs the full reflectivity along the third dimension elevation. SAR tomography and
its differential form (D-TomoSAR) have been extensively developed in last two decades
[Reigber and Moreira, 2000] [Gini et al., 2002] [Lombardini, 2005] [Fornaro et al., 2005]
[Fornaro et al., 2009] [Zhu and Bamler, 2010b] [Ge et al., 2018] [Zhu et al., 2018a]. They
achieve promising results on 3-D reconstruction of urban areas, especially when us-
ing high resolution data like TerraSAR-X [Zhu and Bamler, 2012a] or COSMO-Skymed
[Fornaro et al., 2014]. In order to solve Eq. (2.5), many spectral estimation algorithms
have been involved, such as the conventional beamforming (BF), adaptive beamforming
(CAPON), multiple signal classification (MUSIC), nonlinear least squares (NLS) and M-
RELAX. In the past few years, new algorithms have been invented by taking advantage of
recent developments in signal processing, such as Tikhonov regularization, sparse recon-
struction and compressive sensing (CS).
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3.1.1 Bayesian Approach for TomoSAR Inversion

TomoSAR inversion is to retrieve the profile of reflectivity γ. The maximum a posteriori
(MAP) estimator of γ can be formulated as:

γ̂ = argmax
γ
p(γ|g) (3.1)

= argmax
γ
p(g|γ) · p(γ) (3.2)

= argmin
γ

(
− lnp(g|γ)− lnp(γ)

)
(3.3)

Assuming that the noise ε in Eq. (2.5) is complex circular Gaussian (CCG) distributed, the
likelihood function p(g|γ) can be written as:

p(g|γ) =
1

4π2|Cεε |
exp

(
− (g−Rγ)HC−1

εε (g−Rγ)
)

(3.4)

If we impose different priors, such as Gaussian prior, Laplacian prior and Hyper-Laplacian
prior, it will lead to different TomoSAR inversion approaches.

Gaussian Prior

The formulation of Gaussian prior is written as:

p(γ) =
1

4π2|Cγγ|
exp

(
− (γ− γ̄)HC−1

γγ(γ− γ̄)
)

(3.5)

The MAP estimation of γ is therefore formulated as:

γ̂ = argmin
γ

∣∣∣∣∣∣∣∣C−1/2
εε

(
Rγ− g

)∣∣∣∣∣∣∣∣2
2

+
∣∣∣∣∣∣C−1/2

γγ γ
∣∣∣∣∣∣2

2
(3.6)

TomoSAR inversion can be solved by Tikhonov regularization under the condition of zero
mean, variance ε2 and white Gaussian prior

γ̂ = argmin
γ
||Rγ− g||22 +λ2 ||γ||22 (3.7)

where λ2 is the regularization parameter. Tikhonov regularized inversion is computation-
ally efficient and is not sensitive to irregular sampling. Compared to beamforming, it shows
better sidelobe suppression and can provide slight super-resolution (SR).
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Laplacian Prior

The Laplacian prior is formulated as follows:

p(γ) = exp(−λ1|γ|) (3.8)

It enforces the sparsity property, which leads to compressive sensing based TomoSAR inver-
sion. CS-based TomoSAR has better accuracy for multi-scatterers case and super-resolution
power.

γ̂ = argmin
γ
‖Rγ− g‖22 +λ1‖γ‖1 (3.9)

where λ1 is the regularization parameter, which represents the step size in the optimization
process.

Hyper-Laplacian Prior

Comparing to Laplacian prior, the hyper-Laplacian prior imposes very sparse property and
the formulation is written as:

p(γ) = exp
(
−λp|γ|p

)
(3.10)

where p is ∈ (0,1).

γ̂ = argmin
γ
‖Rγ− g‖22 +λp‖γ‖

p
p (3.11)

where λp is the regularization parameter.

3.1.2 Issues for Global Mapping

Although TomoSAR can provide unprecedented results for large extent of areas, if our goal
is the global mapping, following isusses need to be considered: (1) the resolution of images
(2) the limited number of images (3) the computational cost, especially for the CS-based
TomoSAR.

Resolution of the images

The availability of high resolution images is quite limited, only for few cities. The global
coverage of Tandem-X data is only available with stripmap mode, which has a slant range
resolution of 1.2 m and an azimuth resolution of 3.3 m.

Limited number of the images
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Usually, TomoSAR required a large number of images for a reliable reconstruction, typ-
ically a stack of 20-100 images over the illuminated area. If we consider the global cov-
erage, the typical number of available interferograms for most areas is 3 to 5. Therefore,
it is not directly applicable to InSAR stack with only a few acquisition. For instance, it is
demonstrated in [Zhu and Bamler, 2012b] that by using even the most efficient algorithms,
like non-linear least squares (NLS) and SL1MMER, a minimum number of 11 acquisitions
is required to achieve a reasonable reconstruction in the interesting parameter range of
spaceborne SAR. In [Zhu et al., 2015], a joint sparsity concept was applied to obtain precise
TomoSAR reconstruction with only six images by incorporating building a priori knowl-
edge to the estimation. However, due to its demand on geometric prior, this method can be
only used to reconstruct buildings where the geographic information system (GIS) data is
available.

Computational cost

Another practical drawback of CS-based TomoSAR is that it suffers from a high computa-
tional expense and is hard to extend to large-scale practice. Wang et. al. [Wang et al., 2014]
proposed an efficient approach to address this issue, which uses the well-established and
computationally efficient persistent scatterer interferometry to obtain a priori knowledge
of the estimates, followed by the linear method and the CS-based SL1MMER algorithm ap-
plied to different pre-classified groups of pixels. This approach speeds up the processing,
but only to the extent that it reduces the percentage of pixels that require sparse recon-
struction.

In order to overcome these issues, we propose a novel framework for TomoSAR with
a minimum number of acquisitions to obtain a fast and accurate estimation of eleva-
tion without any a priori knowledge. It is mainly motivated by the advances in nonlocal
means approaches [Buades et al., 2005] [Dabov et al., 2007] in image restoration. Nonlocal
means approaches successfully achieve state-of-the-art performance in image restoration
[Dabov et al., 2007] by seeking the correlation of image patches. As a common prior in nat-
ural images, the patch correlation should help increase the signal-to-noise ratio (SNR) of the
original signal. As comprehensively investigated in [Zhu and Bamler, 2012b], the product
of the number of acquisitions and SNR determines the reconstruction quality, which means
that an increase of SNR can dramatically reduce the number of acquisitions needed for re-
construction. Recent works [D’Hondt et al., 2018] [Ferraioli et al., 2018] [Shi et al., 2019b]
show that SNR can be dramatically increased by integrating nonlocal estimation into the
inversion of TomoSAR for different sensors, such as airborne E-SAR, Cosmo-Skymed and
TerraSAR-X.

3.1.3 Estimation Accuracy of TomoSAR

This section discusses the theoretical 3-D reconstruction accuracy of a micro-stack with 3-5
interferograms. The estimation accuracy of TomoSAR has been systematically investigated .
It is exhaustively shown in [Zhu and Bamler, 2012b] that the elevation estimation accuracy
and SR power depend asymptotically on the product N · SNR. In this section, we analyze
the estimation accuracy of TomoSAR with the extremely small number of interferograms,
which is 3 to 5.
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The Cramer-Rao lower bound (CRLB) on elevation estimates of single scatterer can be
shown to be [Zhu and Bamler, 2010b]

σs =
λr

4π · σb ·
√

2 · SNR ·N
(3.12)

where N is the number of acquisitions, SNR is the signal-to-noise ratio, and σb is the stan-
dard deviation of the baseline distribution.

For the double scatterers’ case, the CRLB can be written as:

σsq = c0 · σsq,0 (3.13)

where σsq,0 is the CRLB of the elevation estimates of the qth scatterer in the absence of the
other one, and c0 is the essential interference correction factor for closely spaced scatterers
[Zhu and Bamler, 2012b]. It is almost independent from N and SNR, which is defined as:

c0 = max


√

40κ−2(1−κ/3)
9− 6(3− 2κ)cos(2∆ϕ) + (3− 2κ)2 ,1

 (3.14)

where κ is the normalized distance between two scatterers (defined in next section) and ∆ϕ
is the phase difference. Since the phase difference ∆ϕ is a uniformally distributed random
variable, the approximated formulation of c0 can be calculated by integrating the variances
over ∆ϕ leading to the approximation:

c0 = max
{
2.57(κ−1.5 − 0.11)2 + 0.62,1

}
(3.15)

3.2 The Multi-Master TomoSAR Imaging Model

The complex value gn of an azimuth-range pixel in the nth SAR acquisition is a sample
of the Fourier transform Γ (ξ) of the elevation reflectivity profile γ(s), where the elevation
frequency ξ is a scaled version of the sensor’s position bn projected on the cross-range-
azimuth axis b||s :

gn = Γ (ξn) =
∫
γ(s)exp(j2πξns)ds (3.16)

with

ξn =
2bn
λr

(3.17)
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Note that bn are no baselines, but the positions of the sensor w.r.t. some origin. In case of
monostatic multi-temporal data stacks, a single master is g0 chosen with b0 = 0 and inter-
ferograms to all other acquisitions are formed : gng∗0. Only in this case the bn are identical
to baselines [Bamler, 2019].

Here we are dealing with stacks of bistatic acquisitions, i.e. with the multi-master case.
From each of these acquisitions we get a master gn,m = Γ (ξn) taken at bmaster = bn and a
slave gn,s = Γ (ξn + ∆ξn) image taken at bslave = bn + ∆bn, where ∆bn is the bistatic base-
line. The consequence is, that we we cannot simply throw this data stack into a standard,
i.e. single-master, TomoSAR inversion algorithm and thus confuse ∆bn and bn. If there was
only a single scatterer in γ(s), this misinterpretation would do no harm, because the Fourier
transform of a single point has a constant magnitude and a linear phase. In order to deter-
mine the slope of the phase ramp we can take any two samples and divide their phase
difference by the difference in wavenumbers (= baseline). This is no longer true for two or
more scatterers. The example of two symmetric and equally strong scatterers makes this
clear:

γ(s) = δ(s+ s0) + δ(s − s0)
l (3.18)

Γ (ξ) = 2cos(s0ξ) = 2cos(2π
2s0
λr
b)

Hence, interferograms with the same baseline ∆b are different depending on where the two
sensors were located along b. If by chance one of the sensors was at a zero of Γ (ξ), e.g. at
b = λr/8s0, the interferogram would be zero. Obviously, every bistatic acquisition provides
three pieces of information: the two magnitudes |Γ (ξn)| and |Γ (ξn+∆ξn)| as well as the phase
difference ∠Γ (ξn +∆ξn)Γ ∗(ξn) which have to be accounted for by the inversion algorithm.

This is true for pixel-wise tomographic inversion or for point scatterers. The situation be-
comes different, once we talk about averages of pixels, i.e. estimates of expectation values.
Let us assume Gaussian distributed scattering with a backscatter coefficient along elevation
of

σ0 = E
{
|γ(s)|2

}
(3.19)

Assuming further that γ(s) is white, its power spectral density is stationary and is the auto-
correlation function of Γ (ξ), i.e. the Fourier transform of σ0(s) as a function of the baseline
frequency ∆ξ :

E {Γ (ξn +∆ξn)Γ ∗(ξ)} =
∫
σ0(s)exp(j2π∆ξns)ds (3.20)

Instead of sampling the Fourier spectrum we sample its autocorrelation function by the
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bistatic data stack. Since this relationship is independent of ξ ∝ b because of stationarity, it
makes no difference, where the two acquisitions have been taken, only their baseline ∆bn
counts. In other words we can use standard TomoSAR inversion algorithms in this case.

In this paper we use nonlocal filtering to improve SNR for micro-stacks. These filters per-
form averages with number of looks in the order of tens to hundreds. Hence, we tend to the
assumption that we work with reasonably good estimates of E {Γ (ξn +∆ξn)Γ ∗(ξ)} and use
the bistatic interferograms for TomoSAR reconstruction.

In the presence of noise ε, the discrete-TomoSAR system model can be rewritten as:

g = RX + ε (3.21)

where g is the measurement vector with N elements, and X ∼ σ0 is the expectation value
of reflectivity function along elevation uniformly sampled at sl(l = 1,2, ...,L). R is an N × L
irregularly sampled discrete Fourier transformation mapping matrix.

3.3 Nonlocal SAR Tomography

In cases where there is no prior knowledge about the number of scatters and in the presence
of measurement noise, the nonlocal TomoSAR inversion can be written as

X̂ = argmin
X
‖RX−N (g)‖22 + (λ1‖X‖1 ∨λ2‖X‖2) (3.22)

whereN (.) is the nonlocal estimator andN (g) = f (Θ̂). The expression Θ̂ = (ψ̂, µ̂, σ̂2) denotes
the parameters, where ψ̂ is the estimate of the interferometric phase, µ̂ is the estimate of
the coherence magnitude, and σ̂2 is the estimate of the variance, which will be introduced
later.

3.3.1 NL Filtering

NL-means can combine similar patches into a weighted maximum likelihood estimator
(WMLE)

Θ̂c = argmax
∑
s

w(is, js) logp(gs|Θ) (3.23)

The measure of the patch similarity that leads to the weights w(is, js) depends on the statis-
tical model of the imaging process. In our case it is derived from the InSAR statistics.

InSAR Statistics

The underlying statistical model for a fully developed speckle field is that of a circular com-
plex Gaussian random process that yields the M-dimensional Gaussian probability density
function (PDF) [Goodman, 2007].
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Fig. 3. Workflow of nonlocal TomoSAR algorithms.

p(g|C) =
1

πM |C|
exp(−gHC−1g) (3.24)

where C is the covariance matrix. A special case of interest is M = 2 for InSAR, which leads
to the simplified form for the joint PDF of g(I1, I2,φ):

p(I1, I2,φ) =
1

16π2σ4(1−µ2)
× exp

[
−
I1 + I2 − 2

√
I1I2µcos(φ−ψ)

2σ2(1−µ2)

]
(3.25)

where I1 and I2 are intensities of two coregistered SAR images, and it has been assumed
that 〈I1〉 = 〈I2〉 = 2σ2. φ is the noisy interferometric phase. By imposing a scale-invariant
similarity criterion, the weight is set as a function of likelihood:

w(is, js) =
∏
m

p(gc,m,gs,m|Θc = Θs)
1/h (3.26)

where h is a filtering parameter, the same as in [Deledalle et al., 2011] [Zhu et al., 2018b].
Note that the difference between the proposed nonlocal algorithm and the algorithm in
[Deledalle et al., 2011], is the way to measure the similarity, i.e. the calculation of w(is, js).
Since the data that we used is interferogram instead of single look complex (SLC), the sta-
tistical model used here is for intensity rather than amplitude in [Deledalle et al., 2011].
The detailed demonstration of w(is, js) is in chapter Proof. By applying the maximum like-
lihood estimation of Eq. (3.25) derived in [Seymour and Cumming, 1994], the estimated
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parameters can be formulated as

ψ̂wmle =− arg

∑
s

wsg1,sg
∗
2,s

 (3.27)

µ̂wmle =
2
∑
sws|g1,s||g2,s|∑

sws
(
|g1,s|2 + |g2,s|2

) (3.28)

σ̂2
wmle =

∑
sws

(
|g1,s|2 + |g2,s|2

)
4
∑
sws

(3.29)

Note that if only interferogram is available, |g1,s|2 = |g2,s|2 = I is assumed in practice.

3.3.2 Spectral Estimation

After the nonlocal procedure, spectral estimation is applied. The most relevant spectral
estimation algorithms, including singular value decomposition (SVD), compressive sensing
(CS) are introduced in the following.

X̂ = argmin
X
‖RX−N (g)‖22 + (λ1‖X‖1 ∨λ2‖X‖2) (3.30)

The choice of different combinations of spectral estimators depends on the required
accuracy, the computational time and others. We follow the procedure proposed in
[Wang et al., 2014]. It consists of three steps: first-order spectral estimation, single and
double scatterers discrimination, and higher order spectral estimation. It uses the well-
established and computationally efficient first-order spectral estimator to obtain a prior
knowledge of the estimates, followed by the linear method and CS-based algorithm ap-
plied to pre-classified different groups of pixels. This approach speeds up the processing
by reducing the percentage of pixels that require sparse reconstruction. Furthermore, the
rest of pixels can be efficiently solved by randomized blockwise proximal gradient method
[Shi et al., 2018].

3.3.3 Model Order Selection

The abovementioned spectral estimators retrieve a nonparametric reflectivity profile. Since
our data is in urban area, we assume only a few dominant scatterers exist along the re-
flectivity profile. Therefore, we employ model order selection to determine the number of
scatterers K̂ as well as their elevation in one azimuth-range pixel [Zhu and Bamler, 2010b].
The estimator can be expressed as follows.

K̂ = argmin
K
{−2lnp (g|θ) + 2C(K)} (3.31)

where C(k) is a complexity penalty that trades off between how well the model fits the data
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and the complexity of the model. There are many types of penalized likelihood criteria,
such as the Bayesian information criterion (BIC), the Akaike information criterion (AIC),
and the minimum description length (MDL).

As shown in [Zhu and Bamler, 2010b], the selection criteria should not be followed blindly,
since the selection bias cannot be easily corrected. Therefore, the selection of a criterion
must be based on the experiments for the specific situation.

3.3.4 Robust Height Estimation

To tackle the possible remaining outliers in the height estimates, the final height will be
fused from the result of multiple neighbouring pixels as a post-processing. But instead
of simple averaging, the height will be adjusted robustly using an M-estimator. Instead of
minimizing the sum of squared residuals in averaging, M-estimator minimizes the sum of
a customized function ρ (�) of the residuals [Huber, 1992]:

s̃ = argmin
s

∑
i

ρ (ŝi − s), (3.32)

where ŝi is the elevation estimates of the ith neighbouring pixel. It is shown that the close-
formed solution of Eq. (3.32) is simply a weighted averaging of the heights of the neigh-
bouring pixels [Wang and Zhu, 2016]. The weighting function can be expressed as follows,
if the derivative of ρ (x) exists.

w (x) =
∂ρ (x)
x∂x

(3.33)

The robust estimated height can be written as follows:

h̃ =

∑
i
w(xi) · ĥ∑
i
w(xi)

(3.34)

where ĥ = ŝ · sinθ, and θ is the incident angle. The choice of the weighting function
depends on the distribution of the heights. Without prior knowledge of the distribu-
tion, promising robust weighting functions are Tukey’s biweight or t-distributed weighting
[Wang and Zhu, 2016].

3.4 Fast and Accurate Solver

Nonlocal filtering and sparse reconstruction algorithms are usually computationally ex-
pensive and are difficult to extend to large scales. In this section, we introduce an approach
for solving the NLCS model, which can retain the super-resolution power of the standard
basis pursuit denoising (BPDN) solver and considerably speed up the processing for matrix
R of the random Fourier transform, as used in SL1MMER.
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3.4.1 Optimized Parallelization of Nonlocal Process

Note that pixels outside searching windows do not contribute to the value of the central
pixel in a nonlocal process. This property allows us to separate the image into independent
disjoint pieces and process them in parallel, as it is done in domain decomposition schemes.
In [Shi et al., 2015], we proposed a sophisticated and optimized parallelization scheme for
nonlocal processing. A message passing interface (MPI) was adopted for nonlocal processes,
enabling us to use thousands of cores for large-scale processing. The bottleneck of this pro-
cess is the communication between cores. We introduced a synchronized communication
scheme to avoid the bottleneck and the speedup increased dramatically with the increase
in the number of cores.

3.4.2 Randomized Blockwise Proximal Gradient

Generic methods for non-differentiable convex problems, such as the ellipsoid method or
subgradient methods [Polyak, 1987] [Shor, 2012], can be used to solve Eq. (3.11). These
methods are often very slow. Eq. (3.11) can be transformed to a convex quadratic problem,
with linear inequality constraints. The equivalent quadratic program (QP) can be solved
by standard convex optimization methods such as interior-point methods. However, the
data of InSAR is complex-valued, which requires the use of the second order cone program
(SOCP), instead of QP, for solving Eq. (3.11). In [Zhu and Bamler, 2010a], the second order
method primal-dual interior-point method (PDIPM) with self-dual embedding technique
was adopted to solve the second order cone program, which is extremely expensive with
respect to computation. To make TomoSAR processing fit for high throughput or opera-
tional use, we needed a fast L1-regularized least squares (L1LS) solver.

Usually, basis pursuit denoising (BPDN) solvers are either first- or second-order meth-
ods. As for second- order methods, they are often computationally expensive. An exam-
ple of a second-order method is the primal-dual interior-point method (PDIPM), which
has computationally expensive iterations. First-order methods are typically based on lin-
ear approximations. Examples include orthogonal matching pursuit (OMP), compressive
sampling matched pursuit (CoSaMP), iterative shrinkage thresholding algorithm (ISTA),
alternating direction method of multipliers (ADMM), and coordinate descent (CD). The
family of matching pursuit algorithms is a greedy solution for sparse reconstruction, which
is extremely faster. But the drawback of these algorithms for TomoSAR is the inability of
super-resolution.

Our unconstrained optimization problems with an objective function can be split into two
parts, the convex differentiable part and the convex non-differentiable part, leading to the
so-called proximal gradient (PG) method. The iterative approach to solve Eq. (3.30) can be
written as

γk+1 = argmin
(
〈∇f (γk),γ−γk〉+ 1

2αk
‖γ−γk‖22 + r(γ)

)
(3.35)

where f is ‖Rγ−N (g)‖22 and ∇f is the partial gradient of function f . The proximal gradient
formulation is

γk+1 = proxαkr(γ
k −αk∇f (γk)) (3.36)
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where αk > 0 is step size, can be constant or determined by line search. For r(γ) = ‖γ‖1, the
proximal operator can be chosen as soft-thresholding.

After applying Nesterov’s acceleration scheme and block coordinate techniques, the Eq.
(3.35) can be written as

γk+1
ik

= argmin
(
〈∇fik (γ

k
ik

),γik −γ
k
ik
〉+ 1

2αkik
‖γik −γ

k
ik
‖22 + rik (γ)

)
(3.37)

where ik is the index of a block. The choice of the update index ik for each iteration is crucial
for good performance. Often, it is easy to switch index orders. However, the choice of index
affects convergence, possibly resulting in faster convergence or divergence. In this work, we
choose a randomized variants scheme, whose strengths include less memory consumption,
good convergence performance, and empirical avoidance of the local optima. The block
index ik is chosen randomly following the probability distribution given by the vector

Pik =
Lik∑J
j=1Lj

, ik = 1, ..., J (3.38)

where Lik is the Lipschitz constant of ∇ikf (x), the gradient of f (x) with respect to the ik-
th group (in our case La = ||RTR||). However, setting αk = 1/La usually results in very small
step sizes; hence, the time step αk is adaptively chosen by using the backtracking line search
method.

3.5 Summary

For the global mapping with InSAR data, three issues need to be considered: (1) the res-
olution of images; (2) the limited number of images; (3) the computational cost. All the
algortihms that are proposed in appendix B, D and F for solving the issue “(2) the limited
number of images” are summarized in this chapter. All the algortihms that are proposed in
appendix A for solving the issue “(3) the computational cost” are also summarized in this
chapter. All the experiments are carried out in chapter 5.



4
Building Footprint Extraction

The automatic generation of building footprints from satellite images presents a consid-
erable challenge due to the complexity of building shapes. In this chapter, we have firstly
proposed improved generative adversarial networks (GANs) for the automatic generation
of building footprints from satellite images. Then, a novel gated graph convolutional net-
work with deep structured feature embedding is proposed to improve the accuracy of the
semantic segmentation. Finally, an advanced data augmentation method is introduced for
the dataset.

4.1 State-of-the-art

High-resolution satellite imagery, which can provide more abundant detailed ground in-
formation, has become a major data source for building footprint generation. Due to the
variety and complexity of buildings, and varying illumination conditions, building foot-
print requires significant time and high costs to generate manually. As a result, the auto-
matic generation of a building footprint not only minimizes the human role in producing
large-scale maps but also greatly reduces time and costs.

Previous studies focusing on building footprint generation can be categorized into four as-
pects: (a) edge-based, (b) region-based, (c) index-based, and (d) classification-based meth-
ods. In edge-based methods, regular shape and line segments of buildings are used as
the most distinguishable features for recognition [Wang et al., 2015]. Region-based meth-
ods identify building regions through image segmentation [Ok, 2013]. For index-based
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methods, a number of building feature indices are used to describe the characteristics
of buildings, which indicate the possible presence of buildings [Huang and Zhang, 2011].
Classification-based methods, which combine spectral information with spatial features,
are among the most widely used approaches, since they can provide more stable and gen-
eralized results than the other three methods.

4.1.1 Building Footprint Generation with Traditional Methods

Traditional classification-based methods consist of two steps: feature extraction and clas-
sification. Selecting suitable variables is a critical step for successfully implementing an
image classification. Many potential variables may be used in image classification, includ-
ing spectral signatures, vegetation indices, transformed images, textural or contextual in-
formation, multitemporal images, multisensor images, and ancillary data. Another impor-
tant step is the choice of classification method. In general, image classification approaches
can be grouped as supervised and unsupervised, or parametric and non-parametric,
or hard and soft (fuzzy) classification, or per-pixel, subpixel, and per-field. Many clas-
sification approaches, such as SVM [Turker and Koc-San, 2015] [Lodha et al., 2006], RF
[Du et al., 2015], AdaBoost [Lodha et al., 2007] and others, have been used to extract the
building footprint. Among them, SVM and RF are two popular classification approaches in
the remote sensing (RS) domain. However, a SVM will consume too many resources when
used for big data applications and large area classification problems, and multiple features
should be engineered to feed the RF classifier for efficient use. Overall, the performances
of the traditional methods are often dependent on the derived handcraft features. Recently,
deep learning has shown a great ability in high level feature extraction or segmantic seg-
mentation. Hence, it is the trend to use deep learning for many remote sensing tasks.

4.1.2 Building Footprint Generation with Deep Learning

Over the past few years, the most popular and efficient classification approach has been
deep learning (DL) [Zhu et al., 2017], which has the computational capability for big data.
DL methods combine feature extraction and classification and are based on the use of mul-
tiple processing layers to learn good feature representation automatically from the input
data. Therefore, DL usually possesses better generalization capability, compared to other
classification-based methods.

In [Vakalopoulou et al., 2015], the authors exploited a CNN for deep feature learning. The
deep features and additional spectral information were then fed to a SVM classifier for au-
tomated building detection, and the result was refined by Markov Random Field. However,
they only used CNN for deep features extraction; accordingly, the procedure of feature ex-
traction cannot optimize the classification adaptively. Li et al. compared the performance
between the fully convolutional network (FCN) model and shallow models in building de-
tection [Li et al., 2017]. A qualitative and quantitative analysis showed that FCN gives bet-
ter results than shallow models. Although FCN improves the pixel-wise classification, the
results are not sensitive enough to the details, and the shapes of the building boundaries
are still blurred. Compared with FCN, the symmetrical encoder-decoder network SegNet
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[37] improves the boundary delineation, and is easy to incorporate into any end-to-end ar-
chitecture, such as FCN. In [Yuan, 2018], authors propose a multistage ConvNet with an
upsampling operation of bilinear interpolation. The trained model achieves a superior per-
formance on very-high-resolution aerial imagery. Recently, an end-to-end trainable active
contour model (ACM) was developed for building instance extraction [Marcos et al., 2018],
which learns ACM parameterizations using a DCNN. In [Shi et al., 2019a], authors exploit
the improved conditional Wasserstein generative adversarial network to generate the build-
ing footprint automatically. Recent work [Wang et al., 2017] shows that most of the tasks,
such as building segmentation, building height estimation, and building contour extrac-
tion, are still difficult for modern convolutional networks. In this work, we show a signif-
icant performance improvement of building footprint extraction by using our proposed
framework. In the next sections, we will introduce two novel networks, i.e., improved gen-
erative adversarial networks and gated graph convolutional networks (GGCN) with deep
structured feature embeddings (DSFE).

4.2 Improved Generative Adversarial Networks

In terms of particular DL architectures, several impressive convolutional neural network
(CNN) structures, such as ResNet [He et al., 2016] and U-Net [Ronneberger et al., 2015],
have already been widely explored for RS tasks. However, since the goal of CNNs is
to learn a parametric translation function by using a dataset of input-output exam-
ples, considerable manual efforts are needed for designing effective losses between pre-
dicted and ground truth pixels. To address this problem, generative adversarial networks
[Goodfellow et al., 2014] were recently proposed, which learn a mapping from input to out-
put images and tries to classify if the output image is real or fake. In this section, we have
proposed improved generative adversarial networks (GANs) for the automatic generation of
building footprints from satellite images. We used a conditional GAN with a cost function
derived from the Wasserstein distance and added a gradient penalty term. The achieved re-
sults indicated that the proposed method can significantly improve the quality of building
footprint generation compared to conditional generative adversarial networks, the U-Net,
and other networks. In addition, our method nearly removes all hyperparameters tuning.

4.2.1 Generative Adversarial Networks

GANs were firstly proposed in [Goodfellow et al., 2014] and consist of two neural networks:
generator G takes noise variables as input to generate new data instances while discrimina-
tor D decides whether each instance of data belongs to the actual training dataset or not. D
and G play a two-player minimax game with the objective function as

LGAN = Epx[logD(x)] +Epz[log(1−D(G(z)))] (4.1)

where E is the empirical estimation of the expected value of the probability. x is the train-
ing data with the true data distribution px, z represents the noise variable sampled from
distribution pz, and x̄ = G(z) represents the generated data instances. G and D are trained
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Fig. 4. Network architecture of the conditional Wasserstein GAN with gradient penalty.

simultaneously: for G to minimize log(1−D(G(z))) and for D to maximize logD(x).

To address the problem of no control over the modes of data being generated in GANs,
Mirza et al. [Mirza and Osindero, 2014] extended GANs to a conditional model, where
both the generator and discriminator are conditioned on certain extra information y, which
could be any kind of auxiliary information, such as class labels. The conditioning is per-
formed by feeding y into both the discriminator and generator as an additional input layer.
The objective function of CGANs is constructed as follows:

LCGAN = Epx[logD(x|y)] +Epz[log(1−D(G(z|y)))] (4.2)

In order to improve the stability of learning of GANs and remove problems like mode col-
lapse, Wasserstein generative adversarial networks (WGANs) were proposed by Arjovsky
et al. [Arjovsky et al., 2017], which use an alternative cost function that is derived from an
approximation of the Wasserstein distance. They are more likely to provide gradients that
are useful for updating the generator than the original GANs.

4.2.2 Conditional Wasserstein GAN (CWGAN) with gradient penalty

In this section, we want to exploit the superiorities of both conditional GANs (CGANs) and
Wasserstein GANs (WGANs). Therefore, we propose CWGANs, which can impose a control
on the modes of data being generated, and can also achieve more stable training as well.
The objective function of CWGANs is given by:

LCWGAN = Epx[D(x|y)]−Epz[D(G(z|y))] (4.3)

However, due to the use of weight clipping in WGANs, CWGANs may still generate low-
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quality samples or fail to converge in some settings. Therefore, we used an alternative to
clipping weights: the addition of a gradient penalty term [Gulrajani et al., 2017] with re-
spect to its input, whose objective function can be written as:

LGP = λgpEpx,z[(||∇D(αx+ (1−α)G(z|y))||2 − 1)2] (4.4)

where λgp is the gradient penalty coefficient, and α is a random number with uniform
distribution in [0,1].

In order to let the generator be located near the ground truth output and to decrease blur-
ring, a traditional loss L1 distance is mixed with the CWGAN objective:

LL1
= λg1Epx,z[||x −G(z|y)||1] (4.5)

where λg1 is the coefficient for L1 regularization. Finally, our objective function is the com-
bination of CWGAN, gradient penalty term, and L1 regularization.

L = argmin
G

max
D
LCWGAN +LGP +LL1

(4.6)

The network architecture in this work is shown in Fig. 4, which is used to generate the
building footprint from satellite imagery.

U-Net is used as the generator architecture. It is an encoder-decoder network with skip
connections to concatenate all channels at layer i with those at layer n − i, where n is the
total number of layers. The Leaky ReLU activation is used for the downsampling process,
and the ReLU activation is used for upsampling. The aim of the encoder is to match the
input and output into an embedded space while the decoder constrains the mapping spaces
to allow a good reconstruction of the original input and output. Since skip connection can
concatenate different layers, the U-Net can shuttle the low-level information (e.g., edges)
directly across the net from input to output.

As for the discriminator architecture, the PatchGAN proposed in [Isola et al., 2017] is ex-
ploited to model a high frequency structure. This network tries to classify whether each
patch in an image is real or fake. With the discriminator running convolutionally across the
image, the ultimate output of D can be provided by averaging all responses. The PatchGAN
effectively models the image as a Markov random field and can therefore be understood as
a form of texture.

4.3 Graph Convolutional Networks (GCN)

A graph model is a probabilistic model, which encodes a distribution based on a graph-
based representation. The MRF is a type of well-studied undirected graphical model. MRF
models have been widely used for image segmentation. They incorporate the spatial re-
lationships among neighboring labels as a Markovian prior. This prior can encourage the
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adjacent pixels to be classified into the same group. As an extension to MRFs, the CRF is
another type of undirected graphical model that has become increasingly popular. DCNNs
with a combination of the graph model CRF [Zheng et al., 2015] [Chen et al., 2018a] can
produce high-resolution prediction for better segmentation.

Recent work [Bruna et al., 2013] extended DCNNs to topologies that differ from the low-
dimensional grid structure. Due to significant computational drawbacks, it is difficult for
practical use. Henaff et al.[Henaff et al., 2015] and Defferrard et al.[Defferrard et al., 2016]
further improved GCN to overcome the issue and achieve some state-of-the-art results. The
grid-like data can be viewed as a special type of graph data, where each node has a fixed
number of ordered neighbors. In this work, we propose a gated GCN, which is an end-to-
end trainable inference system based on GCN and recurrent neural network (RNN) with
gated recurrent units (GRUs). The workflow of the proposed method is shown in Fig. 5.

4.3.1 Deep structured feature embedding

Deep embedding methods typically map images into an embedding space, where their dis-
tances preserve the relative similarity. In general, one can use graph embedding techniques
[Yan et al., 2007] to learn the representations of data with consideration of their relations.
Moreover, it can convert data instances from different sources into one common space so
that they are directly comparable. In this study, the data source is only imagery. Hence, we
exploit a more efficient approach for feature embedding, which uses DCNNs as the feature
extractor.

However, due to the operation of max-pooling or strided convolution in DCNNs, the size
of feature maps of the later layers of the network are inevitably downsampled. Several ap-
proaches have been proposed to decode accurate information from the downsampled fea-
ture map. One way is to use interpolation techniques [Badrinarayanan et al., 2017], which is
a fast and memory-efficient approach. Another popular method is deconvolution, in which
the unpooling operation, using stored pooling switches from the pooling step, recovers the
information for feature maps [Noh et al., 2015]. Recently, skip connections between their
downsampling and upsampling paths were introduced to help the upsampling path re-
cover fine-grained information from the downsampling layers [Ronneberger et al., 2015].
In combination with DenseNet block [Huang et al., 2017], FC-DenseNets was proposed
in [Jégou et al., 2017], where the upsampling path is composed of deconvolution or un-
pooling and skip connections. In consequence, the dense blocks of the upsampling path
are computed using all the available feature maps at a given resolution. Moreover, recent
work shows that multiple DCNN features extracted from different networks can be com-
plementary, which could be fused to improve the segmentation accuracy. However, how
to fuse multiple features is still an open problem, which needs systematic investigation
[Akilan et al., 2017].

As mentioned above, the low-level features have better representation of localization, and
the high-level features can give more comprehensive semantics. Therefore, in this work,
we concatenate different level features progressively in order to propagate the information
of localization, semantics, and other properties through the graph convolutional neural
networks.
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Fig. 5. An illustration of the proposed DSFE-GGCN framework. The initial hidden representation of the corresponding
node is taken from the feature vectors of DSFE step. At each time step, every node collects messages from its neighbors by
using GCN. Then every node updates its hidden state based on previous state ht−1

i and the aggregated message ati . After
the final timestep t+n, a negative log-likelihood loss function is computed, and the whole DSFE-GGCN model is updated
using backpropagation.

4.3.2 Gated graph convolutional neural network

An undirected and connected graph G = (V ,E) consists of a set of nodes V and edges E. The
unnormalized graph Laplacian matrix L is defined as

L = D−A, (4.7)

where A is the adjacency matrix representing the topology of G and D is the degree matrix
with Dii =

∑
jAij . As the graph Laplacian matrix L is a symmetric positive semi-definite

matrix, its eigenvalue decomposition can be expressed as

L = ΦΛΦT , (4.8)

where Φ = (φ1,φ2, ...,φn) are the orthonormal eigenvectors, known as the graph Fourier
modes and Λ = diag(λ1,λ2, ...,λn) is the diagonal matrix of corresponding non-negative
eigenvalues. Assuming a signal f on the graph nodes V , its graph Fourier transform is then
defined as f̂ = ΦT f. If g is a filter, the convolution of f and g can be written as

f ∗ g = Φ
((
ΦT g

)
◦
(
ΦT f

))
= Φ ĝΦT f, (4.9)

where ĝ is the spectral representation of the filter. Rather than computing the Fourier trans-

form ĝ, the filter coefficients can be parameterized as ĝ =
r∑
k=0

αkβk in [Henaff et al., 2015].

With the polynomial parametrization of the filter, the spectral filter is exactly localized in
space, and its learning complexity is same as classical DCNNs. However, even with such
a parameterization of the filters, the spectral GCN still suffers a high computational com-
plexity.

Instead of explicitly operating in the frequency domain with a spectral multiplier, it is
possible to represent the filters via a polynomial expansion ĝ = g(Λ) with the Chebyshev
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basis.

g(Λ) =
r∑
k=0

αkTk(Λ̃), (4.10)

where Tk(Λ̃) is the Chebyshev polynomials. The convolution can be formulated as

f ∗ g =
r∑
k=0

αkTk(L̃)f, (4.11)

where L̃ = 2/λmax ·L−I and λmax is the maximal eigenvector. In [Kipf and Welling, 2016], the
authors further simplify the Chebyshev framework, setting r = 1 and assuming λmax ≈ 2,
allowing them to redefine a single convolutional layer as simply

Hl
i = σr

(
D̃−1/2ÃD̃−1/2WHl−1

i

)
(4.12)

where Hl is the matrix of activations in the lth layer. Ã = A + I is the adjacency matrix of
the undirected graph G with added self-connections. I is the identity matrix, D̃ii =

∑
j Ãij ,

and W is the trainable weight matrix. σr(·) denotes a nonlinear activation function. This
simplified form improves computational performance on larger graphs and predictive per-
formance on small training sets.

Propagation model

The propagation process can be formulated as

ati =M
(
ht−1
j |j ∈ Vi

)
, (4.13)

hti = F
(
ht−1
i ,ati

)
, (4.14)

where ati is a vector, which represents the aggregation of messages that node i receives from
its neighbors Vi .M is a function to compute the message, and F is the function to update
the hidden state. Our proposed method is to use GCN as the message function, which is
easy for the propagation model to learn to propagate the node embeddings for node i to all
nodes reachable from i. We adopt gating techniques to surpass GCN performance, since it
maintains its own memory to help extract useful information from incoming messages.

The unrolled propagation model at time step t can be written as

H0
i = ht−1

i , (4.15)

ati = H1
i , (4.16)

rti = σs
(
Wrh

t−1
i + Ura

t
i

)
, (4.17)

zti = σs
(
Wzh

t−1
i + Uza

t
i

)
, (4.18)

h̃ti = tanh
(
Wg

(
rti ◦ht−1

i

)
+ Ugati

)
, (4.19)

hti =
(
1− zti

)
◦ht−1

i + zti ◦ h̃ti , (4.20)
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where r and z are the reset and update gates. And Wr ,Wz,Wg ,Ur ,Uz,Ug are learnable
weights for different gates. σr is the ReLU function, σs is the logistic sigmoid function, and
◦ is element-wise multiplication. The initial hidden representation of the corresponding
node is taken from the feature vectors of the DSFE step. At each time step t, every node
collects messages from its neighbors by using GCN. Then every node updates its hidden
state based on previous state ht−1

i and the aggregated message ati .

Prediction model

The node classification is defined as

p = softmax
(
ht+ni

)
, (4.21)

Since we have transferred the binary semantic segmentation problem to a multiclass pixel-
labeling task, a softmax with negative log-likelihood loss function is used to predict the
probability of each node.

4.4 Data Augmentation

In this section, we will mainly introduce the data augmentation method for improving
the result of semantic segmentation. The datasets utilized in this research consist of Plan-
etscope satellite imagery and openstreetmap building footprints as ground truth. Firstly, all
the satellite imagery of each city are re-projected to the same projection and mosaicked. The
mosaic satellite imagery is then clipped to exclude non-data areas. For the openstreetmap
vectors, they are firstly re-projected to the same projection of the satellite imagery and
clipped within the same geo-range. Then, the Openstreetmap vectors are rasterized to the
raster format. However, since data sources of Openstreetmap are different from satellite
imagery, there are maybe inconsistencies between Openstreetmap building footprint and
satellite imagery. Therefore, we need to carry out the preprocessing steps to limit the incon-
sistencies before the experiments, which include radiometric normalization, coregistration,
data refinement and truncated signed distance map (TSDM).

4.4.1 Radiometric Normalization

As the calibration update utilized a radiance approach, normalizing for the different rel-
ative response of each sensor was required. Each sensor has a unique relative spectral re-
sponse. For instance, the analytic product of Planet data can be converted to at-sensor ra-
diance by using following equation.

RAD(i) =DN (i) ∗ radiometricScaleFactor(i) (4.22)

where the value of the result is the radience with the unit (W/m2 · sr ·m). The value of pixel
can be converted to top of atmosphere reflectance by using follows:
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Fig. 6. Illustration of data augmentation.

REF(i) =DN (i) ∗ ref lectanceCoef f icient(i) (4.23)

Then, the 6S radiative transfer model with ancillary data from MODIS is used to account
for atmospheric effects on the observed signal at the sensor.

4.4.2 Coregistration

One inconsistency is misalignments between OSM building footprints and satellite im-
agery, which is caused by different projections and accuracy levels from data sources. Fig. 7
(a) shows an example of OSM building footprint overlaid with the corresponding satellite
imagery. There are noticeable misalignments between building footprint and the satellite
imagery. These misalignments lead to inaccurate training samples, which need to be cor-
rected.

The coregistration process includes several steps: (1) The satellite imagery is transformed
from RGB to gray scale; (2) The Gaussion gradient of grayscale imagery are calculated; (3)
The cross correlation between gradient magnitude of grayscale image and building foot-
print are computed; (4) The pixel with the maximum cross correlation are found and the
offset in both row and column direction can be derived. Fig. 7 (b) shows the result after
coregistration.
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(a) (b)

Fig. 7. (a) Before coregistration (b) After coregistration

4.4.3 Data Refinement

The other inconsistency is mismatch, e.g., a building shows in the openstreetmap building
footprint, while is missing in the corresponding satellite imagery, or vice versa. This issue
mostly results from the time difference between Openstreetmap building footprints and
satellite imagery, which can be limited in our properly manually selected datasets.

4.4.4 Truncated Signed Distance Map

In order to incorporate both semantic information about class labels and geometric prop-
erties in the training of the network, the distance of pixels to boundaries of buildings are
extracted as output representations. In our experiment, the signed-distance function value
for a pixel is computed based on the distance from the pixel to its closest point on bound-
aries, where positive values indicate inside of the buildings and negative indicate outside
of the buildings. Then we truncate the distance at a given threshold to only incorporate
the nearest pixels to the border [Yuan, 2018]. In this case, the problem in our research is a
multi-class classification problem by categorizing the distance values into a certain number
of classes. The truncated signed distance function can be expressed as:

D(x) = δd ·min
(
min
x∈X

(d(x)),Td
)

(4.24)

where min
x∈X

(d(x)) denotes the euclidean distance d(x) from the pixel to its closest point on

boundaries of the building. δd is a sign function with positive indicating insider objects and
negative otherwise. Td is the truncated threshold.
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4.5 Summary

For the global mapping with InSAR data, three issues need to be considered: (1) the reso-
lution of images; (2) the limited number of images; (3) the computational cost. In chapter
3, the issues (2) and (3) have been solved. In order to solve the issue “(1) the resolution of
images”, the medium-resolution optical images are exploited for building footprint extrac-
tion. All the algortihms that are proposed in appendix C and E for this task are summarized
in this chapter. All the experiments are carried out in chapter 5.



5
3-D Urban Model Generation

In this chapter, firstly, a comprehensive approach for automated creation of 3D building
models from TomoSAR point cloud data fused with building footprint is proposed. Then,
the practical demonstration of the proposed framework is carried out and the results ob-
tained are validated with LiDAR data. Finally, a two-step approach of 3-D urban model
generation is implemented and the visualization of the 3-D model is presented.

5.1 Fusion of Building Height and Building Footprint

In this section, we introduce a multi-fusion framework to generate 3-D urban models. Since
the optical image we used to extract the building footprint is medium-resolution, the pre-
dicted building footprint is therefore still less accurate than OpenStreetMap data. Conse-
quently, the first approach is to fuse TomoSAR point cloud with OSM for the areas, where
the OSM data is available. Then, for the areas without OSM information, we fuse TomoSAR
point cloud with predicted building footprints.

5.1.1 Fusion of TomoSAR Point Cloud and OSM

The fusion of TomoSAR point cloud and OSM building footprint has following steps: firstly,
the TomoSAR point cloud which is in radar geometry is geocoded into UTM coordinates.
Then, the optical image is co-registrated with TomoSAR point cloud in order to align the
OSM building footprint polygon with the TomoSAR point cloud. The points within one
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Fig. 8. Coregistration of optical image with rasterized TomoSAR point cloud.

footprint polygon are assigned into one object. Finally, the building height is estimated by
using a robust estimator.

Geocoding

Since the result of TomoSAR inversion is a three-dimensional point cloud in radar geom-
etry with range-azimuth-elevation coordinate, the first step is to transform the result to
universal transverse mercator (UTM) coordinate. Several methods were proposed for the
geocoding processing stage. The employed geocoding algorithm in this work is the Range-
Doppler approach proposed in [Schwabisch, 1998].

Range−Equation : r = |Ps −Pt | (5.1)

Doppler−Equation : fDC = − 2
λr

(Ps −Pt) · (Vs −Vt) (5.2)

Earth−Model−Equation :
x2
t + y2

t

(re + h)2 +
z2
t

r2
p

= 1 (5.3)

where Pt is the Cartesian coordinates of the target (xt, yt, zt) and Pt is the Cartesian coordi-
nates of the sensor. fDC is the Doppler center frequency of SAR imaging. Vt and Vs are the
velocity vectors of the target and the sensor, respectively. re and rp are the equatorial radius
and polar radius of the Earth, respectively. h is the corresponding height of the assumed
Earth model for the target.

Coregistration
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In order to co-registrate the TomoSAR point cloud and optical image, the point cloud is
interpolated into 2-D grid and the value on the grid is the height of the point. This yields
to a simplified 2-D/2-D coregistration instead of 2-D/3-D coregistration. Matched filtering
technique is a tool for image coregistration. However, the matched filters make use of the
phase shift property of the Fourier transform. If the geometric change contains rotation and
scaling in addition to translation, the phase shift property no longer holds and the filters
will fail. To this end, Fourier-Mellin invariant transforms is used to handle that both image
has not only translation, but also rotation and scaling. Fig. 8 shows an example of TomoSAR
point cloud with optical image.

Object-based Raster Data Generation

In order to get more accurate estimation of building heights, the points need to be seg-
mented into different objects. Consequently, every point is checked whether it is within one
building according to the information of GIS data, i.e., OpenStreetMap data. As one can see
in Fig. 9 (a), the reconstructed TomoSAR points (blue dots) within the polygon of the object
are selected for the robust height estimation. Moreover, for the quantitative comparison in
the next section, the LiDAR points need to be selected same as TomoSAR point cloud, since
the direct comparison of TomoSAR and LiDAR points is not feasible, as the central position
of two corresponding points (one TomoSAR and one LiDAR point) and the footprint of the
points are differing. Consequently, for comparing both data, an object-based raster need to
be generated by using GIS data.

Robust Height Estimation

The final building height is estimated by using the robust estimator, which is proposed in
section 3.3.4. As one can see in Fig. 9 (b), the points on the fasade can not easily removed
from the object, which could be treated as outliers and eliminated by the M-estimator.
Meanwhile, the complex shape of the roof is ignored and it is considered as flat roof for
LOD1 model. Fig. 9 (b) shows an example of robust height estimation for TomoSAR point
cloud (blue dots) and LiDAR point cloud (red dots). As the number of LiDAR points is too
large, only 1/100 of the points is plotted. The green and magenta solid lines indicate the
estimated building height of LiDAR data and TomoSAR data. The height difference of the
central station of Munich is about 0.25 m, since the TomoSAR point cloud is relative dense
for large building, which leads to a good estimation. However, for the small building, the
number of points on the building roof is limited and a worse estimation is expected.

5.1.2 Fusion of TomoSAR Point Cloud and Predicted Building Footprint

The main step for fusing TomoSAR point cloud and predicted building footprint is same as
previous one. However, additonal steps are needed in order to obtain the polygon of each
building.

Object Detection

Connected-component labeling (CCL) is indispensable for distinguishing different objects
in a binary image [Dillencourt et al., 1992]. It is based on graph traversal methods. Once the
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(a) (b)

Fig. 9. Example of robust height estimation. (a) object-based raster data generation according to OSM polygon (black solid
line), LiDAR point cloud (red dots), TomoSAR point cloud (blue dots); (b) robust height estimation of two point clouds,
LiDAR point cloud (red dots), TomoSAR point cloud (blue dots), estimated building height of LiDAR data (magenta solid
line), estimated building height of TomoSAR data (green solid line).

first pixel of a connected component is found, all the connected pixels of that connected
component are labelled before going onto the next pixel in the image. As the result of
predicted building footprint is a binary image, the efficient object labeling scheme CCL is
adopted for the instance segmentation. Afterwards, the boundary of the object is vectorized
for the further processing.

Polygonization

Since the predicted objects (buildings) may face incompleteness, oversegmentation and oth-
ers, the simplification of the polygons is desired. In this thesis, we adopt a simple polygo-
nization algorithm, which includes the generation of minimal bounding rectangle, vertex
edge segmentation and three-level simplification. First step is the generation of minimal
bounding rectangle, which is to calculate the major orientation of the building. It is taken
from the orientation of the longer edge of the minimal bounding rectangle (MBR). The
edges of the generalized polygon are designed to be parallel to one of the edges of the MBR.
Second step is to segment the position of the vertices and edges in relation to the MBR-
edges. Then, three-level simplification scheme is applied, which regularizes the geometry
of the polygon to rectangle model (level 1), ”L”, ”T” & ”Z”-like shape model (level 2) and
”U”-like shape model (level 3). Finally, the vertices of the generalized polygon are calcu-
lated by a intersection of all successive edges. An additional step is the elimination of too
short edges, which is only used for large buildings.

This method will lead to a reliable reconstruction if all the constraints in building models
are well satisfied and produce plausible results. For instance, it may assume that there exists
a main orientation of the building and all edges are either parallel or perpendicular to that
orientation. However, it has many restrictions. First, it is not possible to achieve an arbitrary
geometry of generalization. Secondly, the incorrect orientation of the final generalization is
due to the MBR orientation. Third, the level of detail is restricted to a certain number of
defined geometries (rectangular).
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(a) Predicted Building Footprint

Object Detection

(d) Minimal Bounding Rectangle (f) Three-Level Simplification(e) Vertex & Edge Segmentation

(b) Instance Segmentation (c) Boundary Vectorization

Polygonization

Fig. 10. Example of object detection and polygonization schemes. (a) original binary image of predicted building footprint;
(b) segmentated objects (buildings); (c) vectorization of building boundaries (white solid line); (d) generation of minimal
bounding rectangle for individual building (solid black line); (e) segmentated vertices (black dots) and edges of individual
building (color for different edges); (f) three-level simplification of polygons.

5.2 Demonstration and Validation

In this section, we use real data to demonstrate and validate the proposed algorithm for
building height estimation and building footprint extraction. The experiments were carried
out in following way. First, we applied the NL-TomoSAR approach on TanDEM-X bistatic
data. Then, a visual comparison with TanDEM-X raw Data is discussed. Furthermore, a
LiDAR dataset is used for quantitative assessment for the height estimation. At the end, the
building footprint extraction with the proposed framework is investigated.
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Fig. 11. Reconstructed TomoSAR point cloud of Munich.

5.2.1 Practical Demonstration of NL-TomoSAR

We make use of a stack of five co-registered TanDEM-X bistatic interferograms to evalu-
ate the proposed algorithm in section 3.3. The dataset is over Munich, Germany, with a
slant range resolution of 1.2 m and an azimuth resolution of 3.3 m. The images were ac-
quired from July 2016 to April 2017. The most pertinent parameters of a TanDEM-X bistatic
stripmap acquisition of Munich are listed in Table 5.2.1.

Name Symbol Value

Distance from the scene center r 698 km

Wavelength λ 3.1 cm

Incidence angle at scene center θ 50.4◦

Maximal elevation aperture ∆b 187.18 m

Number of interferograms N 5

Table 4. Parameters of Tandem-X StripMap Acquisition of Munich

5.2.2 Visual Comparison with TanDEM-X raw DEM

In this work, the TanDEM-X raw DEM is adopted for visual comparison with TomoSAR
point clouds of the test area, which is generated by one TanDEM-X bistatic acquisition
using the Integrated TanDEM-X Processor (ITP).

An oblique view of the reconstructed TomoSAR point cloud is shown in Fig. 11. The black
regions in the figure is where the pixels are not sufficiently coherent. As a comparison, we
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(a) (b)

Fig. 12. Visual comparison of NL-TomoSAR point clouds and TanDEM-X raw DEM, close-up 3-D view over the area of
European bureau of patent. (a) TomoSAR point clouds. (b) TanDEM-X raw DEM.

choose two areas, i.e., European bureau of the patent and Munich central station. Fig. 12,
13 (a) show the reconstructed TomoSAR point cloud and Fig. 12, 13 (b) show the corre-
sponding area of TanDEM-X raw DEM. It is clear that the result of TomoSAR point cloud
preserves more detailed building structures. The road layer is also better represented in
the TomoSAR result as well. In Fig. 12 (b), the flat ground surface are well reconstructed.
But when it comes to complex or high-rise buildings, their accuracy is compromised. For
instance, the building of European bureau of the patent in the bottom right (red color)
along the Isar river. A close view to this building can be seen in Fig. 12. Due to the complex
building structure, as well as the multilooking processing, the TanDEM-X raw DEM merges
several buildings together and exhibits lower accuracy on the hight of the buildings.

As another example, Fig. 13 shows the visual comparison over the area around Munich
central station. It is clear that NL-TomoSAR result can show more detailed structures, such
as the bridge, the central station, and roads.

5.2.3 Quantitative Validation of Height Estimation

In this section, we have quantitatively compared the TomoSAR point clouds with TanDEM-
X raw DEM, as well as a much more precise LiDAR point cloud. The LiDAR point cloud
of Munich is provided by Bavarian State Office for Survey and Geoinformation with ten
centimeter accuracy [LDBV, 2017].

Since the TomoSAR point cloud is with respect to a reference point that was chosen during
the TomoSAR processing, its location is not with respect to a geo-coordinate system. We
co-registrated the TomoSAR point cloud to the DEM and the LiDAR point cloud. In addi-
tion, in order to compare point clouds with DEM, we rasterize the two point clouds. These
preparing steps are briefly explained in this section.

Coregistration of two point clouds

As a consequence, while being geocoded into a UTM coordinate, the TomoSAR point cloud
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(a)

(b)

Fig. 13. Visual comparison of NL-TomoSAR point clouds and TanDEM-X DEM, close-up 3-D view over the area of Munich
central station. (a) TomoSAR point clouds. (b) TanDEM-X DEM.
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is shifted from its true position by an unknown amount due to the unknown height of the
reference point. Hence, the coregistration of different point clouds is necessary. The most
popular 3-D point cloud registration algorithm is iterative closest points (ICP) approach.

However, ICP requires a good initial alignment. The coarse alignment used in this work
includes three steps: (1) edge detection using an edge detector, such as a Sobel filter
[Sobel and Feldman, 1968]; (2) horizontally by cross-correlating the two edge images; (3)
vertically by cross-correlating the height histogram of the two point clouds. After the coarse
alignment, ICP can be applied for the fine alignment [Wang et al., 2017].

Comparison of individual structure

In order to evaluate the estimation accuracy, nine test sites with high average SNR have been
chosen for individual quantitative comparison with TanDEM-X raw DEM. They are (1) Mu-
nich central station, (2) European bureau of patent, (3) Technical University of Munich, (4)
A railway signal light stand near Hirschgarten, (5) A train repair garage near Hirschgarten,
(6) A residential building between two bridges (Hackerbrücke and Donnersbergebrücke),
(7) Munich University of Applied Sciences, (8) A residential building near Lowenbrau beer
company and (9) Karstadt (shopping mall).

Tab. 5 shows the statistics of quantitative comparison of nine test structures, where T stands
for Tomosar, L stands for LiDAR and D indicates DEM. First column shows the number of
each structure. Second and third columns present the statistics (min, max, mean and stan-
dard deviation) of sample points at top layer and bottom layer. Fourth column demonstrates
the relative height of each structure, which is calculated using the mean value of top layer
minus the mean value of bottom layer. Fifth column shows the relative height difference
between TomoSAR point clouds and LiDAR data, as well as between TanDEM-X raw DEM
and LiDAR data. From Tab. 5 we can see that the height differences between TomoSAR re-
sult and LiDAR data are within one meter and the height differences between TanDEM-X
DEM product and LiDAR data vary from 2.5 m to 8.5 m. Similar performance is shown in
standard deviation, for NL-TomoSAR is up to 1.4 m and for TanDEM-X DEM is up to 8.4 m.

Average accuracy

In order to have an assessment of the overall accuracy in a city scale, we compared all the
36,499 buildings in the area with the LiDAR point cloud. 38.7% buildings are within 1 m
accuracy. 62.8% are within 2 m accuracy. A detailed distribution of accuracy is listed in Tab.
6. However, the two datasets (TanDEM-X CoSSC and LiDAR) were acquired in different
time. It is almost certain that changes happened during the period. Therefore, in order to
obtain a more realistic assessment, we truncated the distribuation of height difference at
±15 m and 34,408 buildings remains after the truncation. Their overall standard deviation
is 1.96 m.

5.2.4 Pratical Demonstration of Building Footprint Extraction

In the demontration, we use Planetscope satellite images [Team, 2017] with RGB bands
at a 3 m spatial resolution. The imagery is acquired by the Doves satellite, which form
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Nr.
Top [m] Bottom [m]

Height Difference

Min Max Std Mean Min Max Std Mean

1

-3.76 2.59 1.22 -0.75 -19.30 -12.87 1.15 -15.26 14.51 0.69 (T)

- - - 539.01 - - - 525.19 13.82 —— (L)

583.19 597.58 2.32 587.91 566.16 570.15 2.01 568.06 19.84 6.02 (D)

2

20.39 22.62 0.56 21.39 -27.85 -22.62 1.18 -25.30 46.70 0.75 (T)

- - - 559.09 - - - 513.14 45.95 —— (L)

598.57 642.43 8.35 624.99 556.61 583.46 4.45 574.83 50.16 4.21 (D)

3

13.84 17.04 0.97 15.32 -25.52 -21.56 1.09 -23.67 38.49 0.90 (T)

- - - 552.97 - - - 515.38 37.59 —— (L)

594.31 599.13 2.12 596.15 562.03 569.28 1.60 565.18 30.97 6.62 (D)

4

-4.61 -1.90 0.74 -2.91 -13.84 -10.35 0.83 -12.05 9.14 0.67 (T)

- - - 535.04 - - - 526.57 8.47 —— (L)

582.41 584.94 0.84 584.06 572.76 574.96 0.48 573.42 10.64 2.17 (D)

5

-3.95 -0.96 0.63 -2.44 -15.94 -13.67 0.54 -14.61 12.17 0.96 (T)

- - - 535.62 - - - 524.41 11.21 —— (L)

583.26 587.26 0.96 584.77 572.71 578.98 1.22 575.58 9.19 2.02 (D)

6

10.42 13.47 0.49 12.11 -16.05 -14.31 0.82 -15.61 27.72 0.67 (T)

- - - 551.73 - - - 523.34 28.39 —— (L)

587.23 594.29 2.12 589.76 567.22 570.82 1.32 569.36 20.4 7.99 (D)

7

2.71 6.65 0.87 4.99 -27.57 -21.32 1.41 -24.25 29.24 0.60 (T)

- - - 548.01 - - - 519.37 28.64 —— (L)

574.71 597.30 5.21 588.27 563.98 571.78 2.26 568.09 20.18 8.46 (D)

8

0.06 6.42 1.34 4.06 -20.96 -20.27 0.18 -20.69 24.75 0.94 (T)

- - - 542.96 - - - 517.27 25.69 —— (L)

584.73 598.09 3.36 590.40 566.26 574.70 2.62 570.12 20.28 5.41 (D)

9

-7.53 -6.73 0.16 -7.41 -23.13 -22.57 0.29 -22.85 15.44 0.89 (T)

- - - 530.39 - - - 515.84 14.55 —— (L)

580.67 581.22 0.11 580.97 567.14 573.42 1.56 569.3 11.67 2.88 (D)

Table 5. Statistics of quantitative comparison of nine test structures. T (TomoSAR), L (LiDAR), D (DEM). First column
shows the number of each structure. Second and third columns present the statistics (min, max, mean and standard devi-
ation) of sample points at top layer and bottom layer. Fourth column demonstrates the relative height of each structure,
which is calculated by using the mean value of top layer minus the mean value of bottom layer. Fifth column shows the
relative height difference between TomoSAR point clouds and LiDAR data, as well as between TanDEM-X raw DEM and
LiDAR data.



5.2 Demonstration and Validation 51

Percentage of buildings Estimation accuracy

38.7% within 1 m

62.8% within 2 m

93.3% within 15 m

Table 6. Statistics of quantitative comparison of the whole city

a satellite constellation that provides a complete image of Earth once per day. The study
sites cover four cities: (1) Munich, Germany; (2) Rome, Italy; (3) Paris, France; (4) Zurich,
Switzerland. The corresponding building footprint layer downloaded from OpenStreetMap
(OSM) [OpenStreetMap contributors, 2017]. The imagery is processed using a 64× 64 slid-
ing window with a stride of 19 pixels to produce 48,000 sample patches. The training data
has 80% patches and the testing data has 20% patches. The training and testing data is
spatially seperated.

The datasets utilized in this work consist of Planetscope satellite imagery and OSM build-
ing footprint as ground truth. However, since data sources of OSM are different from satel-
lite imagery, there are likely inconsistencies between OSM building footprint and satellite
imagery. Therefore, we need to carry out the preprocessing steps to limit the inconsisten-
cies before the experiments, which include band normalization, coregistration, refinement
and truncated signed distance map (TSDM).

We use 11 classes for the truncated signed distance map, which is in [0,10] and the trun-
cated threshold is set to 5. For all networks, a stochastic gradient descent (SGD) with a
learning rate of 10−4 was adopted as an optimizer and negative log likelihood loss (NL-
LLoss) was taken as loss function. The implementation is based on Pytorch and runs on a
single NVIDIA Tesla P100 16 GB GPU. Semantic segmentation methods based on FCN-32s,
FCN-16s, FCN-8s, SegNet, U-Net, ResNet-DUC, FC-DenseNet, GCN, GraphSAGE, GGNN,
especially, CWGAN-GP and DSFE-GGCN, which were proposed in chapter 4.2 and 4.3 were
taken as the algorithms of comparison.

The selected three metrics in the following experiments to evaluate the results are: overall
accuracy (OA), F1 scores, and the intersection over union (IoU) scores. Specifically, the F1
and IoU metrics are defined as follows:

F1 =
2 · (Recall ·Precision)

Recall + Precision
(5.4)

Recall =
TP

TP + FN
(5.5)

Precision =
TP

TP + FP
(5.6)
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (`)

(m) (n) (o)

Fig. 14. Visualized comparison of the predicted results using different networks. (a) FCN-32s (b) FCN-16s (c) ResNet-DUC
(d) E-Net (e) SegNet (f) U-Net (g) FCN-8s (h) CWGAN-GP (i) FC-DenseNet (j) DSFE-CRF (k) DSFE-GCN (l) DSFE-Graph-
SAGE (m) DSFE-GGNN (n) DSFE-GGCN (o) Ground truth
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IoU =
TP

TP + FP + FN
(5.7)

where TP is the number of true positives, FP is the number of false positives and FN is the
number of false negatives. The results of quantitative comparison are summarized in Table
8. From Table 8 we can see that FCN-32s and FCN-16s exhibit poor performance, since the
feature map of later layer have only high-level semantics with poor localization. ResNet-
DUC can achieve better result than previous two because of hybrid dilated convolution
and dense upsampling convolution. It is limited due to the lack of skip connections. Max-
pooling indices are reused in SegNet during the decoding process, which can reduce the
parameter number of network leading to efficient training. However, as it only use indices
of max-pooling to decoder, some local details can not be recovered, e.g. small buildings will
be neglected. FCN-8s and U-Net outperform previous networks due to the concatenation
of low-level features. Compared to other CNN models, cwGAN-gp in chapter 4.2 shows
promising results for building footprint generation. The enhancement of the performance
is motivated by the min-max competition between the discriminator and the generator of
the GAN.

Methods OA F1 IoU

FCN-32s [Long et al., 2015] 0.7318 0.2697 0.1559

FCN-16s [Long et al., 2015] 0.7698 0.3993 0.2494

ResNet-DUC [Wang et al., 2017] 0.7945 0.4542 0.2930

E-Net [Paszke et al., 2016] 0.8243 0.5427 0.3724

SegNet [Badrinarayanan et al., 2017] 0.8261 0.5558 0.3848

U-Net [Ronneberger et al., 2015] 0.8412 0.6043 0.4329

FCN-8s [Long et al., 2015] 0.8472 0.6222 0.4513

CWGAN-GP [Chap. 4.2] 0.8483 0.6268 0.4562

FC-DenseNet [Jégou et al., 2017] 0.8551 0.6328 0.4628

DSFE-CRF [Zheng et al., 2015] 0.8592 0.6415 0.4757

DSFE-GCN [Kipf and Welling, 2016] 0.8640 0.6677 0.5012

DSFE-GraphSAGE [Hamilton et al., 2017] 0.8719 0.6726 0.5067

DSFE-GGNN [Li et al., 2015] 0.8787 0.6778 0.5123

DSFE-GGCN [Chap. 4.3] 0.8881 0.6899 0.5251

Table 7. Comparison of different deep convolutional neural networks on the test datasets

FC-DenseNet outperforms all other semantic segmentation neural networks in the numer-
ical accuracy and visual results. On one hand, DenseNet block concatenates different fea-
tures learned by convolution layers, which can boost the input diversity of subsequent lay-
ers and promote better efficiency of the training. On the other hand, the detailed spatial
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Methods OA F1 IoU

FCN-32s 0.7318 0.2697 0.1559

FCN-16s 0.7698 0.3993 0.2494

ResNet-DUC 0.7945 0.4542 0.2930

E-Net 0.8243 0.5427 0.3724

SegNet 0.8261 0.5558 0.3848

U-Net 0.8412 0.6043 0.4329

FCN-8s 0.8472 0.6222 0.4513

CWGAN-GP 0.8483 0.6268 0.4562

FC-DenseNet 0.8551 0.6328 0.4628

DSFE-CRF 0.8592 0.6415 0.4757

DSFE-GCN 0.8640 0.6677 0.5012

DSFE-GraphSAGE 0.8719 0.6726 0.5067

DSFE-GGNN 0.8787 0.6778 0.5123

DSFE-GGCN 0.8881 0.6899 0.5251

Table 8. Comparison of different deep convolutional neural networks on the test datasets

information can be propagated by shortcut connections between the convolution and the
deconvolution paths, which enhances the recovery of fine-grained segmentation from the
deconvolution path. The results show that DSFE-GGCN has the best performance for our
task. The IoU increases 6.2% compared to the best result of DCNN.

Fig. 15. Visualization of 3-D urban model of Munich with webGL. Color indicates the height of the buildings and 3-D
models are overlayed on the Google Map images.
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5.3 Generation and Visualization of 3-D Urban Model

Finally, LOD1 polyhedral models are generated. The 3-D urban models are reconstructed
by extruding OSM or predicted footprints with the building height. For the large-scale
area, the 3D data are stored in database and can be exported as shapefile or other formats
for visualization and other tasks. There are many ways to visualize the 3-D models. In next
section, two methods are introduced, such as KML and webGL.

5.3.1 KML

Keyhole markup language (KML) is an easiest way to visualize 3-D urban model. It is a file
format used to display geographic data in an Earth browser such as Google Earth. Many
applications can display KML file, including Google Earth, NASA WorldWind, ESRI ArcGIS
Explorer, Adobe PhotoShop, AutoCAD and others.

KML uses a tag-based structure with nested elements and attributes and is based on the
XML standard. One can use object ”Polygons” to create simple buildings and other shapes.
The buildings are generated by drawing simple inner and outer shells and then extruding
them down to the ground. The properties, such as the transparency, the color of the polygon
faces, the line width of polygon edges, can be defined through the styles of the geometry.

5.3.2 webGL

Web Graphics Library (WebGL) is a JavaScript API for rendering interactive 2D and 3D
graphics. Threejs is a popular library of WebGL, which allows the creation of graphical
processing unit (GPU)-accelerated 3D animations using the JavaScript language as part of
a website without relying on proprietary browser plugins. Fig. 15 shows the visualization
of 3-D urban model of Munich with webGL. Color indicates the height of the buildings and
3-D models are overlayed on the Google Map images.



6
Conclusion and Outlook

6.1 Conclusion

This dissertation aims to estabilish a generic framework for the generation of global 3-D ur-
ban models, which can be further used as the fundamental information for the sustainable
development of urbanization. To this end, four objectives have been set and achieved with
the work presented in this thesis. The following conclusions can be drawn.

� The proposed algorithm ”Non-local SAR Tomography” is able to reconstruct the shape
of individual buildings with micro-stacks of TanDEM-X bistatic stripmap data (i.e., only
3-5 interferograms).

� Non-local processing can efficiently improve the SNR and enable a multi-looking result,
which allows the multi-master TomoSAR inversion using same model as single-master
TomoSAR.

� The introduction of non-local procedure can dramatically enhance the super-resolution
power when the number of interferograms is limited.

� The proposed algorithm ”Randomized Blockwise Proximal Gradient” can significantly
reduce the computational cost and maintain the accuracy in the same level as PDIPM for
convex optimization problems. Moreover, RBPG leads to a large-scale TomoSAR process-
ing with CS-based method.

� The framework of GAN can achieve a better performance for building footprint extrac-
tion, when the generative network has the same achitecture as individual CNN. The
min-max game between the generator and discriminator of the GAN motivates both to
improve their functionalities, which leads to a better result.
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� The proposed network architecture, i.e. “gated graph convolutional neural network”,
combines the RNN with GRUs for the long distance information propagation and the
GCN for the short distance information propagation.

� The novel framework DSFE-GGCN, which integrates the deep structured feature embed-
ding and the gated graph convolutional network, is introduced in this work. Since low-
level characteristics have affluent spatial details but are destitute of semantic informa-
tion and high-level characteristics are conversely, they are complementary naturally. We
concatenate different level features progressively in order to propagate the information
of localization, semantics and other properties through the graph convolutional neural
networks. The results show big performance gains by joint learning of deep structured
feature embedding and GGCN parameters.

� For the medium-resolution satellite imagery, an effective preprocessing approach which
includes normalization, coregistration, refinement and the truncated sign distance map,
needs to be applied for data augmentation, in order to improve the segmentation accu-
racy.

� The large-scale demonstration and validation of the proposed framekwork shows that
about two third of the generated 3-D urban models has the average height accuracy
within 2 m. And the overall standard deviation is about 1.96 m.

6.2 Outlook

The framework proposed in this thesis can be used for generation of large-scale 3-D urban
model. Further improvements of each subproblem can be outlined as follows:

• SAR Tomography with Mixed Mono- and Bistatic Interferograms

One issue remaining in global processing is that the baseline distribution of the micro-
stacks TanDEM-X bistatic data is not always optimal, which means not only the base-
line aperture needs to be maximized, but also the the stardard deviation of the baselines.
Therefore, the use of mixed mono- and bistatic interferograms is a possible way to achieve
this. In addition, the number of interferograms can be increased by introducing monos-
tatic data, which could lead to a better result. However, the formulation of sensing matrix
R for the mixed stack is no longer same as the monostatic case for multi-scatterers, which
needs to be further demonstrated.

• Regularized SAR Tomography

The priors we introduced in the Bayesian approach of TomoSAR inversion are relative
general. To some extent, more general the algorithm is, more robust it is. However, in
particular application, if more precise prior can be introduced, more accurate result can
be obtained. For instance, if we assume a flat roof for LOD1, then we can introduce total
variation.

• Non-local TomoSAR with joint sparsity

The introduction of joint sparsity in the CS-based TomoSAR leads to unprecedented re-
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sult. The non-local procedure can not only improve the SNR, but also find the similar
pixels, which enables the use of joint sparsity. However, the similarity criteria is relative
weaker than the external GIS information, which may affect the reconstructed result.

• Building Footprint Extraction with Instance Segmentation

The semantic segmentation of building footprint is not sufficient for individual building
modeling. The object detection step is applied after the semantic segmentation. To this
end, instance segmentation with deep learning can be introduced to achieve an end-to-
end workflow.

• Coregistration of 3-D point cloud and 2-D optical image by using deep learning

The proposed 2-D/2-D coregistration method for point cloud and optical image needs
preprocessing, which first interpolate the 3-D point cloud to a 2-D raster grid. This step
might cause errors when the grid is not fine enough. Therefore, a direct coregistration of
3-D point cloud and 2-D optical image is desired.



Proof

Assuming that we have two expressions g = (I1, I2,φ) and Θ = (σ2,µ,ψ), where g denotes
the complex-valued measurement. I1 and I2 are the instensity of two SAR images. φ is
the interferometric phase. Θ is the true value of the parameters, where ψ is the noise-free
interferometric phase, µ is the coherence magnitude, and σ2 is the variance.

pixel c : p
(
I1,c, I2,c,φc|σ2

c ,µc,ψc
)

= p (gc|Θc)

pixel s : p
(
I1,s, I2,s,φs|σ2

s ,µs,ψs
)

= p (gs|Θs)

InSAR statistic : p(I1, I2,φ) =
1

16π2σ4(1−µ2)
× exp

[
−
I1 + I2 − 2

√
I1I2µcos(φ−ψ)

2σ2(1−µ2)

]
[Goodman, 1975] (2.91).

p
(
gc,m,gs,m|Θc = Θs

)
=

∫
p (gc|Θc = Θ) · p (gs|Θs = Θ)dΘ (6.1)

=
$

p
(
I1,c, I2,c,φc

)
· p

(
I1,s, I2,s,φs

)
dµdσ2dψ (6.2)

=
$

1
16π2σ4(1−µ2)

· exp

−I1,c + I2,c − 2
√
I1,cI2,cµcos(φc −ψ)

2σ2(1−µ2)


× 1

16π2σ4(1−µ2)
· exp

−I1,s + I2,s − 2
√
I1,sI2,sµcos(φs −ψ)

2σ2(1−µ2)

dµdσ2dψ (6.3)

=
"

(H1 · H2)dµdσ2
∫
H3dψ (6.4)
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H3 = exp

√I1,cI2,cµcos(φc −ψ) +
√
I1,sI2,sµcos(φs −ψ)

σ2(1−µ2)

 (6.5)

θ = ψ +φs → dθ = dψ (6.6)∫
H3dψ =

∫
exp

√I1,cI2,cµcos(φc −ψ) +
√
I1,sI2,sµcos(φs −ψ)

σ2(1−µ2)

dψ (6.7)

=
∫

exp
[

µ

σ2(1−µ2)

(√
I1,cI2,c cos(φc −ψ) +

√
I1,sI2,s cos(φs −ψ)

)]
dψ (6.8)

=
∫

exp
[

µ

σ2(1−µ2)

((√
I1,sI2,s +

√
I1,cI2,c cos(φc −φs)

)
cos(θ)

+
(√
I1,cI2,c sin(φc −φs)

)
sin(θ)

)dθ (6.9)

= 2πJ0

j µ√I1,cI2,c + I1,sI2,s + 2(I1,cI2,cI1,sI2,s)1/2 cos(φc −φs)
σ2(1−µ2)

 (6.10)

where J0 is the modified Bessel function of the first kind with zero order.

H2 =
1
σ8 exp

(
−
I1,c + I2,c + I1,s + I2,s

2σ2(1−µ2)

)
(6.11)

x =
1

σ2(1−µ2)
→ 1

σ8 = x4 · (1−µ2)4 → dx = x2 · (1−µ2) · dσ2 (6.12)∫
H2 · 2πJ0

j µ√I1,cI2,c + I1,sI2,s + 2(I1,cI2,cI1,sI2,s)1/2 cos(φc −φs)
σ2(1−µ2)

dσ2 (6.13)

= 2π(1−µ2)3
∫
x2 exp

(
−1

2
xα1

)
J0 (jxµβ1)dx (6.14)

= 2π(1−µ2)3

 2α1 +µ2β1

(α1 −µ2β1)5/2

 (6.15)

with
∫ ∞

0
xm+1e−αxJv(βx)dx = (−1)m+1β−v

dm+1

dαm+1

(
√
α2 + β2 −α)v√
α2 + β2

 (6.16)

where

α1 =
1
4
(
I1,c + I2,c + I1,s + I2,s

)2 (6.17)

β1 = I1,cI2,c + I1,sI2,s + 2(I1,cI2,cI1,sI2,s)
1/2 cos(φc −φs) (6.18)
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H1 =
(

1
16π2(1−µ2)

)2

(6.19)

y = µ2 → dy = 2µdµ → 1
2
y−1/2dy = dµ (6.20)∫

H1 · 2π(1−µ2)3

 2α1 +µ2β

(α1 −µ2β)5/2

dµ (6.21)

=
( 1
16π2

)2
· 2π

∫
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 2α1 +µ2β

(α1 −µ2β)5/2

dµ (6.22)
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1

256π
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=
1

128πβ3/2
1

α1 + β1

α1

√
β1

α1 − β1
− arcsin

√
β1

α1

 (6.26)

with
∫ u

0

xµ−1

(1 + βx)v
dx =

uµ−v

βv(v −µ)2F1 (v,µ,1 +µ,−βu) (6.27)

Finally, by applying the dimensional analysis, the similarity likelihood can be formulated
as:

p
(
gc,m,gs,m|Θc = Θs

)
=
γ3/4

1

β3/2
1

α1 + β1

α1

√
β1

α1 − β1
− arcsin

√
β1

α1

 (6.28)

where

α1 =
1
4
(
I1,c + I2,c + I1,s + I2,s

)2 (6.29)

β1 = I1,cI2,c + I1,sI2,s + 2(I1,cI2,cI1,sI2,s)
1/2 cos(φc −φs) (6.30)

γ1 = I1,cI2,cI1,sI2,s (6.31)
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Abbreviation Description

2-D two-dimensional

3-D three-dimensional

ACM active contour model

ADI amplitude dispersion index

ADMM alternating direction method of multipliers

AIC Akaike information criterion

ALS airborne laser scanning

ALOS advanced land observing satellite

APS atmospheric phase screen

ASPP atrous spatial pyramid pooling

BF beamforming

BIC Bayesian information criterion

BOV bag of visual words

BoW bag of words

BPDN basis pursuit denoising

CAPON adaptive beamforming

CCG complex circular Gaussian

CCL connected-component labeling

CD coordinate descent

CGAN conditional generative adversarial network

CNN convolutional neural network
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Abbreviation Description

CoSaMP compressive sampling matched pursuit

CRF conditional random field

CRLB Cramér-Rao lower bound

CS compressive sensing

D-InSAR differential SAR interferometry

DL deep learning

DNN deep neural network

DoF degree of freedom

DoG difference of Gaussian

DS distributed scatterer

D-TomoSAR differential SAR tomography

DEM digital elevation model

DSM digital surface model

DSFE deep structured feature embedding

EO earth observation

FCN fully convolutional network

GAN generative adversarial network

GIS geographic information system

GGCN gated graph convolutional network

GHSL global human settlement layer

GPU graphical processing unit

GRUMP global rural urban mapping project

GUF global urban footprint

HBASE global human built-up and settlement extent

HOG histogram of oriented gradients

ICA independent component analysis

ICP iterative closest point

IMPSA global impervious surface area

i.i.d. independent and identical distribution

InSAR SAR interferometry
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Abbreviation Description

IoU intersection over union

ISTA iterative shrinkage thresholding algorithm

ITP integrated TanDEM-X processor

L1LS l1-regularized least squares

LITES DMSP-OLS Nighttime Lights

LOD levels of detail

LOS line-of-sight

LSCAN Landscan Global 2016

MAP maximum a posteria

MBR minimal bounding rectangle

MDL minimum description length

MUSIC multiple signal classification

MPI message passing interface

MRF Markov random field

MS multi-spectral

NLLLoss negative log likelihood loss

NLS nonlinear least squares

OA overall accuracy

OMP orthogonal matching pursuit

OSM openstreetmap

PCA principal component analysis

PDIPM primal-dual interior-point method

PDF probability density function

PG proximal gradient

PSI persistent scatterer interferometry

QP quadratic program

RF random forest

RJMCMC reversible jump Markov chain Monte Carlo

RS remote sensing

SAR synthetic aperture radar
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Abbreviation Description

SBAS small baseline subset

SIFT scale-invariant feature transform

SFM the structure from motion

SGD stochastic gradient descent

SNR signal-to-noise ratio

SOCP second order cone program

SURF speeded up robust features

SVD singular value decomposition

SVM support vector machine

TomoSAR SAR tomography

USGS united states geological survey

UTM universal transverse mercator

WGAN Wasserstein generative adversarial network

WebGL web graphics library
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Abstract— L1 regularization is used for finding sparse solutions
to an underdetermined linear system. As sparse signals are
widely expected in remote sensing, this type of regularization
scheme and its extensions have been widely employed in many
remote sensing problems, such as image fusion, target detection,
image super-resolution, and others, and have led to promising
results. However, solving such sparse reconstruction problems is
computationally expensive and has limitations in its practical
use. In this paper, we proposed a novel efficient algorithm
for solving the complex-valued L1 regularized least squares
problem. Taking the high-dimensional tomographic synthetic
aperture radar (TomoSAR) as a practical example, we carried
out extensive experiments, both with the simulation data and the
real data, to demonstrate that the proposed approach can retain
the accuracy of the second-order methods while dramatically
speeding up the processing by one or two orders. Although we
have chosen TomoSAR as the example, the proposed method can
be generally applied to any spectral estimation problems.

Index Terms— Basis pursuit denoising (BPDN), L1 regulariza-
tion, proximal gradient (PG), second-order cone programming
(SOCP), TomoSAR.

I. INTRODUCTION

IN THIS paper, we focus on the so-called L1 regular-
ized least squares (L1LS) minimization problem of the
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Fig. 1. TomoSAR imaging geometry with an artistic view of TerraSAR-X/
TanDEM-X.

following form:
min

x
�Ax − b�22 + λ�x�1. (1)

It is an unconstrained convex optimization problem with a
nondifferentiable objective function due to the presence of the
L1 term. This L1LS problem is also known as the basis pursuit
denoising (BPDN) approach or the least absolute shrinkage
and selection operator. It promotes sparse solutions, which are
commonly desired in many applications in computer vision,
machine learning, or other fields. Sparsity is also widely
exploited in remote sensing. For example, for multispectral
and hyperspectral sensors, it is used for pan sharpening [1] and
spectral unmixing [2]. It is also used for spectral estimation
in tomographic SAR (TomoSAR) [3], [4], rational polynomial
coefficients’ estimation of rational function model for pho-
togrammetric mapping [5], and others.

Usually, BPDN solvers are either first- or second-order
methods. The first-order methods are typically based on linear
approximations. Examples include iterative shrinkage thresh-
olding methods, alternating direction method of multipliers,

0196-2892 © 2018 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted,
but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.



SHI et al.: FAST AND ACCURATE BPDN ALGORITHM WITH APPLICATION TO SUPER-RESOLVING TOMOSAR 6149

Fig. 2. Performance comparison between SVD (blue solid line), RBPG (green solid line), and SOCP (red dashed line) on simulated data with single scatterer.
(a) SNR = 10 dB. (b) SNR = 3 dB.

and coordinate descent. As for the second-order methods,
they are often computationally expensive. An example of
the second-order method is the primal-dual interior-point
method (PDIPM), which has computationally expensive iter-
ations. In any way, sparse reconstruction-based methods are
computationally much more expensive than the classic linear
methods. Yet, specific structures of the sensing matrix A can
be exploited for faster solutions.

In this paper, we address TomoSAR, for which A is an
irregular Fourier transform matrix with a typical matrix size
of ca. 100 × 1 million. For instance, A has the dimension
n × m, where n is equal to the number of interferograms in
the application of TomoSAR and m is equal to the amount of
discretization. The typical value of n is from 20 to 100, and m
is above 1 million. When multiplied, they indicate the amount
of discretization along each dimension, such as elevation,
seasonal motion, and linear deformation. Besides TomoSAR,
our findings and algorithms are applicable to further examples,
such as SAR focusing, inverse SAR, and underground sonar
imaging for direction of arrival estimation. In TomoSAR,
it is demonstrated that the BPDN approach based on
L1LS, such as “scale-down by L1 norm minimization,
model selection, and estimation reconstruction” (SL1MMER
algorithms, pronounced “slimmer”) proposed in [3], can
achieve significant super-resolution (SR) [6], [7], compared
with the classic linear methods [8], [9]. Yet, the downside
of this method is its computational cost. For example, to
reconstruct one scene covered by a radar satellite image, like in
TerraSAR-X high-resolution spotlight mode, about 20 million
problems of the above-mentioned size should be solved, which
makes it infeasible for large-scale processing. Wang et al. [10]
proposed an efficient approach to address this issue, which
uses the well-established and computationally efficient
persistent scatterer interferometry [11] to obtain a prior
knowledge of the estimates, followed by the linear method and
the L1LS-based SL1MMER algorithm applied to preclassified
different groups of pixels. This approach speeds up the
processing, but only to the extent of reducing the percentage of
pixels that requires sparse reconstruction. This is to say, if 10%
of the pixels will be processed by SL1MMER (i.e., solving
L1LS), the whole processing can only be sped up by up to a

factor of 10. In other words, the strategy is to only use theses
algorithms for pixels where SR is needed. For the rest of the
pixels, processing will be done with fast algorithms, e.g., linear
estimators. Since the computational time of linear estimators
is almost negligible compared with the sparse reconstruction
algorithms, in the end, the percentage of pixels demanding
super-resolving is decisive to the possible extent of speeding
up. In this paper, we want to speed up the sparse reconstruction
algorithms, which are currently causing a bottleneck.

The main contributions of this paper are listed as follows.

1) A novel approach “randomized blockwise proximal gra-
dient” (RBPG) has been proposed to solve the complex-
valued sparse optimization problem in radar remote
sensing.

2) Systematic performance evaluation of the proposed
approach has been carried out using both the simulated
data and the real data with the application of TomoSAR.
The results show that it can maintain the accuracy and
SR power of the second-order sparse reconstruction
methods and dramatically speed up the whole processing
by one or two orders.

3) Operational-level processing for a large-scale problem
has been carried out, which is demonstrated by an
accurate 4-D point cloud reconstruction over a very large
area—the whole city of Munich.

This paper is organized as follows. In Section II, the high-
dimensional SAR imaging model and the TomoSAR inversion
are introduced. In Section III, the SL1MMER algorithms are
reviewed, and a novel approach for its sparse optimization
procedure is introduced. The experiments, using the simulated
data and the real data, are presented in Section IV. Finally,
conclusions are given in Section V.

II. SAR IMAGING

In this section, we first introduce the high-dimensional
SAR imaging model for TomoSAR (see Fig. 1). Further-
more, we compare different TomoSAR inversion approaches.
As an extension of TomoSAR, differential SAR tomogra-
phy (D-TomoSAR) uses multibaseline, multitemporal SAR
acquisitions for reconstructing the 3-D distribution of
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Fig. 3. Performance comparison between SVD (blue solid line), RBGP (green solid line), and SOCP (red dashed line) on simulated data with two scatterers.
(a), (d), (g), and (j) SNR = 10 dB. (b), (e), (h), and (k) SNR = 3 dB, and (c), (f), (i), and (l) SNR = 0 dB. (From top to bottom) Normalized distance
κ = 1.2, 0.8, 0.4, and 0.2.

scatterers and their motion [12]–[14]. The D-TomoSAR sys-
tem model can be expressed as follows:

gn =
∫

�s
γ (s) exp( j2π(ξns + 2d(s, tn)/λ))ds (2)

where gn is the complex-valued measurement at an azimuth-
range pixel for the nth acquisition at time tn(n = 1, 2, . . . , N).
γ (s) represents the reflectivity function along elevation s with
an extent of �s, ξn = 2bn/(λr) is the spatial frequency
proportional to the respective aperture position (baseline) bn ,

λ is the wavelength, and r is the range. d(s, tn) is the line-of-
sight motion as a function of elevation and time. The motion
relative to the master acquisition may be modeled using a
linear combination of the M base function τm(tn)

d(s, tn) =
M∑

m=1

pm(s)τm(tn) (3)

where pm(s) is the corresponding motion coefficient to be esti-
mated and τm(tn) are the temporal frequencies. The choice of
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Fig. 4. Detection rate as a function of normalized distance κ using SVD (blue line), RBPG (green line), and SOCP (red line), with SNR = 2/2 and 7/7 dB,
N = 29, and �φ = 0.

Fig. 5. Test building: Bellagio hotel. (a) Optical image (Copyright Google). (b) TerraSAR-X mean intensity map.

the base functions depends on the underlying physical motion
process. Therefore, we generalize it in the multicomponent
model

gn =
∫

. . .

∫ ∫
γ (s)δ(p1 − p1(s), . . . , pM − pM(s))

× exp( j2π(ξns + η1,n p1 + · · · + ηM,n pM))

× dsdp1 . . . dpM . (4)

The inversion of the system model provides the retrieval of
the elevation and deformation information, even of multiple
scatterers inside an azimuth-range resolution cell, thus obtain-
ing a high-dimensional map of scatterers. In the presence of

noise ε, the discrete-TomoSAR system model can be rewritten

g = Rγ + ε (5)

where g is the measurement vector with N elements and γ is
the reflectivity function along elevation uniformly sampled at
sl(l = 1, 2, . . . , L). R is an N×L irregularly sampled discrete
Fourier transformation mapping matrix.

Theoretically speaking, we would ideally solve (5) by L0
minimization, which would give the correct solution, but,
unfortunately, the L0 minimization problem is NP-hard. For
L � N (i.e., with γ sufficiently sparse), it can be shown that
the L1 norm minimization leads to nearly the same result as
the L0 minimization.
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III. METHODOLOGY

A. Review of SL1MMER

Zhu and Bamler [3] proposed the SL1MMER algorithm.
They demonstrated its SR power and robustness for space-
borne TomoSAR in [15] and [16]. The SL1MMER algorithm
improves the CS algorithm and estimates these parameters in
a very accurate and robust way. It consists of three main
steps: 1) an L1LS minimization; 2) model selection; and
3) parameter estimation. Among all the steps, L1LS minimiza-
tion is the most time-consuming one. In case, there is no prior
knowledge about the number of scatters, and in the presence
of measurement noise, it can be approximated by

γ̂ = arg min γ
{�Rγ − g�22 + λ�γ �1

}
. (6)

Generic methods for nondifferentiable convex problems,
such as the ellipsoid method or the subgradient meth-
ods [17], [18], can be used to solve (6). These methods
are often very slow. Equation (6) can be transformed to a
convex quadratic problem with linear inequality constraints.
The equivalent quadratic program (QP) can be solved by the
standard convex optimization methods, such as interior-point
methods. However, the data of interferometric SAR (InSAR)
are complex-valued, which requires the use of the second-
order cone program (SOCP), instead of QP, for solving (6).
In [3], the second-order method PDIPM with self-dual embed-
ding techniques was adopted to solve the SOCP. This is
computationally expensive and is difficult to extend to large
scales. To make TomoSAR processing fit for high through-
put or operational use, a fast L1LS solver is crucial.

B. Randomized Blockwise Proximal Gradient Algorithms

In this section, we propose a novel approach for solving
L1LS minimization, which can retain the SR power of the
standard BPDN solver and extremely speed up the processing
for matrix A of the random Fourier transform as used in
TomoSAR.

Our unconstrained optimization problems with an objective
function can be split into the convex differentiable part and
the convex nondifferentiable part, leading to the so-called
proximal gradient (PG) method. The PG method is used for
optimization of an unconstrained problem with an objective
function F(x) split in two components. We consider the
following problem:

min
x

F(x) = f (x)+ r(x) (7)

where f (x) is the convex differentiable function and r(x) is
the convex and nondifferentiable regularization function. The
iterative approach to solve (7) can be written as

xk+1 = arg min

(
�∇ f (xk), x − xk� + 1

2αk
�x − xk�22 + r(x)

)

(8)

where ∇ f is the partial gradient of function f . The PG
formulation is

xk+1 = proxαkr (x
k − αk∇ f (xk)) (9)

where αk > 0 is the step size, which can be constant or deter-
mined by line search. For r(x) = �x�1, the proximal operator
can be chosen as soft thresholding

proxαkr (x) =

⎧
⎪⎨
⎪⎩

x − αk, x > αk

0, −αk ≤ x ≤ αk

x + αk, x < αk .

(10)

PG algorithms can be accelerated by using Nesterov’s
method [19] in the following way:

yk+1 = xk + θk

(
1

θk−1
− 1

)
(xk − xk−1) (11)

xk+1 = proxαkr (y
k+1 − αk∇ f (yk+1)) (12)

where θk is chosen as 2/(k + 1). The convergence rate of
the basic PG algorithms is improved to O(1/k2) by the
extrapolation. In order to further accelerate the algorithms,
a randomized block coordinate is adopted. As shown in [20]
and [21], by applying block coordinate techniques, (8) can be
written as

xk+1
ik
= arg min

(〈∇ fik

(
xk

ik

)
, xik − xk

ik

〉

+ 1

2αk
ik

∥∥xik − xk
ik

∥∥2
2 + rik (x)

)
(13)

where ik is the index of the block. The choice of the update
index ik for each iteration is crucial for good performance.
Often, it is easy to switch index orders. However, the choice of
index affects convergence, possibly resulting in faster conver-
gence or divergence. In this paper, we chose the randomized
variants scheme, which has strengths, such as less memory
consumption, good convergence performance, and empirical
avoidance of the local optimal. ik is chosen randomly follow-
ing the probability distribution given by the vector:

Pik =
Lik∑J
j=1 L j

, ik = 1, . . . , J (14)

where Lik is the Lipschitz constant of ∇ik f (x), the gradient of
f (x) with respect to the ik th group (in our case, L = �AT A�).
However, setting αk = 1/L usually results in very small step
sizes. Consequently, the time step αk is adaptively chosen by
using the backtracking line search method in [22] and [23].

The step length αk is determined iteratively by multiplica-
tion of a factor, Cα ∈ (0, 1), until the following holds:

f (x 	) ≤ f (x)+ ∇ f (x)T (x 	 − x)+ 1

2αk
�x 	 − x�2. (15)

This condition ensures that the value f (x 	) of f at the new
point x 	 is smaller than the value of quadratic approximation
at the point x . The framework of our method is given in
Algorithm 1.

C. Complexity Analysis

The complexity of each algorithm is analyzed in this section.
O(1) is assumed as the computational complexity for one
multiplication.

Among all the approaches, single value decomposi-
tion (SVD)-Wiener [9, eq. (11)] needs the least complexity
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Fig. 6. Test building: Bellagio hotel. (a) Elevation in meters, estimated by RBPG. (b) Amplitude of seasonal motion estimates in millimeters, estimated by
RBPG.

Algorithm 1 RBPG With Backtracking

Init: x (0), y(0) = 0; for k ≥ 1, repeat the steps
1: for k = 1, 2, . . . , NK do
2:

3: ik ← Pik = Lik∑J
j=1 L j

4: yk+1
ik
← xk

ik
+ θk(

1
θk−1
− 1)(xk

ik
− xk−1

ik
)

5: x̄k+1
ik
← proxαkr (y

k+1
ik
− αk∇ f (yk+1

ik
))

6:

7: while (Eq. (15) is fulfilled) do
8: αk = Cα · αk

9: repeat steps 4, 5
10: end while
11:

12: if (F(x̄k+1
ik

) ≤ F(xk
ik
)) then

13: xk+1
ik
= x̄k+1

ik
14: else
15: xk+1

ik
= xk

ik
16: end if
17:

18: end for

O(N2 Ls), which pays with the price of non-SR. N is the
number of acquisitions. Ls is the multiplication of discretiza-
tion levels in three dimensions, namely elevation direction,
linear motion direction, and seasonal motion direction. The
typical range for each direction can be 200–400, 20–40, or
30–40. In SL1MMER, each iteration of the PDIPM is domi-
nated by the cost of computing the PD search direction from
the Newton system. This leads to the computational complex-
ity O(�p K p L3), where L is the multiplication of discretization
levels in three dimensions for sparse reconstruction, which
is about 2–10 times smaller than Ls . K p is the number of

TABLE I

PERCENTAGE OF DOUBLE SCATTERERS DETECTION FOR TWO

APPROACHES

iterations of PDIPM (approximately 10–20), and �p is the
acceleration factor of PDIPM due to different techniques, such
as the preconditioned conjugate gradient (0.1–1.0). The main
computational cost of RBPG is due to (13), which requires
at least O(Kr Mr L2), where Kr is the number of iterations
of RBPG (approximately 50–100) and Mr is the number of
multiplications of a specific matrix in each iteration. According
to the computational complexity, RBPG should be ten to
several hundred times faster than SOCP.

IV. EXPERIMENTS

A. Simulation

In this section, we compare the RBPG approach to the
SOCP and SVD approaches using the simulated data. The
inherent (Rayleigh) elevation resolution ρs of the tomographic
arrangement is related to the elevation aperture extent �b [6]

ρs = λr

�b
. (16)

The normalized distance is defined as

κ = s

ρs
. (17)

For the first test case, only one scatterer is placed at
s = 0, and two signal-to-noise ratios (SNRs) are cho-
sen: 10 and 3 dB. Fig. 2 shows a performance comparison
between SVD, RBPG, and SOCP on the simulated data with a
single scatterer. As one can see, all the methods can detect the
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Fig. 7. Test building: the Bellagio. (a) Top layer, mainly caused by returns from building facade. (b) Ground layer, mainly caused by returns from ground
structures.

Fig. 8. Histogram of elevation differences of both the methods for large-scale
demonstration.

position of the single scatterer, although the reflectivity profile
reconstructed by SVD has more sidelobe than the others.

For the double scatterers’ case, we assume the situation
with two scatterers inside an azimuth-range pixel: one scatterer
located at the building facade and another from the ground
with four different normalized distances: κ = 1.2, 0.8, 0.4,
and 0.2 and a number of acquisitions N = 29. Fig. 3 shows
the comparison of the reconstructed reflectivity profiles along
the elevation direction by SVD (blue solid lines), RBPG (green
dashed lines), and SOCP (red solid lines), where the x-axis is
the absolute value of normalized reflectivity γ , and the y-axis
is the elevation s.

From Fig. 3, one can see that for the relatively high SNR
case (10 and 3 dB), all the methods can distinguish the two

scatterers well when κ = 1.2. However, once they move close
into one elevation resolution cell, SVD failed to detect double
scatterers when κ = 0.8, and 0.4 for both the low and high
SNR conditions. In contrast, SOCP and RBGP can accurately
estimate the position of double scatterers for all the cases,
which exhibits the SR power. If we further reduce κ = 0.2,
SOCP and RBPG can distinguish the double scatterers for
SNR = 10 dB. However, all the methods failed to detect the
double scatterers for SNR = 3 dB, which is not surprising
according to the SR power study reported in [6]. For the low
SNR case (0 dB), note that even with κ = 1.2, SVD cannot
distinguish the double scatterers. In contrast, both SOCP and
RBPG can accurately estimate the position of double scatterers
for κ = 1.2, 0.8, and 0.4. In order to obtain more plausible
evidence, a Monte Carlo simulation with 5000 realizations per
SNR value was performed to evaluate the detection rates of
different normalized distances and schemes.

Fig. 4 presents the detection rate PD as a function of
normalized distance κ at different SNR levels using SVD,
RBPG, and SOCP. The phase difference in this simulation
�φ = 0 is the worst case for detection [6]. The SNR
of two sets of curves are 2 and 7 dB, respectively. The
statistics confirm that the SVD approach does not have SR
power. For the poor SNR condition, the detection rate cannot
achieve 50%, even if the normalized distance is κ = 1.2.
The RBPG approach behaves similar to the SOCP approach
by maintaining the SR power of SL1MMER.

B. Real Data

For the real data experiment, we chose TerraSAR-X high-
resolution spotlight data with a slant-range resolution of 0.6 m
and an azimuth resolution of 1.1 m. In order to be compa-
rable to the results obtained with SOCP presented in [15],
we purposely used the same test data stack and test building.
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Fig. 9. Test Area: Munich. (a) Optical image of the test area Google. (b) Reconstructed point cloud with height color-coded.

Fig. 10. (a) Optical image from Google Maps. (b) Estimated seasonal deformation of the central train station in Munich. Red color indicates the movement
toward the sensor, and blue color away from the sensor.

That is, the stack taken over the city of Las Vegas consists
of 29 images and has an elevation aperture size of about
269.5 m (i.e., the inherent elevation resolution is ρs =
40.5 m, approximately a 20-m resolution in height with the
elevation-to-height factor sin θ , where the incidence angle θ

is 31.8◦ here). The same test building—Bellagio—was chosen
to demonstrate the SR power of the new approach, in com-
parison with the results shown in [15], since its surrounding
infrastructure exhibits strong scatterers that compete with the
reflections from the building facade. Fig. 5 shows the optical



6156 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 56, NO. 10, OCTOBER 2018

Fig. 11. (a) Optical image from Google Maps. (b) Linear deformation caused by the construction of new buildings. (c) Time lapse of optical images from
Google Earth.

image of the Bellagio from Google Maps and the TerraSAR-X
mean intensity map.

Fig. 6(a) presents the fused topography estimates (i.e.,
the estimated elevations) of the detected single scatterers and
double scatterers. The information increment contributed by
the layover separation is significant, and the high density
of detected double scatterers completes the structures of
individual high-rise buildings. Fig. 6(b) shows the ampli-
tude of the seasonal motion. The same as shown in [15],
the motion patterns are quite complex due to the fact that
thermal dilation of buildings depends on many effects, such
as environmental air temperature, current sun illumination,
internal cooling or heating, and the location of the major
construction elements with respect to the facade. For the
whole area, 29.1% and 29.9% of the scatterers detected by
RBPG and SOCP, respectively, are found as double scatterers.
From Table I, we can see that 27.3% of the double scatterers
have been detected by both the approaches.

Fig. 7 presents the estimated elevation of the two layers of
the detected double scatterers, with the two layers consisting of

a top layer mainly caused by the reflections from the building
facade and a ground layer caused by reflections from lower
buildings or ground infrastructures. The gradation of elevation
estimates on the top layer [see Fig. 7(a)] and the homogeneity
in the ground layer [see Fig. 7(b)] suggest the correctness
of the elevation estimation and layover separation capability.
Compared with SOCP [15], the full structure of the high-
rise building is almost captured with only the detected double
scatterers.

C. Large-Scale Demonstration

To validate our approach, we chose a large-scale test area
covering the whole city of Munich. The TerraSAR-X data
stack is composed of 78 very high-resolution spotlight images
and covers approximately 50 km2; 4-D point clouds with
a density of about one million points per square kilome-
ter are reconstructed. The experiments were carried out on
a high-performance computer at Lebnitz-Rechnung-Zentrum
with about 2000 cores. With the same number of cores, the run
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time using the SOCP approach is estimated to be 120 CPU
hours, whereas RBPG took only six CPU hours. The new
approach speeds up by a factor of 20 for this large-scale case.

The histogram of elevation differences of both the methods
is shown in Fig. 8. Note that most of the elevation differences
collapse at zero, which indicates the estimation accuracy of
RBPG as being similar to SOCP.

Fig. 9(b) shows the elevation estimates of InSAR stacks.
As a comparison, we show the corresponding area of the
optical image in Fig. 9(a).

A clear seasonal deformation is observed in the central train
station in Munich, which is caused by the thermal dilation of
the metallic building structure. As one can see in Fig. 10,
a red color indicates the movement toward the sensor, and a
blue color means the movement away from the sensor with
the amplitude of the deformation that is up to 10 mm/year.

Another interesting example shows an area near the Lowen-
Brau Keller, which is a famous beer company. We chose this
area due to the clear linear deformation patterns. From the
corresponding time lapse of optical images from Google Earth
shown in Fig. 11, we can see that the linear deformation is
caused by the construction of new buildings.

V. CONCLUSION

In this paper, we have proposed a fast and accurate optimiza-
tion approach for solving complex-valued L1LS—a widely
employed optimization formulation in radar remote sensing.
TomoSAR processing was used as a practical application.
Experiments using the simulated data and the real data demon-
strate that the new approach retains the SR power of second-
order sparse recovery in TomoSAR processing and speeds it
up for one or two orders of magnitude, which allows for the
operational processing of large-scale problems. Combining the
proposed optimization approach with the processing strategy
proposed in [10], a further speedup of about 50 times can be
expected. While our exposition uses TomoSAR in remote sens-
ing as an example, the proposed algorithm can be generally
used for spectral estimation.
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Abstract— Tomographic synthetic aperture radar (TomoSAR)
inversion of urban areas is an inherently sparse reconstruction
problem and, hence, can be solved using compressive sensing (CS)
algorithms. This paper proposes solutions for two notorious
problems in this field. First, TomoSAR requires a high number of
data sets, which makes the technique expensive. However, it can
be shown that the number of acquisitions and the signal-to-noise
ratio (SNR) can be traded off against each other, because it is
asymptotically only the product of the number of acquisitions
and SNR that determines the reconstruction quality. We propose
to increase SNR by integrating nonlocal (NL) estimation into the
inversion and show that a reasonable reconstruction of buildings
from only seven interferograms is feasible. Second, CS-based
inversion is computationally expensive and therefore, barely
suitable for large-scale applications. We introduce a new fast
and accurate algorithm for solving the NL L1-L2-minimization
problem, central to CS-based reconstruction algorithms. The
applicability of the algorithm is demonstrated using simulated
data and TerraSAR-X high-resolution spotlight images over an
area in Munich, Germany.

Index Terms— Compressive sensing (CS), interferometric
synthetic aperture radar (InSAR), nonlocal (NL) filtering, tomo-
graphic SAR (TomoSAR).

I. INTRODUCTION

SYNTHETIC aperture radar tomography (TomoSAR) is
an advanced SAR interferometric technique that can not

only retrieve 3-D spatial information but also assess the
4-D temporal information, e.g., deformation, in millimeter
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scale, of individual buildings from meter-resolution SAR
satellite data. Repeat-pass multibaseline TomoSAR has been
intensively developed in the past two decades [1]–[6] and
shows promising results on 3-D reconstruction of urban areas.
However, for urban monitoring, there are still several issues
that need to be solved: improving the elevation resolution,
i.e., providing super-resolution (SR) for layover separation;
achieving high 3-D localization accuracy even in the presence
of unmodeled, non-Gaussian noise; and retrieving nonlinear
motion, e.g., due to seasonal thermal dilation. Driven by
these requirements, new algorithms have been invented in the
past few years that take advantage of recent developments in
signal processing [7]–[13], such as sparse reconstruction and
compressive sensing (CS), and can provide height estimates
with unprecedented accuracy compared with the state-of-the-
art multibaseline InSAR algorithms [14].

However, CS-based TomoSAR still suffers from two prob-
lems for practical use. First, a large number of images are
required, typically a stack of 20–100 images over the illumi-
nated area. For instance, it is demonstrated in [15] that by
using even the most efficient algorithms, such as nonlinear
least squares and Scale-down by L1 norm Minimization,
Model selection, and Estimation Reconstruction (SL1MMER),
a minimum number of 11 acquisitions are required to achieve
a reasonable reconstruction in the interesting parameter range
of spaceborne SAR. In [16], a joint sparsity concept was
applied to obtain precise TomoSAR reconstruction with only
six images by incorporating building a priori knowledge to the
estimation. However, due to its demand on precise geometric
prior, this method can only be used to reconstruct buildings
where the geographic information system data are available.
The second practical drawback of CS-based TomoSAR is
that it suffers from a high computational expense and is
hard to extend to large-scale practice. Wang et al. [17] pro-
posed an efficient approach to address this issue, which uses
the well-established and computationally efficient persistent
scatterer interferometry to obtain a priori knowledge of the
estimates, followed by the linear method and the CS-based
SL1MMER algorithm applied to different preclassified groups
of pixels. This approach speeds up the processing, but only to
the extent that it reduces the percentage of pixels that require
sparse reconstruction.

In this paper, we propose a novel framework for TomoSAR
with a minimum number of acquisitions to obtain a fast
and accurate estimation of elevation without any a pri-
ori knowledge. It is mainly motivated by the recent

0196-2892 © 2019 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted, but
republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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advances in nonlocal (NL) means approaches [18], [19] in
image restoration. NL-means approaches successfully achieve
the state-of-the-art performance in image restoration [19] by
seeking the correlation of image patches. As a common
prior in natural images, the patch correlation should help
increase the signal-to-noise ratio (SNR) of the original signal.
As comprehensively investigated in [15], the product of the
number of acquisitions and SNR determines the reconstruction
quality, which means that an increase of SNR can dramatically
reduce the number of acquisitions needed for reconstruction.

The main contributions of this paper are listed as follows.
1) We propose a novel framework, “NLCS-TomoSAR,”

to produce accurate estimates of scatterers’ position
without any a priori knowledge, using as few images
as possible.

2) We further propose an efficient algorithm to solve the
NLCS model, containing an optimized parallelization
scheme for an NL process and a fast and accurate solver
for complex-valued L1 least squares minimization.

3) Systematic performance evaluation of the proposed
approach has been carried out using both simulated and
real data. The results show that the proposed method can
produce very accurate estimations of elevation without
notable resolution distortion.

This paper is organized as follows. In Section II, the SAR
imaging model and TomoSAR inversion with CS approach
are introduced. In Section III, a novel approach called
“NLCS-TomoSAR” is introduced. Experiments using simu-
lated data and real data are presented in Sections IV and VI.
Finally, conclusions are given in Section VII.

II. CS-BASED SAR TOMOGRAPHY

A. SAR Imaging Model

The typical multibaseline SAR imaging model can be
expressed as follows:

gn =
∫

�s
γ (s) · exp( j2πξns)ds (1)

where gn is the complex-valued measurement at an
azimuth-range pixel for the nth acquisition at time tn(n =
1, 2, . . . , N). The term γ (s) represents the reflectivity function
along elevation s with an extent of �s. The spatial frequency
ξn = 2bn/λr is proportional to the respective aperture position
(baseline) bn , λ is the wavelength of the radar signals, and
r denotes the range between radar and the observed object,
respectively (see Fig. 1).

In the presence of noise ε, the discrete-TomoSAR system
model can be rewritten as

g = Rγ + ε (2)

where g is the measurement vector with N elements and γ

is the reflectivity function along elevation uniformly sampled
at sl(l = 1, 2, . . . , L). R is an N × L irregularly sampled
discrete Fourier transformation mapping matrix. The inher-
ent (Rayleigh) elevation resolution ρs of the tomographic
arrangement is related to the elevation aperture extent �b

ρs = λr

2�b
. (3)

Fig. 1. TomoSAR imaging geometry with an artistic view of
TerraSAR-X/TanDEM-X.

B. SL1MMER Algorithm

To solve (2), Zhu and Bamler [10] proposed SL1MMER.
They demonstrated its SR power and robustness for space-
borne TomoSAR in [14]. The SL1MMER algorithm improves
the CS algorithm and estimates these parameters in a highly
accurate and robust way. It consists of three main steps.

1) L1LS minimization

γ̂ = arg min
γ

{‖Rγ − g‖2
2 + λ1‖γ ‖1}. (4)

Model-order
2) selection

K̂ = arg min
K

{−2 ln p(g|θ)+ 2C(K )}. (5)

3) Dealiasing

γ̂ = (RH R)−1RH g. (6)

Here, K is the number of scatters. C(k) is a complexity
penalty, from which we can see that model selection is actually
a tradeoff between how well the model fits the data and the
complexity of the model. p(g|θ) is the likelihood function,
which is defined in Section II-C.

Within the framework of SL1MMER, sparse reconstruction
and ordinary least squares join forces to incorporate both
robust identification of scatterers’ elevation positions and
accurate amplitude estimation. However, as mentioned earlier,
the CS-based approach has two downsides that can prevent
its application. In order to solve those two issues, we need to
analyze the estimation accuracy of TomoSAR.

C. Estimation Accuracy

Assume that θ is a set of parameters for a given observation
g and p(g|θ) is the likelihood function. The Cramer–Rao lower
bound (CRLB) BC R can be calculated from the inverse of the
Fisher information matrix J, which is

BC R = J−1 (7)
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Fig. 2. Workflow of NLCS-TomoSAR.

and

J = −E

{
∂2 ln p(g|θ)
∂θ∂θ H

}
. (8)

Since the analytical inversion of J leads to a complicated
expression, the relevant elements of the CRLB matrix can
be retrieved by solving the inversion numerically. The CRLB
on the elevation estimates of two scatterers can, therefore,
be defined as

σsq = c0 · σsq ,0 (9)

where

σsq ,0 = λr

4π · σb · √
2 · N · SNR

(10)

is the CRLB of the elevation estimates of the qth scatterer in
the absence of the other one and σb is the standard deviation
of baseline. The essential interference correction factor for
closely spaced scatterers is denoted by c0. It has been sys-
tematically investigated in [15] that c0 is almost independent
of N and SNR, which is defined as

c0 = max

⎧
⎨
⎩

√
40κ−2(1 − κ/3)

9 − 6(3 − 2κ) cos(2�ϕ)+ (3 − 2κ)2
, 1

⎫
⎬
⎭

(11)

where κ = �s/ρs is the normalized distance between two
scatterers and �ϕ is the phase difference.

As shown in (10), the estimation accuracy of SL1MMER
asymptotically depends on the product N · SNR. Therefore,
in order to maintain the estimation accuracy and reduce the
number of measurements, SNR needs to be improved. A suc-
cessful approach to reducing the noise as well as increasing
the SNR is the NL framework, where the value is sum
weighted with respect to the similarity between the central
and other pixels in the search window. NL-means filtering is

consistent with the state of the art in image denoising and
other applications. Hence, we introduce the NL framework
into SL1MMER to achieve good performance with a minimal
number of acquisitions.

III. NONLOCAL CS-BASED SAR TOMOGRAPHY

The NL concept proposed in [18] takes advantage of the
high degree of redundancy of any natural image. This means
that every feature edge, point, and so on in an image can be
found similarly many times in the same image. Inspired by
the neighborhood filters, such as boxcar and adaptive filters,
the NL-means concept redefines the neighborhood of a pixel
c in a very general sense as any set of pixels s in the image
(local or NL) such that a small patch around s is similar to the
patch around c. Fig. 2 shows the workflow of the proposed
NLCS-TomoSAR method.

A. Nonlocal Compressive Sensing

In the cases where there is no prior knowledge about the
number of scatters and in the presence of measurement noise,
the NLCS-based TomoSAR inversion can be written as

γ̂ = arg min
γ

{‖Rγ − N (g)‖2
2 + λ1‖γ ‖1} (12)

where N (.) is the NL estimator and N (g) = f (�̂). The
expression �̂ = (ψ̂, μ̂, σ̂ 2) denotes the parameters, where ψ̂
is the estimate of the interferometric phase, μ̂ is the coherence
magnitude, and σ̂ 2 is the variance, which will be introduced
later. NL-means can combine similar patches into a weighted
maximum likelihood estimator (WMLE)

�̂c = argmax
∑

s

w(is, js) log p(gs|�). (13)

The measure of the patch similarity that leads to the weights
w(is, js) depends on the statistical model of the imaging
process. In our case, it is derived from the InSAR statistics.
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B. Interferometric SAR Statistics

The underlying statistical model for a fully developed
speckle field is that of a circular complex Gaussian random
process that yields the M-dimensional Gaussian probability
density function (PDF) [21]

p(g|C) = 1

πM |C| exp(−gHC−1g) (14)

where C is the covariance matrix. A special case of interest
is M = 2 for InSAR, which leads to the simplified form for
the joint PDF of g(I1, I2, φ)

p(I1, I2, φ) = 1

16π2σ 4(1 − μ2)

× exp

[
− I1 + I2 − 2

√
I1 I2μ cos(φ − ψ)

2σ 2(1 − μ2)

]

(15)

where I1 and I2 are the intensities of two coregistered SAR
images, and it has been assumed that 〈I1〉 = 〈I2〉 = 2σ 2. φ is
the noisy interferometric phase. By imposing a scale-invariant
similarity criterion, the weight is set as a function of likelihood

w(is, js) =
∏

m

p(I1,m, I2,m , φm)
1/h (16)

where h is a filtering parameter, the same as in [20]. By apply-
ing the maximum likelihood estimation of (15) derived in [22],
the estimated parameters can be formulated as

ψ̂wmle = − arg

(∑

s

wsg1,sg∗
2,s

)
(17)

μ̂wmle = 2
∑

s ws |g1,s||g2,s|∑
s ws(|g1,s|2 + |g2,s|2) (18)

σ̂ 2
wmle =

∑
s ws(|g1,s|2 + |g2,s|2)

4
∑

s ws
. (19)

IV. EFFICIENT ALGORITHM FOR SOLVING

THE NLCS MODEL

NL filtering and sparse reconstruction algorithms are usually
computationally expensive and are difficult to extend to large
scales. In this section, we introduce an approach for solving the
NLCS model, which can retain the SR power of the standard
basis pursuit denoising solver and considerably speed up the
processing for matrix R of the random Fourier transform,
as used in SL1MMER.

A. Optimized Parallelization of Nonlocal Process

Note that pixels outside searching windows do not con-
tribute to the value of the central pixel in an NL process.
This property allows us to separate the image into independent
disjoint pieces and process them in parallel, as it is done
in domain decomposition schemes. In [23], we proposed a
sophisticated and optimized parallelization scheme for NL
processing. A message passing interface was adopted for
NL processes, enabling us to use thousands of cores for
large-scale processing. The bottleneck of this process is the

communication between cores. We introduced a synchro-
nized communication scheme to avoid the bottleneck and
the speedup increased dramatically with the increase in the
number of cores.

B. Fast and Accurate Solver for L1

Least Squares Minimization

In SL1MMER, the second-order method, primal–dual
interior-point method, with self-dual embedding technique was
adopted to solve the second-order cone program, which is
extremely expensive with respect to computation. The algo-
rithm proposed in [24], “randomized blockwise proximal gra-
dient,” splits the unconstrained optimization problems into two
parts, the convex differentiable part and the convex nondiffer-
entiable part, leading to the so-called proximal gradient (PG)
method. The iterative approach to solve (12) can be written as

γ k+1 =arg min

(
〈∇ f (γ k), γ −γ k〉+ 1

2αk
‖γ −γ k‖2

2+r(γ )

)

(20)

where f is ‖Rγ − N (g)‖2
2 and ∇ f is the partial gradient of

function f . The PG formulation is

γ k+1 = proxαkr (γ
k − αk∇ f (γ k)) (21)

where αk > 0 is the step size and can be constant or deter-
mined by line search. For r(γ ) = ‖γ ‖1, the proximal operator
can be chosen as soft-thresholding.

After applying Nesterov’s acceleration scheme and block
coordinate techniques, (20) can be written as

γ k+1
ik

= arg min

(
〈∇ fik

(
γ k

ik

)
, γ ik − γ k

ik

〉

+ 1

2αk
ik

‖γ ik − γ k
ik
‖2

2 + rik (γ )

)
(22)

where ik is the index of a block. The choice of the update
index ik for each iteration is crucial for good performance.
Often, it is easy to switch index orders. However, the choice
of index affects convergence, possibly resulting in faster
convergence or divergence. In this paper, we choose a random-
ized variants scheme, whose strengths include less memory
consumption, good convergence performance, and empirical
avoidance of the local optima. The block index ik is chosen
randomly following the probability distribution given by the
vector:

Pik = Lik∑J
j=1 L j

, ik = 1, . . . , J (23)

where Lik is the Lipschitz constant of ∇ik f (x), the gradient of
f (x) with respect to the ik th group (in our case L = ||RT R||).
However, setting αk = 1/L usually results in very small step
sizes; hence, the time step αk is adaptively chosen by using
the backtracking line search method.
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Fig. 3. Simulated data with SNR = 3 dB. (a) One interferogram. (b) Corresponding amplitude. (c) Filtered interferogram. (d) Ground truth of height.
(e) Reconstructed height by TomoSAR. (f) Reconstructed height by NLCS-TomoSAR.

TABLE I

PARAMETERS OF NUMERICAL SIMULATION

V. NUMERICAL RESULTS WITH SIMULATED DATA

In this section, we perform our proposed NLCS approach
on simulated data. The simulated complex data have been
generated from the height profile and different SNR values.
An urban-like scene has been generated with rectangular
geometric shapes.

The characteristics of the profile and the scene are reported
in Table I. The noise-free phase of each interferogram was cal-
culated by using a realistic TerraSAR-X baseline distribution
with 29 interferograms

φsim = 4πbnhs

λr sin θinc
. (24)

Two stacks of complex data were generated with SNR = 3,
−8 dB.

Fig. 3 shows the example of one interferogram and its
corresponding amplitude, the interferogram after NL filter-
ing, the ground truth of the buildings’ height, the recon-
structed height by TomoSAR, and the reconstructed height by
NLCS-TomoSAR. As is apparent, the estimation of height by
the original TomoSAR can give an acceptable result when the
SNR is relatively high. Compared with the original TomoSAR,

NLCS-TomoSAR shows a more accurate result and small loss
of resolution at the edges.

Fig. 4 shows the result of the same configuration as in Fig. 3,
but with a different SNR (= −8 dB). It can be seen that
the interferogram in Fig. 4(a) is strongly blurred and the
pattern cannot be easily recognized. After applying the NL
filter, the structure of the buildings is visible in Fig. 4(c). The
height estimation produced very noisy estimates by TomoSAR
for low SNR and the accuracy of the estimates is quite low.
In contrast, the estimates of the height by NLCS are extremely
good. There is only resolution loss at the edges due to very
low SNR.

Fig. 5 presents the slice of height profile along with the
black solid line for both SNR = 3 and −8 dB. The black line
in Fig. 5(b) and (c) is the ground truth of the height profile
and the red dots are the height in each pixel estimated by
NLCS-TomoSAR. It can be seen that, for relatively high SNR
(3 dB), the spatial bias is not notable and variance is quite
small. The standard deviation is 0.23 and 0.24 m, and the
mean error is 0.21 and 0.15 m for shapes 1 and 2, respectively.
For the low SNR case, both the spatial bias and the variance
increase. The detailed results are shown in Table II.

VI. PRACTICAL DEMONSTRATION WITH

TERRASAR-X DATA

In this section, we evaluate the performance of the proposed
method using the real TerraSAR-X data.

A. Data Description

The test area in this paper is the headquarters of the German
Railway, the “Deutsche Bahn” (DB) in Munich. We chose
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Fig. 4. Simulated data with SNR = −8 dB. (a) One interferogram. (b) Corresponding amplitude. (c) Filtered interferogram. (d) Ground truth of height.
(e) Reconstructed height by TomoSAR. (f) Reconstructed height by NLCS-TomoSAR.

Fig. 5. Height profile of reconstructed result. (a) Position of height profile. (b) Height profile of the case (SNR = 3 dB). (c) Height profile of the case
(SNR = −8 dB). Black solid line: ground truth of the height. Red dots: estimated height by the proposed method.

TABLE II

STATISTICS OF HEIGHT ESTIMATION

TerraSAR-X high-resolution spotlight data with a slant-range
resolution of 0.6 m and an azimuth resolution of 1.1 m, which
consists of 64 interferograms in one stack acquired with a
range bandwidth of 300 MHz. The elevation aperture size �b
is about 254.07 m. The detailed parameters of TerraSAR-X
acquisition are shown in Table III. The preprocessing, includ-
ing atmosphere phase screen correction, was performed by

TABLE III

TERRASAR-X ACQUISITION PARAMETERS

the German Aerospace Center PSI-GENESIS system on a
persistent scatterer network of high-SNR pixels containing
only single scatterers [25]. The SL1MMER algorithm with
a Bayesian information criterion [26] as the model selection
scheme was applied to each pixel of the test area.

B. Experimental Results

In order to compare the performance of different algorithms,
we extracted two new stacks from the original 64 images with
7 images and 14 images, respectively.
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Fig. 6. Test building: DB Headquarters in Munich. (a) Optical image (Copyright Google). (b) Mean amplitude. (c) Elevation estimated by SL1MMER with
64 images. (d) Elevation estimated by SL1MMER with seven images. (e) Elevation estimated by Boxcar + SL1MMER with seven images. (f) Elevation
estimated by proposed method with seven images.

Fig. 7. Averaged equivalent number of looks by the NL filter for the
test site.

The corresponding test area of the optical image and
the mean amplitude of InSAR stack are shown in
Fig. 6(a) and (b), respectively. Fig. 6(c) shows the elevation
estimated by the SL1MMER approach with 64 images and
Fig. 6(d) shows the elevation estimated by the SL1MMER
approach with seven images. Note that the reconstructed result
is not satisfactory with only seven images. The estimated ele-
vation exhibits strong noise due to the small number of images.

In addition, the successfully reconstructed elevation is sig-
nificantly less than the reconstructed result with 64 images.
As a comparison, we show the reconstructed result with a
boxcar filter. Fig. 6(e) is the elevation estimated by a boxcar
filter with a window size of 5. It is clear that the loss of
resolution is dramatic compared with the original TomoSAR.
Boxcar filtering blurs edges and small structures present in
the images. As can be seen in Fig. 6(e), the proposed method
can obtain an extraordinarily good estimated result with only
seven images. In contrast with the boxcar filter, the building
structures are retrieved by our method, both in terms of shapes
and elevations, without notable resolution loss.

Fig. 7 shows the averaged equivalent number of looks by
an NL filter for the test site. From this figure, we can see
that the elevation is estimated in a spatially adaptive manner.
The number of looks at the buildings is quite lower than in
the homogeneous area, which indicates that pixels chosen by
an NL filter should have similar properties, such as similar
elevation, reflectivity, scattering characteristics, and so on.

In [15], it was shown that a 90% detection rate of two
scatterers with a distance of ρs can be achieved, while
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Fig. 8. Test building: DB Headquarter in Munich. Elevation estimates of the separated double scatterers. (a) Top layer (64 images + TomoSAR), mostly caused
by returns from building facade. (b) Ground layer (64 images + TomoSAR), mostly caused by returns from ground structures. (c) Top layer (14 images +
TomoSAR). (d) Ground layer (14 images + TomoSAR). (e) Top layer (14 images + Boxcar-TomoSAR). (f) Ground layer (14 images + Boxcar-TomoSAR).
(g) Top layer (14 images + NLCS-TomoSAR). (h) Ground layer (14 images + NLCS-TomoSAR).

17 acquisitions are needed when the amplitude of reflec-
tivity of one scatterer is twice that of another scatterer.
In the real scenario, this is most often the case when
one scatterer sits on the facade or roof and another is on
the ground. Fig. 8 shows the elevation estimates of sepa-
rated double scatterers. Fig. 8(a), (c), (e), and (g) shows
the top layer of scatterers reconstructed by TomoSAR with
64 images, TomoSAR with 14 images, Boxcar-TomoSAR with

14 images, and NLCS-TomoSAR with 14 images, respectively.
Fig. 8(b), (d), (f), and (h) shows the ground layer of scatterers
for the four cases. It is clear that TomoSAR with 64 images
in Fig. 8(a) and (b) is proficient at reconstructing double
scatterers, i.e., a top layer mostly caused by reflections from
the facade of the building and a ground layer caused by
reflections from lower buildings and ground infrastructures.
As can be seen, keeping a similar SNR, TomoSAR with
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Fig. 9. Histogram of double scatterers’ elevation differences using TomoSAR
with 64 images (blue line), TomoSAR with 14 images (green line), and
NLCS-TomoSAR with 14 images (red line).

14 images produces a very low detection rate for double
scatterers in Fig. 8(c) and (d). After applying the boxcar
filter, the detection rate increases a little bit, but the resolution
decreases a lot. In contrast, the number of double scatterers
detected by the NLCS approach with small stacks is compa-
rable to TomoSAR with large stacks, and its resolution loss is
not obvious.

The histogram of the double scatterers’ elevation differ-
ences using TomoSAR with 64 images (blue line), TomoSAR
with 14 images (green line), and our NLCS-TomoSAR with
14 images (red line) is shown in Fig. 9. The normalized
distance is defined as

κ = s

ρs
. (25)

Note that the CS-based SL1MMER reconstruction with the
large stack has impressive SR capability, i.e., many of the
double scatterers with κ < 1 are detected. However, when
the number of interferograms decreases, the performance of
double-scatterer detection decreases accordingly. In contrast,
the proposed NLCS-TomoSAR method with only 14 images
obtains the same result as the large stack reconstruction,
at least in the non-SR regime (κ > 1). In the SR region,
it is still much better than the standard method but falls short
of the 64-stack reconstruction. We assume that this is caused
by the averaging effect of NL filtering. Since target responses
of different amplitudes and different sub-pixel positions are
averaged, the resulting amplitudes may be slightly compro-
mised. The baseline-dependence of amplitude, however, is an
important indicator of double scatterers.

VII. CONCLUSION

In this paper, we propose a novel framework for TomoSAR
with a minimum number of acquisitions in order to obtain a
fast and accurate estimation of elevation without any a priori
knowledge. We evaluated the performance of the proposed

NLCS algorithm with simulated and real data. Experiments
using the simulated data illustrate that the proposed method
can give excellent height estimation for different SNRs without
notable resolution distortion in comparison to the state-of-the-
art methods such as SL1MMER. Moreover, using only seven
SAR images over the test site Munich, it is practically demon-
strated that NLCS can achieve an accurate height estimation
while preserving detailed structures. Furthermore, due to the
increased SNR, a remarkable layover separation capability of
NLCS can be observed.
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Building Footprint Generation Using Improved
Generative Adversarial Networks

Yilei Shi, Member, IEEE, Qingyu Li, and Xiao Xiang Zhu , Senior Member, IEEE

Abstract— Building footprint information is an essential
ingredient for 3-D reconstruction of urban models. The automatic
generation of building footprints from satellite images presents
a considerable challenge due to the complexity of building
shapes. In this letter, we have proposed improved generative
adversarial networks (GANs) for the automatic generation of
building footprints from satellite images. We used a conditional
GAN (CGAN) with a cost function derived from the Wasserstein
distance and added a gradient penalty term. The achieved results
indicated that the proposed method can significantly improve the
quality of building footprint generation compared to CGANs,
the U-Net, and other networks. In addition, our method nearly
removes all hyperparameters tuning.

Index Terms— Building footprint, conditional generative adver-
sarial networks (CGANs), generative adversarial networks
(GANs), segmentation, Wasserstein GANs (WGANs).

I. INTRODUCTION

BUILDING footprint generation is of great importance to
urban planning and monitoring, land use analysis, and

disaster management. High-resolution satellite imagery, which
can provide more abundant detailed ground information, has
become a major data source for building footprint generation.
Due to the variety and complexity of buildings, building
footprint requires significant time and high costs to generate
manually (see Fig. 1). As a result, the automatic generation
of a building footprint not only minimizes the human role in
producing large-scale maps but also greatly reduces time and
costs.

Previous studies focusing on building footprint generation
can be categorized into four aspects: 1) edge-based; 2) region-
based; 3) index-based; and 4) classification-based methods.

Manuscript received June 23, 2018; revised September 14, 2018; accepted
October 22, 2018. Date of publication December 19, 2018; date of current
version March 25, 2019. This work was supported in part by the European
Research Council through the European Union’s Horizon 2020 Research
and Innovation Program under Grant ERC-2016-StG-714087, in part by
Helmholtz Association through the framework of the Young Investigators
Group—SiPEO under Grant VH-NG-1018, in part by Munich Aerospace
e.V. Fakultät für Luft- und Raumfahrt, and in part by the Bavaria California
Technology Center through the Large-Scale Problems in Earth Observation
Project. (Corresponding author: Xiao Xiang Zhu)

Y. Shi is with the Institute of Remote Sensing Technology, Technical
University of Munich, 80333 Munich, Germany (e-mail: yilei.shi@tum.de).

Q. Li is with the Signal Processing in Earth Observation, Technical
University of Munich, 80333 Munich, Germany (e-mail: qingyu.li@tum.de).

X. X. Zhu is with the Remote Sensing Technology Institute, Ger-
man Aerospace Center, 82234 Wessling, Germany, and also with the
Signal Processing in Earth Observation, Technical University of Munich,
80333 Munich, Germany (e-mail: xiaoxiang.zhu@dlr.de).

Color versions of one or more of the figures in this letter are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/LGRS.2018.2878486

Fig. 1. (a) Optical satellite imagery of PlanetScope. (b) Building footprint
from OSM.

In edge-based methods, regular shape and line segments
of buildings are used as the most distinguishable features
for recognition [1]. Region-based methods identify building
regions through image segmentation [2]. For index-based
methods, a number of building feature indices are used to
describe the characteristics of buildings, which indicate the
possible presence of buildings [3]. Classification-based meth-
ods, which combine spectral information with spatial features,
are among the most widely used approaches since they can
provide more stable and generalized results than the other three
methods.

Traditional classification-based methods consist of two
steps: feature extraction and classification. Among them,
the support vector machine (SVM) and random forest (RF)
are two popular classification approaches in the remote sens-
ing (RS) domain. However, an SVM will consume too many
resources when used for big data applications and large
area classification problems, and multiple features should be
engineered to feed the RF classifier for efficient use. Recent
advances in traditional classification methods, e.g., [4] and [5],
show promising results.

Over the past few years, the most popular and efficient
classification approach has been deep learning (DL) [6], which
has the computational capability for big data. DL methods
combine feature extraction and classification and are based on
the use of multiple processing layers to learn good feature
representation automatically from the input data. Therefore,
DL usually possesses better generalization capability, com-
pared to other classification-based methods. In terms of partic-
ular DL architectures, several impressive convolutional neural
network (CNN) structures, such as ResNet [7] and U-Net [8],
have already been widely explored for RS tasks. However,
since the goal of CNNs is to learn a parametric translation

1545-598X © 2018 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted,
but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
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function by using a data set of input-output examples, consid-
erable manual efforts are needed for designing effective losses
between predicted and ground truth pixels. To address this
problem, generative adversarial networks [9] were recently
proposed, which learn a mapping from input to output images
and tries to classify if the output image is real or fake.

In this regard, one of the motivations of this letter
was to explore the potential of generative adversarial net-
works (GANs) in building footprint generation by comparing
their performance with other CNN structures. However, GANs
also have their own limitations: 1) there is no control over
the modes of data being generated and 2) and the training
is delicate and unstable. Therefore, several studies have pro-
posed alternatives to traditional GANs, such as conditional
GANs (CGANs) [10] and Wasserstein GANs (WGANs) [11].
In order to direct the data generation process and improve
the stability of training, we propose combining a CGAN,
a WGAN, and a gradient penalty term for building footprint
generation, which are exploited for the first time in the remote
sensing community.

The proposed building footprint generation method is
described in Section II. In Section III, the details of the data
sets and the experimental results are presented and analyzed.
The final conclusions follow in Section IV.

II. METHODOLOGY

A. Review of GANs

GANs were first proposed in [9] and consist of two neural
networks: generator G takes noise variables as input to gener-
ate new data instances while discriminator D decides whether
each instance of data belongs to the actual training data set
or not. D and G play a two-player minimax game with the
objective function as

LGAN = E px [log D(x)] + E pz [log(1 − D(G(z)))] (1)

where E is the empirical estimation of the expected value
of the probability, x is the training data with the true data
distribution px , z represents the noise variable sampled from
distribution pz , and x̄ = G(z) represents the generated data
instances. G and D are trained simultaneously: for G to
minimize log(1 − D(G(z))) and for D to maximize log D(x).

To address the problem of no control over the modes of
data being generated in GANs, Mirza et al. [10] extended
GANs to a conditional model, where both the generator and
discriminator are conditioned on certain extra information y,
which could be any kind of auxiliary information, such as class
labels. The conditioning is performed by feeding y into both
the discriminator and generator as an additional input layer.
The objective function of CGANs is constructed as follows:

LCGAN = E px [log D(x |y)] + E pz [log(1 − D(G(z|y)))]. (2)

In order to improve the stability of learning of GANs
and remove problems such as mode collapse, WGANs were
proposed by Arjovsky et al. [11], which use an alternative cost
function that is derived from an approximation of the Wasser-
stein distance. They are more likely to provide gradients that
are useful for updating the generator than the original GANs.

B. Proposed Method

In this letter, we want to exploit the superiorities of both
CGANs and WGANs. Therefore, we propose conditional
Wasserstein generative adversarial networks (CWGANs),
which can impose a control on the modes of data being
generated and can also achieve more stable training as well.
The objective function of CWGANs is given by

LCWGAN = E px [D(x |y)] − E pz [D(G(z|y))] (3)

However, due to the use of weight clipping in WGANs,
CWGANs may still generate low-quality samples or fail to
converge in some settings. Therefore, we used an alternative to
clipping weights: the addition of a gradient penalty term [12]
with respect to its input, whose objective function can be
written as

LGP = λ1 E px,z [(||∇D(αx + (1 − α)G(z|y))||2 − 1)2] (4)

where λ1 is the gradient penalty coefficient, and α is a random
number with uniform distribution in [0, 1].

In order to let the generator to be located near the ground
truth output and to decrease blurring, a traditional loss L1
distance is mixed with the CWGAN objective

LL1 = λ2 E px,z [||x − G(z|y)||1] (5)

where λ2 is the coefficient for L1 regularization. Finally, our
objective function is the combination of CWGAN, gradient
penalty term, and L1 regularization

L = arg min
G

max
D

LCWGAN + LGP + LL1 . (6)

C. Network Architectures

The network architecture in this letter is shown in Fig. 2,
which is used to generate the building footprint from satellite
imagery.

We used the U-Net as the generator architecture. It is an
encoder–decoder network with skip connections to concatenate
all channels at layer i with those at layer n − i , where n is
the total number of layers. The Leaky rectified linear units
(ReLU) activation is used for the downsampling process, and
the ReLU activation is used for upsampling. The aim of the
encoder is to match the input and output into an embedded
space while the decoder constrains the mapping spaces to
allow a good reconstruction of the original input and output.
Since skip connection can concatenate different layers, the U-
Net can shuttle the low-level information (e.g., edges) directly
across the net from input to output.

As for the discriminator architecture, the PatchGAN pro-
posed in [13] is exploited to model a high-frequency structure.
This network tries to classify whether each patch in an image
is real or fake. With the discriminator running convolutionally
across the image, the ultimate output of D can be provided
by averaging all responses. The PatchGAN effectively models
the image as a Markov random field and can, therefore,
be understood as a form of texture.
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Fig. 2. Network architecture of the proposed method.

III. EXPERIMENTS

A. Description of Data sets
In this letter, we chose two study areas in Germany,

which were Munich and Berlin. We used PlanetScope satellite
imagery with three bands (R, G, and B) and a spatial resolution
of 3 m to test our proposed method. The corresponding build-
ing footprints were downloaded from OpenStreetMap (OSM).
We processed the imagery using a 256 × 256 sliding window
with a stride of 75 pixels to produce around 3000 sample
patches. The sample patches were divided into two parts,
where 70% were used to train the network and 30% were
used to validate the trained model.

B. Experimental Setup

The number of both generator and discriminator filters
in the first convolution layer was 64. The downsampling
factor is 2 in both the discriminator and the encoder of the
generator. In the decoder of the generator, deconvolutions
were performed with an upsampling factor of 2. All con-
volutions and deconvolutions had a kernel size of 4 × 4,
a stride equal to 2, and a padding size of 1. An Adam
solver with a learning rate of 0.0002 was adopted as an
optimizer for both networks. Furthermore, we use a batch
size of one for each network and trained at 200 epochs.
The clipping parameter in CWGAN was 0.01. For the con-
ditional Wasserstein generative adversarial network with gra-
dient penalty (CWGAN-GP), the gradient penalty coefficient
λ1 was set to 10 as recommended in [12]. Our networks
were implemented with a Pytorch framework and trained
on an NVIDIA TITAN X GPU with 12 GB of mem-
ory. Building footprint generation methods based on CGAN,
U-Net, and ResNet-DUC in [14] were taken as the algorithms
of comparison.

C. Results and Analysis

In this letter, we evaluated the inference performances using
metrics for a quantitative comparison: overall accuracy (OA),

Fig. 3. Comparison of results generated by U-Net structure with different
depths. (a) Depth (d = 5). (b) Depth (d = 8). (c) Ground truth.

F1 scores, and IoU scores. Specifically, the F1 and IoU metrics
are defined as follows:

F1 = 2 × precision × recall

precision + recall
(7)

IoU = TP

TP + FP + FN
(8)

where TP is the number of true positives, FP is the number
of false positives, and FN is the number of false negatives.
The impacts of hyperparameters have been investigated for our
proposed methods. First, the influence of different depths d of
the U-Net structure has been explored.

Fig. 3 shows the visual results of one patch with different
depths compared to the ground truth. As it can be seen
from Fig. 3, a large number of roofs are omitted by the
network with d = 8 but are identified by the depth d =
5. Similar phenomena have been reported in [15]. With the
network depth increasing, accuracy gets saturated and then
degrades rapidly, since adding more layers to a suitably deep
model leads to a higher training error. Note that the optimal
depth of the network should be comparable with the size
of useful features in the imagery in order to achieve high
accuracy.

Second, we have chosen different coefficients (λ2 = 1, 100)
of L1 loss with the CGAN and CWGAN-GP. The quantitative
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Fig. 4. Visualized comparison of different networks and coefficients λ2 of L1 loss. (a) CGAN (λ2 = 1). (b) CGAN (λ2 = 100). (c) ResNet-DUC. (d) U-Net.
(e) CWGAN (λ2 = 100). (f) CWGAN-GP (λ2 = 1). (g) CWGAN-GP (λ2 = 100). (h) Ground truth.

TABLE I

COMPARISON OF DIFFERENT NETWORKS ON THE TEST DATA SETS

results are listed in Table I, and the results of the sample for
visual comparison are shown in Fig. 4. The comparison of
training and inferencing time is shown in Fig. 5.

When the coefficient of L1 loss increased from 1 to 100,
the CGAN results dramatically improved for all evaluation
metrics. As one can see from Fig. 4(a) and (b), the building
area generated by the CGAN with λ2 = 100 is more correct
and complete than that with λ2 = 1. Such a result can be
potentially explained by the fact that the L1 loss term penalizes
the distance between ground truth outputs and synthesized
outputs, and the synthesized outputs from the L1 loss term
are better for the training of the discriminator. In contrast,
the result of CWGAN-GP with λ2 = 100 is slightly better
than with λ2 = 1, which indicates that our proposed method
is not sensitive to hyperparameters. Moreover, it should be
noted that the numerical results did not indicate a considerable

Fig. 5. Training and inferencing time of different methods. (a) Training time
(in seconds). (b) Inferencing time (in milliseconds).

difference when choosing different hyperparameter combina-
tions. This is due to the stability of our proposed methods,
which nearly removes all hyperparameters tuning and simply
uses the default setting.

Finally, we applied the selected coefficient of L1 loss and
depth (d = 5) in the generator to our proposed method
CWGAN-GP. From Table I, we can see that the proposed
method gives the best accuracy for all metrics. Compared to
a CGAN, CWGAN and CWGAN-GP indicate a dramatical
increase of segmentation performance. This is because even
when two distributions are located in lower dimensional man-
ifolds without overlaps, the Wasserstein distance can still pro-
vide a meaningful representation of the distance in-between.
Since the weights in the discriminator of the CWGAN clamped
to small values around zero, the parameters of the weights
can lie in a compact space, which leads a learning process
more stable than that of CGANs. However, a hyperparameter
(the size of the clipping window) in the CWGAN should still
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Fig. 6. Section of the entire Munich test area. Red: building footprint generated by the proposed method and overlays an optical image.

be tuned in order to avoid unstable training. If the clipping
window is too large, there will be slow convergence after
weight clipping. Moreover, if the clipping window is too small,
it will lead to vanishing gradients. Therefore, the proposed
CWGAN-GP, which add a gradient penalty term into the loss
of discriminator, will improve the stability of the training. The
proposed methods (CWGAN and CWGAN-GP) outperform
ResNet-DUC in both numerical results and visual analysis
because the skip connections in generator G combines both the
lower and higher layers to generate the final output, retaining
more details and better preserving the boundary of the building
area. Compared to the U-Net, the proposed methods achieve
higher OA, F1 score and IoU score, as the min-max game
between the generator and discriminator of the GAN motivates
both to improve their functionalities.

Fig. 6 presents a section of the entire Munich test area.
The red color indicates the building footprint generated by the
proposed method and overlays an optical image.

IV. CONCLUSION

GANs, which have recently been proposed, provide a way
to learn deep representations without extensively annotated
training data. This research aimed to explore the potential
of GANs in the performance of building footprint genera-
tion and improve its accuracy by modifying the objective
function. Specifically, we proposed two novel network archi-
tectures (CWGAN and CWGAN-GP) that integrate CGAN
and WGAN, as well as a gradient penalty term, which can
direct the data generation process and improve the stability of
training. The proposed method consists of two networks: 1) the
U-Net architecture in the generator and 2) the PatchGAN in
the discriminator. PlanetScope satellite imagery of Munich
and Berlin was investigated to evaluate the capability of the
proposed approaches. The experimental results confirm that
the proposed methods can significantly improve the quality
of building footprint generation compared to existing net-
works (e.g., CGAN, U-Net, and ResNet-DUC). In addition,
it should be noted that the stability of our proposed method
CWGAN-GP nearly removes all hyperparameters tuning.
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A B S T R A C T

The primary objective of the German TanDEM-X mission is the generation of a globally available, highly ac-
curate and detailed digital elevation model (DEM), with the final product having 12m posting, 2m relative and
10m absolute vertical accuracy. The first version of this global DEM has been finalized by the German Aerospace
Center (DLR), in September 2016. Our experience with the experimental application of non-local means filters to
TanDEM-X data suggests that TanDEM-X has the potential of producing DEMs of even higher resolution and
accuracy. The goal of this investigation is to explore the possibility of employing non-local InSAR filters to
achieve an effective resolution of 6m, with an equivalent posting, and a relative height error below 0.8m, i.e. an
increase of quality by a factor of 2× 2 in resolution and a factor of 2m/0.8 m=2.5 in height accuracy — all in
all one order of magnitude.

1. Introduction

The primary objective of the German TanDEM-X mission Krieger
et al. (2007) is the generation of a globally available, highly accurate
and detailed digital elevation model (DEM), with the final product
having 12m posting, 2 m relative and 10m absolute vertical accuracy
(Hoffmann et al., 2016). The first version of this global DEM has been
finalized by the authors' institution, the German Aerospace Center
(DLR), in September 2016. Due to sophisticated geometric calibration
this global DEM exceeds the required absolute accuracy by an order of
magnitude. Our first preliminary experiments with TanDEM-X data and
processing with the earliest non-local InSAR filter Deledalle et al.
(2011) suggest that TanDEM-X has the potential of producing DEMs of
much higher resolution and accuracy (see Table 1). The goal of this
investigation is to explore the possibility of achieving a resolution of
6m and a relative error of 0.8m, i.e. an increase of quality by a factor of
2× 2 in resolution and a factor of 2m/0.8m=2.5 in accuracy— all in
all one order of magnitude. The TanDEM-X mission scenario accounts
for such requirements by acquiring so-called HDEM data with larger
interferometric baselines for selected areas of the world. In this paper
we investigate non-local (NL) InSAR filters as an alternative approach
for increasing resolution while at the same time even better suppressing

phase noise, compared to the default Boxcar filter.
In the TanDEM-X production workflow we distinguish between

“Raw DEMs”, i.e. DEMs generated from every individual bistatic in-
terferometric TanDEM-X data pair, and the final DEM product for which
Raw DEMs are calibrated, mosaicked and fused. The requirements on
posting and accuracies of Table 1 refer to the final DEM. In this paper
we work on individual scenes, i.e. on the Raw DEM level. Hence, any
error assessment cannot directly refer to the requirements cited in
Table 1, but is always relative to the standard TanDEM-X Raw DEMs.

Raw DEMs have an extent of about 30 km×50 km. The whole
Earth landmass has been mapped at least twice so that about 470,000
interferometric scenes have been acquired adding up to more than three
petabytes of data. SAR and InSAR processing of all TanDEM-X data (i.e.
bistatic SAR focusing, interferogram generation, phase unwrapping and
geocoding) is performed by DLR's Integrated TanDEM-X Processor (ITP)
(Breit et al., 2010 Fritz et al., 2011 Lachaise et al., 2014). The large data
volume of TanDEM-X necessitates employing computationally tractable
processing algorithms in the ground segment. This way, the ITP is able
to process 1300 scenes or Raw DEMs per day when simple single-
baseline phase unwrapping is used or> 400 when the dual-baseline
phase unwrapping correction Lachaise et al. (2014) is applied. In par-
ticular, a conventional 5×5 or 7×5 (depending on range resolution)
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boxcar filter denoises the interferometric phase. Whereas such a filter
fulfills the TanDEM-X resolution and accuracy requirements (Table 1),
by its very nature it also degrades the effective resolution of the
stripmap acquisition from 3m to about 12m.

In this paper we investigate to which extent NL filters can improve
TanDEM-X DEM quality. The NL filtering principle, first introduced by
Buades et al. (2005b) has become the foundation for most state-of-the-
art denoising algorithms due its strong noise reduction and detail pre-
servation. We call the resulting Raw DEM a “Prime Raw DEM” in al-
lusion to its enhanced quality. An additional benefit of NL filters is the
large number of pixels they include in their estimate, leading to a less
biased and noisy coherence estimates (Touzi et al., 1999). A more

accurate coherence estimate can then possibly aid subsequent phase
unwrapping. The final TanDEM-X DEM mosaicked from several Raw
Prime DEMs will be referred to as “Prime DEM”. It should meet — or be
close to — the HDEM requirements of Table 1 and will be the focus of
another paper of the authors. This NL processing concept can also be
applied to the HDEM acquisitions to further improve those data. As a
last note, we found that NL filters to be computationally tractable even
for large area processing, which is of relevance given the large data
volume of the TanDEM-X mission.

In contrast to local neighborhood filters, NL filters use compara-
tively large areas for denoising a single pixel by a weighted average.
The weights themselves are a function of a similarity measure, which

Table 1
Resolution and accuracy requirements of the standard global TanDEM-X DEM and the HDEM Hoffmann et al. (2016).

Independent pixel spacing Absolute horizontal and vertical accuracies (90%) Relative vertical accuracy (90% linear point-to-point)

(global) TanDEM-X DEM 12m (0.4″ at equator) 10m 2m (slope≤ 20%) 4m (slope > 20%)
(local) TanDEM-X HDEM 6m (0.2″ at equator) 10m Goal: 0.8 m (90% random height error)

Fig. 1. Local vs. non-local concepts. Green: target pixel to be
estimated, yellow: pixels considered to be similar to the
target pixel. (a) rectangular window (local); (b) adaptive —
but still local — window; (c) non-local set of pixels. (For in-
terpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)

Fig. 2. NL-InSAR phase estimates after n=1, 2, 3, and 5 iterations for a jump in phase (left) and a nonlinear smooth transition (right). Parameters: γ=0.8, h=12,
T=6. With increasing iteration count transitions change from being oversmoothed to becoming more and more abrupt.

Fig. 3. Bias-variance trade-off after the first iteration of NL-InSAR without any prior knowledge. The expected value (left) is closer to the true phase for smaller,
whereas the standard deviation (right) increases.
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helps to avoid smoothing over edges or other features. These two
characteristics combined result in the aforementioned remarkable
performance.

We use two versions of the NL filter, denoted “NL-InSAR”, as de-
scribed in Deledalle et al. (2011), and “NL-SAR” Deledalle et al. (2015).
We show that NL-InSAR meets the requirements, but produces terrace-
like artifacts on sloped terrain. NL-SAR avoids these artifacts but will be
shown to be inferior to NL-InSAR in terms of resolution. We analyze
these nonlocal filters using simulations, akin to the experiments in
Deledalle et al. (2011), and by comparing the NL-filtered TanDEM-X
Prime RAW DEMs at 6m pixel spacing with the standard TanDEM-X
12m Raw DEM. As sampling the standard TanDEM-X 12m Raw DEM at
6m provides no additional information, due to the boxcar filter's
footprint, such a comparison is not included. The results suggest that
the improved Raw DEMs fulfill or are at least close to the HDEM spe-
cifications — aside from the terrace effect for which we suggest an
initial solution.

The remainder of the paper is organized as follows. In chapter II we
review the concept of NL InSAR filtering, taking NL-InSAR Deledalle
et al. (2011) as an example, and show some of the trade-offs NL filters
have to make between noise reduction and detail preservation. Chapter
III is devoted to the appeal of NL filters for DEM generation: the high
achievable effective number of looks and the less biased coherence
estimate. In chapter IV we showcase the difficulties that NL filters face
when processing areas with pronounced fringes. Chapter V analyzes
two existing NL filters in terms of bias and noise reduction for their
applicability to DEM generation on synthetic data. DEM examples from
single TanDEM-X interferograms are presented in chapter VI.

The assessment of the real resolution of InSAR DEMs is an intricate
topic. Due to the particular SAR imaging geometry there is no such
thing as a DEM point response function. Overlay leads to a super-
position of multiple scatterers and geocoding from the SAR coordinates
range and azimuth to a DEM's longitude and latitude mixes the response
of several pixels. Instead we use simulated step responses to assess the
resolution of the filtered phase functions.

2. Non-local InSAR filtering

2.1. The non-local filtering concept

The NL-means concept proposed in Buades et al. (2005b, 2010)
takes advantage of the inherent redundancy in natural images. In other
words, natural images often have repetitive features such as edges, lines
or points, which can jointly be used for denoising.

Fig. 1 contrasts the non-local filtering concept to convolutional (a)
and adaptive filters (b), which both use a connected neighborhood of
pixels for filtering. NL filters redefine this spatial neighborhood of a
target pixel t (green in Fig. 1) to a neighborhood in the patch space,
where search pixels s, whose surrounding patches are more similar to
the patch around t play a more significant role in the denoising process,
regardless of their actual spatial distance. Close pixels in this general-
ized patch-based neighborhood, which can have arbitrary spatial po-
sitions (c), are then used to estimate the value at t.

Given a noisy image v on a discrete grid S: v={vs| s∈ S}, the es-
timated value ̂vt,NL of a target pixel t is computed as a weighted average
of all the pixels in the image

̂ ∑=
∈

v w t s v( , ) ,
s

s
S

t,NL
(1)

where the weight w(t, s) depends on the distance in the patch space of
the pixels t and s and has to satisfy 0≤w(t, s)≤ 1 and ∑ =

∈
w t s( , ) 1

s S
. In

practice, due to computational constraints, the search for similar pixels
is limited to a sufficiently large search window. In this case the symbol
S in Eq. (1) denotes the search window instead of the whole image. The
distance in the patch space, i.e. the measure of patch similarity, is a
function of the imaging process's noise characteristics. For example, if
the underlying process is Gaussian and the weights are the normalized
inverses of the variances of the pixels, Eq. (1) is in fact the Maximum
Likelihood Estimate. The problem though is how to estimate these
weights. The original NL means algorithm Buades et al. (2005a) used
the Euclidean distance between patches, weighted by a Gaussian kernel,
to compute the similarity; this approach is not optimal for non-additive
or non-Gaussian noise, as is the case for InSAR data. In Deledalle et al.
(2011) introduced a method adapted to InSAR statistics, leading to the

Fig. 4. Phase standard deviation for a constant phase depending on h and dif-
ferent values of the coherence after the first iteration of NL-InSAR. For the
remainder of the paper we use h=12.

Fig.5. Phase standard deviation (a) and coherence estimates (b) as a function of coherence for different number of looks and the original NL-InSAR filter. NL-InSAR
with our parameter settings is comparable to a 17× 17 Boxcar filter.
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approach described in the following.
The algorithm is akin to an Expectation Maximization approach,

resulting in estimates of reflectivity, coherence and phase for each
pixel, which are iteratively refined. In the following we distinguish
between the amplitude of a pixel, i.e. the measured quantity including
speckle, and its reflectivity, i.e. its expectation value.

2.2. Non-local InSAR filtering (following Deledalle et al. (2011))

For determining a weight the two patches around the two concerned
pixels are checked for similarity. The patches corresponding to the
target pixel t and the search pixel s are denoted by OΔt

and OΔs
, re-

spectively. The purpose of the similarity check is to find the likelihood
that the examined patch and the target patch are both noisy versions of
the same noiseless patch, i.e. they are two realizations of the same
stochastic process.

Let Ot, k=(At, k,At, k
′,ϕt, k) and Os, k=(As, k,As, k

′,ϕs, k) be the ob-
servations of the kth pixel in OΔt

and OΔs
, respectively, where

• A is the amplitude of the first (master) image,

• A′ is the amplitude of the second (slave) image, and

• ϕ is the interferometric phase.

Θt, k=(Rt, k,βt, k,γt, k) denotes the set of true values (expectations)
of the three parameters at the kth pixel in the patch OΔt

surrounding
pixel t: the reflectivity Rt, k, the interferometric phase βt, k and the co-
herence γt, k. The expectations of the amplitudes of the master and the
slave images are assumed to be identical.

The similarity is expressed as the conditional likelihood of observing
Ot, k and Os, k given that the true parameters Θt, k and Θs, k of the target
and search pixel are identical. Assuming circular Gaussian scattering
this leads to Deledalle et al. (2011):

⎜ ⎟= = ⎛
⎝

+
−

− ⎞
⎠

p O O C
B

A B
A

B
A B

B
A

( , | Θ Θ ) arcsin ,t k s k t k s k, , , ,

3

(2)

where

Fig. 6. Coherence estimates for the test site St Lawrence: Optical image © Google (left), coherence estimate of a 5×5 boxcar filter (middle) and estimate by NL-
InSAR (right). The grayscale from black to white indicates a coherence value of 0 to 1.

Fig. 7. Mixed rural-agricultural test site: Optical image © Google (left), TanDEM-X raw DEM (middle) and improved non-local TanDEM-X raw DEM (right).
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Instead of just using the similarity likelihood, Deledalle et al. (2011)
followed a Bayesian approach and combined the similarity likelihood
with a prior term to compute the a posteriori probability that two pixels
are equal given a certain observation

= ∝ = × =p O p O O p(Θ Θ | ) ( , | Θ Θ ) (Θ Θ ),t k s k t k s k t k s k t k s k, , , , , , , , (4)

where the prior p(Θt, k=Θs, k) is iteratively estimated and is given by

 = = ⎡
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⎦

− −p
T

SD(Θ Θ ) exp 1
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with T being a smoothing parameter and  − −SD (Θ , Θ )KL t k
i

s k
i

,
1

,
1

being the
symmetrical Kullback-Leibler divergence, which depends on the esti-
mate  −Θi 1 of the previous iteration.

For two zero-mean complex circular Gaussian distributions it is
given by
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For the sake of brevity we omit the iteration index i for all quan-
tities.

The weight of the patch centered on t is then given by the product
over all pixel a posteriori probabilities, which for numerical stability
reasons can be written the sum over the logarithms

 ∑= ⎡
⎣

= − ⎤
⎦

− −w t s
h

p O O
T

SD( , ) exp log 1 ( , | Θ Θ ) 1
(Θ , Θ ) ,

k
s k t k t k s k KL t k

i
s k
i

, , , , ,
1

,
1

(8)

with h being a second smoothing parameter.
With every iteration the weights are refined by the Kullback-Leibler

divergence. Fig. 2 shows the phase estimate after n∈ {1,2,3,5} itera-
tions for a sudden phase jump and a nonlinear smooth phase transition,

Fig. 8. Zoom-in of a standard TanDEM-X Raw DEM and DEMs produced from NL-InSAR and NL-SAR filtered data. Note (i) the strong noise reduction, (ii) the higher
resolution (iii) the staircase effect of the NL-InSAR DEM and (iiii) an increase in noise for NL-SAR along edges between homogeneous areas.
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while the reflectivity is constant and the coherence γ was set to0.8. For
both scenarios the initial estimate is an oversmoothed version of the
original phase. With increasing iteration count the curvature of the
estimate increases due to the more discriminant weights. For a distinct

phase jump this is the desired result, whereas for the nonlinear smooth
case more iterations tend to over-amplify curvature (see zoom-in in
Fig. 2).

The filtering parameters h and t are crucial as they define the trade-

Fig. 9. Monte-Carlo simulations of NL-InSAR filter results of a nonlinear transition between a flat phase area (pixels 0 — 15) and a linear phase ramp. Search window
sizes are 11× 11 (left) and 31× 31 (right). The bottom row shows the weight maps for different pixels (pixel numbers 10 — 50 shown above weight maps), for
convenient display rescaled to the same size. Two effects can be observed: (i) In the flat phase area the weight maps are quite homogeneous leading to a high effective
number of looks L, while on the slope the weight map shrinks according to the phase gradient. (ii) For large search windows the weight maps become asymmetrically
skewed to the smaller gradient in the nonlinear transition zone (pixels 15 — 25). This leads to a tendency to weigh the flat (or low slope) areas higher and down
weigh the steeper areas. The effect is a kind of overshoot of the filtered phase — part of the reason for the staircase effect.

Fig. 10. Scenario with constant reflectivity and coherence. From left to right the results produced by a 5× 5 Boxcar filter, NL-SAR and NL-InSAR. The true values are
delineated by the solid lines, the areas in light blue show 95% percentile of the estimates. The improved noise reduction that non-local filters provide is evident.
However the result of NL-SAR shows unacceptable smoothing of the edge. (For interpretation of the references to colour in this figure legend, the reader is referred to
the web version of this article.)
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off between bias and variance. Fig. 3 illustrates for different values of h
the expected value of the phase estimate and its variance for a jump in
phase with constant reflectivity and coherence (γ=0.8) after the first
iteration of NL-InSAR. For small values of h the phase estimates follow
more closely the true phase. The price to pay is a weaker noise reduc-
tion, as shown by the standard deviation plot. Along the edge the noise
reduction is less effective since fewer similar patches are available.
Fig. 4 further shows the impact h has on the phase standard deviation,
which directly translates into height errors in the generated DEM. We
chose h=12 with a patch size of 7×7 for our implementation, as in
the original paper, and will show later that the resolution of this filter is
sufficient (after 5 — 6 iterations). The reasoning for selecting T is si-
milar and will therefore not be covered independently.

2.3. Equivalent number of looks of non-local InSAR filters

The equivalent number of looks achievable by a non-local InSAR
filter — like every weighted average — is bounded by

⎜ ⎟

≤

⎛
⎝

∑ ⎞
⎠

∑
<∈

∈

L t
w t s

w t s
S( )

( , )

( , )
,s

s

S

S

2

2

(9)

where ∣S∣ stands for the number of pixels in the search window. The
limit would only be reached, if all the search pixels were realizations of
the same process. The right hand side limit ∣S∣ cannot be achieved at all,

because it would require that all weights are identical 1/ ∣ S∣. Since the
weights are estimated from noisy data, they are noisy themselves and
never equal.

In this remainder of this section we analyze the noise reduction
power of the original NL-InSAR filter in terms of effective number of
looks and its impact on the coherence estimate. We fixed the patch size
to 7× 7, the search window to 21×21 pixels, set h=12 and T=6
and used five iterations.

As mentioned in the introduction, our goal is an improvement of
noise reduction by a factor of at least 2.5 compared to the standard
processing by a 5×5 boxcar filter (as mostly used in standard
TanDEM-X processing). Hence, our target is to achieve an effective
number of looks of L=5×5× (2.5)2≈ 156, approximately equiva-
lent to a boxcar filter of 13×13=169.

To gain an understanding of the level of improvement that can be
achieved by NL-InSAR, simulations with constant interferometric phase
but different coherence levels γ were conducted. This is the best case
scenario for non-local filters as they can take full advantage of their
large search windows and can serve as an upper bound on what level of
improvement can be achieved. Fig. 5(a) contrasts the noise standard
deviation (STD) of the NL-InSAR filter output as a function of coherence
γ to the results of boxcar filters of different sizes. The NL curve follows
approximately the one of a 17× 17 boxcar filter. The ratio of phase
STDs of a 5× 5 boxcar and the NL filter at different coherence levels is
constant and equals approximately 17/5=3.4, i.e. we exceed the re-
quirement of noise reduction of 2.5 as mentioned in the Introduction
chapter.

Fig. 11. Constant reflectivity but step in coherence. The change in coherence skews the phase transition towards the higher coherence areas for all filters, as these
pixels add up more coherently when averaging. For NL-InSAR the width of the transition is shortened compared to the scenario in Fig. 10, whereas it remains largely
the same for the other filter and only changes its position.
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Coherence estimates obtained with small windows suffer from an
inherent bias Touzi et al. (1999), which increases with decreasing co-
herence. Such biased coherence estimates pose a problem to the
Minimum Cost Flow phase unwrapping algorithm, as used in the ITP,
which relies on coherence-based weights for guiding the branch-cuts in
low coherence areas. Fig. 5(b) compares the coherence estimates of the
NL-InSAR filter with boxcar estimates and shows the advantage of using
a higher number of pixels in the estimate. The simulation confirms that
the NL-InSAR filter with the aforementioned parameter setting achieves
an effective number of looks of about 17×17=289.

Fig. 6 compares the coherence estimate of a 5× 5 boxcar filter to
NL-InSAR and serves as real world example for the reduced bias of NL-
InSAR in low coherent areas, such as water bodies and forested areas.

3. Shortcomings of the NL-InSAR filter when processing areas with
pronounced fringes

The high noise reduction capability of non-local InSAR filter derived
in the preceding chapter was also substantiated by our initial experi-
ments Zhu et al., 2014a, 2014b

The results of one of them are shown in Fig. 7, which shows shaded
reliefs of the TanDEM-X raw DEM (middle) and the improved NL
TanDEM-X raw DEM (right) for a rural-agricultural site near the city of
Jülich, Germany. The NL TanDEM-X DEM shows a significant higher
number of details and remarkably less noise as evidenced in the flat

areas.
This preliminary but promising result suggests that one might apply

such a filter straight away. However, with regard to global DEM gen-
eration, it is important that results of the same quality can be achieved
for all terrain types. Through extensive simulations and visual inspec-
tion of various test sites with different height profiles we have found
several shortcomings of the NL-InSAR filter for global DEM generation.
Fig. 8 shows as an example a zoom-in of three TanDEM-X Raw DEMs,
one produced from data filtered by the standard boxcar kernel and the
other two from the data filtered by two non-local InSAR filters.

The higher resolution and lower noise level of the latter are obvious.
Yet there are two effects of the NL-InSAR filter applied to interfero-
metric data pairs in the presence of pronounced fringes, a minor ob-
vious one and less intuitive, yet annoying, one. The obvious problem is
that in case of a phase ramp the similarity of patches drops quickly
when the search patch lies “above” or “below” the target patch on the
ramp. This is a consequence of the particular similarity measure which
renders two patches different if they have a mutual constant phase
offset, even if they are otherwise identical. The weight map narrows in
areas of high phase gradient (see Fig. 9, right, pixels 25 to 35) leading to
a reduced number of effective looks. Note, however, that convolutional
filters suffer from a similar effect; a phase ramp across a convolution
kernel reduces the accuracy of the estimate, following a sinc-function in
the case of a boxcar filter; in the extreme case, when a full 2πphase
cycle extends across the averaging window, the filter output is only

Fig. 12. Reflectivity, coherence, and phase (from top to bottom), all with a concurrent jump, filtered by boxcar (left), NL-SAR (middle) and NL-InSAR (right). The
change in reflectivity additionally refines the weight maps of the non-local filters along the edge, leading to sharper transitions. The boxcar filter shows no im-
provement, due to its indiscriminate selection of pixels, and its performance actually worsens compared to Fig. 11 as pixels with high coherence have also high
reflectivity further biasing the averaging in favor of pixels on the right side of the edge.
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noise.
A second unwanted effect is caused by the large search window of

NL filters compared to the kernels of traditional filters. Large windows
come with a larger propensity to bias the estimate. This is especially
evident for nonlinear changes of the phase (see Fig. 9 which compares
the results of two Monte-Carlo simulations for search window sizes of
11×11 and 31×31 and a nonlinearly changing phase).

From Fig. 9, right, it becomes obvious that the NL filter favors low
gradient phase functions, because the weight map gets asymmetrically
skewed towards the area of the lower gradient, exaggerating nonlinear
phase changes. Convolutional filters of a comparable spatial extent of
the kernel show a similar behavior, but in the NL-InSAR filter this effect
is amplified, as at every iteration the effect increases producing a sig-
nificantly biased final phase estimate. In the Raw DEM generated from
these NL filtered data this leads to terrace-like artifacts as seen in Fig. 8.
In image processing this artifact of iterative signal-dependent filters is
also known as “staircasing”, which is often employed to create cartoon-
like images from real photographs by repeatedly applying a bilateral
filter. NL-SAR is unaffected by these filtering artifacts but suffers from
an increased variance at the border between two different homo-
geneous areas as a result of its bias reduction step. As we will show in
later experiments it also tends to oversmooth the resulting phase and
can thus preserve less of the original resolution.

Since the terrace-effect only shows up in sloped terrain, a remedy
would be to first demodulate the interferogram by a low-pass version of
the phase. This low-pass phase can either be tapped off the filter after
the first iteration or could be estimated in a separate pre-processing

step. We will treat this problem in a follow-up paper. Here we focus on
noise reduction and resolution. The terrace-effect, though, is the reason
why we include the alternative NL-SAR filter from Deledalle et al.
(2015) in our investigation. This filter avoids the terrace-effect, but has
other disadvantages, as will be shown in the next chapter.

4. Analysis of non-local filters

We analyze two existing non-local filters, namely NL-InSAR
Deledalle et al. (2011) and NL-SAR Deledalle et al. (2015), for their
suitability to produce highly accurate DEMs and compare them with a
conventional 5×5 boxcar filter. As mentioned in the introduction we
use simulated phase step responses to assess the resolution of the filters.
Since a phase discontinuity often comes along with some image features
in reflectivity and coherence we simulated several scenarios to gauge
the influence of reflectivity and coherence changes on the phase esti-
mate. Note that in Figs. 10 to 14 the true values are delineated by solid
lines and the estimation error is indicated as shaded areas, representing
the 95%-quantile of the estimates.

4.1. Constant reflectivity and coherence (Fig. 10)

The boxcar filter shows the expected blur by the extent of its
averaging window. NL-InSAR gives a better resolution of about two
sample intervals. NL-SAR blurs the edge even more than the boxcar
filter. Also visible is the superior noise reduction capability of NL-InSAR
as well as its better coherence estimate.

Fig. 13. For a jump in reflectivity and coherence, but in opposite directions, their influences counterbalance leading to a sharp and symmetric transition for the non-
local filters. In detail the high reflectivity on one side of the edge negates the effect of the high coherence on the other side when computing the weighted means, so
that this scenario does not exhibit the skewed transition as in Fig. 12
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Fig. 14. Scenario which resembles a lay-over area with increased reflectivity and lower coherence. The phase is conveniently chosen to be a step function to
investigate resolution and distortion at edges.

Fig. 15. Synthetic terrain; top row: true phase and filtering results obtained by 5×5 Boxcar, NL-InSAR, and NL-SAR (from left to right); bottom row: noisy phase and
phase differences of the respective filters to the true phase.

X.X. Zhu et al. Remote Sensing of Environment 218 (2018) 148–161

157



4.2. Constant reflectivity, step in coherence (Fig. 11)

The change in coherence skews the phase transition towards the
higher coherence values for all filters, as these pixels add up more co-
herently when computing the weighted mean. For NL-InSAR the width
of the transition is shortened compared to the scenario in Fig. 10
whereas it remains largely the same for the other filter and only
changes its position.

4.3. Step in both reflectivity and coherence (Fig. 12)

A change in reflectivity additionally refines the weight maps of the
non-local filters along the edge, leading to sharper transitions. The
boxcar filter shows no improvement, due to its indiscriminate selection
of pixels, and its performance actually worsens compared to Fig. 11 as
pixels with high coherence have also high reflectivity further biasing
the averaging in favor of pixels on the right side of the edge.

Table 2
Test sites acquisition dates and locations.

Name Acquisition date Latitude and longitude

Salar de Uyuni 2011-11-03 −20.043, −67.65
Munich 2011-08-19 48.33, 11.64
Marseille 2012-05-07 43.24, 5.50
Hambach 2012-10-31 50.86, 6.36

Table 3
Phase standard deviation in degrees for a flat and homogeneous area of the salt
flat Salar de Uyuni. NL-InSAR provides roughly a factor of three compared to
the standard boxcar filter.

Unfiltered phase 5×5 Boxcar NL-InSAR NL-SAR

56.10 12.51 4.64 3.76

Fig. 16. Agricultural area with fields. Optical image © Google and DEMs with shading produced by a 5× 5 Boxcar filter, NL-InSAR and NL-SAR. Clearly visible is the
improved noise reduction of non-local filters, which makes it possible to discern fields of different height. From the resolution point of view the NL-InSAR filter is the
superior one.
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4.4. Step in reflectivity and coherence but in opposite direction (Fig. 13)

As both reflectivity and coherence have not only an influence on the
weight map, but also in the weighted means of non-local filters their
influence can counterbalance given appropriate profiles. If they change
in opposite ways as in Fig. 12 pixels on the left of the edge sum up more
coherently, biasing the average. This is offset by pixels on the right side
due to their larger reflectivity in the weighted means, leading to a sharp
and symmetric transition.

4.5. Reflectivity: rect-function, coherence: rect-function (Fig. 14)

Compared to the somewhat artificial examples in the previous fig-
ures, Fig. 14 shows a scenario that resembles more realistic reflectivity,
coherence and phase profiles. We assume that lay-over areas exhibit
higher reflectivity, due to multiple reflections, and lower coherence. To
investigate the resolution and distortion at edges the phase profile is

kept as a step function, even though in a real overlay scenario it de-
pends on the reflectivity of the various reflections. Evidently both the
boxcar filter and NL-SAR are incapable of retaining the resolution of the
phase profile, whereas NL-InSAR produces a highly accurate and un-
biased estimate.

From the previous simulations it seems as if NL-InSAR fulfilled all
the needs for generating a high resolution DEM. In particular, the filter
results of a phase step suggest that NL-InSAR maintains the inherent
resolution, i.e. the phase changes within one sample interval in most of
the simulation scenarios. Since the original TanDEM-X resolution is in
the order of 3m, the 6m resolution goal can be easily achieved. Yet
when applied to real data we observed terrace-like artifacts in the
generated DEM as in Fig. 8. To show that these are indeed filtering
artifacts and not features of the terrain we created a simple synthetic
terrain using the diamond-square algorithm. Reflectivity and coherence
(γ=0.8) were set to constant values for the whole image. Fig. 15 shows
the true and noisy phase, the estimates produced by the denoising

Fig. 17. Mountainous area. Optical mage © Google and DEMs with shading produced by a 5× 5 Boxcar filter, NL-InSAR and NL-SAR. Again the non-local filters
provide better noise reduction, yet NL-InSAR produces an estimate with distinct terraces.
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filters and the difference of their results to the true phase. Clearly
visible are artifacts for NL-InSAR along iso-height lines, which after
phase-unwrapping would manifest as terraces in the DEM.

5. 6m TanDEM-X DEMs

In addition to the previous synthetic experiments we showcase in
this section, that the aforementioned qualities and peculiarities of non-
local filters also show up for real data by a careful selection of test sites,
which Table 2 lists.

The phase noise reduction of all filters is analyzed by an inter-
ferogram of Salar de Uyuni, a salt flat in Bolivia, almost perfectly flat
and homogeneous. Table 3 shows the phase standard deviation in de-
grees for the unfiltered phase and the aforementioned filters for a se-
lected area of 4,000×4,000 pixels with no discernible elevation and
reflectivity change. Compared to the unfiltered phase the 5×5 Boxcar
filter reduces the phase standard deviation by a factor close to the
theoretical value of five. NL-InSAR and NL-SAR further improve on this
by a factor roughly equal to three and four, respectively, showing that
the targeted noise reduction by a factor of 2.5 is achievable.

To better grasp the improvements in DEM quality that NL-InSAR
and NL-SAR provide we used both filters to generate 6m Raw DEMs.
The 6m Raw DEM generation is identical to the standard raw DEM
generation and uses the aforementioned ITP of DLR Breit et al. (2010),
Fritz et al. (2011), where the filters under analysis replace the default

boxcar phase filter. In addition the DEM is geocoded to a finer 6m grid
to adhere to the HDEM specifications. For comparison we further pro-
vide the default 12m Raw DEM output of ITP which relies on a Boxcar
filter for phase denoising.

Fig. 16 shows an optical image of a rural, agricultural area in
Southern Germany and the respective DEMs produced by the filters,
which show the improved noise reduction and detail preservation of
non-local filters in comparison to the currently employed boxcar filter
in the ITP chain. Since different varieties of crops are grown in the area,
height changes are observable between the agricultural fields. As with
the simulations of Figs. 10 to 14 the estimate of NL-InSAR exhibits
much sharper edges than NL-SAR.

For demonstrating the terrace-effect of NL-InSAR we selected a
mountainous area near Marseille, France. Fig. 17 depicts an optical
image and the DEMs of the filters under analysis. Again the superior
noise reduction and detail preservation of both non-local filters is evi-
dent, by looking at the buildings in the upper half. For hilly terrain
though NL-InSAR produces a DEM with distinct terraces, which are
visible as gray-level fluctuations due to the applied shading.

One last example of the benefits of non-local filters over the Boxcar
filter is highlighted by Fig. 18, which shows DEMs of an open-pit mine
in Western Germany. Many more details, such as the conveyor belts in
the center, are visible in the DEMs generated by the non-local filters for
two reasons: They drastically reduce the noise floor revealing structures
that might have remained hidden otherwise and they don't smooth

Fig. 18. DEMs of an open-pit mine in western Germany produced by a 5× 5 Boxcar filter, NL-InSAR and NL-SAR. Again the non-local filters exhibit a greater number
of details and less noise, yet NL-SAR smoothes some details in comparison to NL-InSAR.
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small features and details as the Boxcar filter does.

6. Conclusion

We have shown that the quality of TanDEM-X Raw DEMs can be
improved by about a factor of ten by applying the NL-InSAR filter with
appropriately chosen parameters on the interferometric complex data.
The NL-InSAR filter also produces a significantly less biased coherence
estimates, which can ease the crucial and error-prone phase unwrap-
ping step. We have observed and explained an unwanted terrace-like
artifact produced by the original NL-InSAR filter. In a follow-up paper
we will investigate possibilities to avoid this effect, e.g. by a special
defringing pre-processing step. The effect of other filtering parameters,
namely the weighting kernel smoothing h and the number of iterations,
were also explained and shown in experiments, which are also gen-
eralizable to other non-local filers.
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Abstract

The automatic building extraction from optical imagery remains challenges due

to, for example, the complexity of building shapes. Semantic segmentation is an

efficient approach for this task. The latest development in deep convolutional

neural network (DCNN) has made accurate pixel-level classification tasks pos-

sible. One central issue remains, which is the precise delineation of boundaries.

Deep architectures generally fail to produce fine-grained segmentation with ac-

curate boundaries due to their progressive down-sampling. Hence, we introduce

a generic framework to overcome the issue, which integrates the graph convolu-

tional network (GCN) and deep structured feature embedding (DSFE) into an

end-to-end workflow. Furthermore, instead of using classic graph convolutional

neural network, we propose a gated graph convolutional network, which enables

the refinement of weak and coarse semantic predictions to generate sharp borders

and fine-grained pixel-level classification. Taking the semantic segmentation of

building footprints as a practical example, we compared different feature em-

bedding architectures and graph neural network. Our proposed framework with
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the new GCN architecture outperforms state-of-the-art approaches. Although

our main task in this work is building footprint extraction, the proposed method

can be generally applied to other binary or multi-label segmentation tasks.

Keywords: building extraction, semantic segmentation, graph model, gated

convoluational neural networks.

1. Introduction

Building footprint generation is an active topic in remote sensing field. Re-

cently, it received lots of consideration due to the huge potential in autonomous

driving, virtual reality, urban planning, environmental and demographic appli-

cations. Manual extraction of buildings from optical images is time consuming5

and difficult for large-scale practice. Semantic segmentation is comparatively

inexpensive and time saving for building footprint extraction. It aims to clas-

sify each pixel with a corresponding class. Number of various semi-automatic

and automatic methods [1] [2] [3] [4] have been developed to improve the seg-

mentation accuracy. Feature extraction and classification are two main steps10

in traditional semantic segmentation methods. The extraction of such hand-

crafted features usually require a strong domain-specific knowledge.

In recent years, a great success in semantic segmentation have been obtained

through the use of deep learning. In particular, the deep convolutional neural

networks (DCNNs) have shown promising results thanks to their high capacity15

for data learning. DCNNs [5] have brought about compelling advancement over

traditional semantic segmentation methods.

However, exploiting DCNN for semantic segmentation tasks still faces sig-

nificant challenges. The convolution layer of DCNN is a weights sharing archi-

tecture and it has shift invariant and spatial invariant characteristics. While for20

high-level vision tasks, the invariance is clearly desirable, it may hamper low-

level tasks such as pose estimation and semantic segmentation where precise

localization is required rather than abstraction of spatial details. For instance,

The coarse segmentation output such as non-sharp boundaries and blob-like
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shapes is caused by the convolution filters with large receptive fields and pool-25

ing layers in DCNN. Moreover, DCNN fails to fine local details without the

consideration about the interactions between pixels.

To overcome these issues, the probabilistic graph models, such as condi-

tional random field (CRF) [7] and Markov random field (MRF) [6], have been

introduced to connect with DCNNs at the final layer. The main concept to30

use CRF for semantic segmentation is to transform the problem of pixel-wise

classification into a problem of probabilistic inference, which assumes similar

pixels should have the same labels. This substantially improves the predictions

of the pixel-wise labels to generate precise borders and exhaustive segmenta-

tion. In [7], instead of using CRF as post-processing step, authors propose a35

end-to-end architecture, which combines the FCN with fully connected CRF.

However, these frameworks haven’t sufficiently extracted the features from the

images. Different level features have different properties for semantic segmenta-

tion. Since low-level characteristics have affluent spatial details but are destitute

of semantic information and high-level characteristics are conversely, they are40

complementary naturally. Another issue is that the information propagation

with CRF is not sufficient.

We propose a generic framework for semantic segmentation in this work,

which integrates the deep structured feature embedding and the graph convolu-

tional network. In order to extract more comprehensive and representative fea-45

tures, we exploit the deep structured feature embedding techniques to enhance

the feature fusion by incorporation of multi-level characteristics. Furthermore,

we propose a new graph convolutional network, i.e. the gated graph convolu-

tional network. GCN can aggregate the information from neighbor nodes (short

range), which allows the model to learn about local structures. Recurrent neu-50

ral network (RNN) with gated recurrent units (GRUs) have proven successful

to model the long term dependencies in sequential data. Hence, we adopt RNN

with GRUs for the long range information propagation. The proposed net-

work integrates the two architectures together, which take into account both

local and global contextual dependencies. It is useful for semantic segmentation55
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tasks. As a consequence, DSFE-GGCN is a trainable end-to-end framework.

We show that joint learning of deep structured feature embedding and GGCN

parameters results in big performance gains.

Contributions

The contributions of this work are summarized as the following:60

• A generic framework for semantic segmentation is proposed, which inte-

grates the deep structured feature embedding and the graph convolutional

neural network into an end-to-end workflow.

• We propose a novel network architecture, i.e. “gated graph convolutional

neural network”, which combines the RNN with GRUs for the long dis-65

tance information propagation and the GCN for the short distance infor-

mation propagation.

• An effective preprocessing approach which includes four steps, has been

proposed for data augmentation, especially for the medium-resolution

satellite imagery.70

• A systematic investigation has been carried out to analyze the performance

of different DCNNs and the proposed framework. Our framework with

GGCN surpasses the state-of-the-art approaches in the building footprint

extraction.

2. Related Work75

2.1. Semantic segmentation with DCNNs

Fully convolutional network (FCN) was first proposed in [8] for the semantic

segmentation task, in which convolutional layers take the place of fully connected

layers. It makes the training more efficient and the input size of inference arbi-

trary. In [9], SegNet was proposed, which used an alternative decoder variant.80

The stored indices of the max-pooling step in the downsampling path is used by

the decoder for the operation of upsampling. This makes SegNet more memory
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efficient than FCN. Another variant of the encoder-decoder architecture is U-

Net [10]. The long skip connections in the network enables the recovery of the

downsample-induced information lost in the encoder.85

One key issue for fully convolutional neural networks is the spatial resolution

is significantly downsampled, which is caused by the operations, such as strided

convolutional layers or pooling layers. In order to overcome the poor localiza-

tion property, [11] proposed another approach to improve the spatial resolution,

which used a probabilistic graph model CRF to achieve fine-grained boundaries.90

Instead of using CRF as a post-processing, DeepLab-CRF [7] introduces a fully

connected CRF layer, which leads to an end-to-end trainable network.

2.2. Graph model

A graph model is a probabilistic model, which encodes a distribution based

on a graph-based representation. The Markov random field (MRF) is one clas-95

sic graph model, which uses an undirected graph to describe the joint prob-

ability distribution of random variables. It has been applied for many tasks

of image processing, such as image co-registration, image segmentation, image

super-resolution and others. MRF takes into account the relationships of the

neighbours to infer the maximal possibility of the pixel’s label. The conditional100

random field (CRF) is an extension of MRF, which models the conditional

probability distribution instead of the joint probability distribution. CRF as

a discriminative model shows a better performance when the samples are lim-

ited. DCNNs with combination of the graph model CRF [11, 7] can produce

high-resolution prediction for better segmentation.105

Recent work [22] extended DCNNs to topologies that differ from the low-

dimensional grid structure. Due to significant computational drawbacks, it is

difficult for the practical use. Henaff et al.[23] and Defferrard et al.[24] further

improve GCN to overcome the issue and bring to a successful conclusion. The

grid-like data is able to be interpreted as a special type of graph data, where110

the node is on the grid and the number of neighbours is fixed. In this work,

we propose a gated graph convolutional network, which is a trainable inference
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systems based on GCN and RNN with GRUs.

2.3. Building footprint extraction

Building footprint generation is a hot topic and an active field of research115

in the fields of remote sensing, photogrammetry and computer vision. The

established building footprint maps are useful in many important applications

to analyze the process of urbanization, such as urban growth and sustainable

urban development.

In [17], authors propose a multi-stage ConvNet with an upsampling oper-120

ation of bilinear interpolation. The trained model achieves a superior perfor-

mance on very-high-resolution aerial imagery. Recently, a end-to-end trainable

active contour model (ACM) was developed for building instance extraction [18],

which learn ACM parameterizations using a DCNN. In [19], authors exploit the

improved conditional Wasserstein generative adversarial network to generate the125

building footprint automatically. Recent work [20] shows that most of the tasks,

such as building segmentation, building height estimation and building contour

extraction, are still difficult for modern convolutional networks. In this work,

we show a significant performance improvement of building footprint extraction

by using our proposed novel framework.130

3. Methodology

The details of DSFE-GGCN framework is introduced in this section. The

workflow of the proposed method is shown in Fig. 1. An image can be gen-

eralized as a graph, whose nodes are on the two-dimensional grid. Each pixel

represents a node. The embedding vectors can be computed initially from node135

inputs, e.g. node type embeddings, and then propagated on the graph to ag-

gregate information from the local neighborhood.

3.1. Deep structured feature embedding

Deep embedding methods typically map images into an embedding space,

where their distances preserve the relative similarity. In general, the represen-140
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Figure 1: An illustration of the proposed DSFE-GGCN framework. The initial hidden rep-

resentation of the corresponding node is taken from the feature vectors of DSFE step. For

a certain time step t, the messages from the neighbourhoods of the node are aggregated by

using GCN. After that, the hidden state of next time step t+ 1 is updated by gated recurrent

units, which use the hidden state ht
i and the message at+1

i at time step t as input. After final

timestep t+n, a negative log-likelihood loss function is computed and the whole DSFE-GGCN

model is updated using back-propagation.

tations of the data can be learned by graph embedding techniques [21], which

take into account the relationships of the data. In addition, data from different

sources, such as images, point clouds, social media data, can be transform into

feature space, which can be further used for segmentation or other tasks. In

this study, the data source is only imagery. Hence, we exploit more efficient145

approach for feature embedding, which use DCNNs as feature extractor.

However, the resolution of the later layers in the neural network is extremely

downsampled, which is caused by strided convolution, max-polling or other op-

erations. Several methods have been introduced to decipher precise information

from the downsampled feature maps. One common way is to utilize interpolation150

techniques [9], which is a computational cheap and memory-saving approach.

An alternative way is deconvolution. The recorded indices of the polling opera-

tion is used to retrieve the information of the feature maps [15]. Recently, long

skip connections between the contracting and expanding paths was introduced

to retrieve detailed spatial information from the high-level feature layers [10].155

In combination with DenseNet block [13], FC-DenseNets was proposed in [12],
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where the upsampling path composed of deconvolution, unpooling and long skip

connections. Consequently, all the feature maps from deconvolution, unpooling,

or skip-connections are exploited for the computation in the upsampling path

of the dense blocks. Moreover, recent work shows that multiple DCNN features160

extracted from different networks can be complementary, which could be fused

to improve the segmentation accuracy. However, how to fuse multiple features

is still an open problem, which needs systematic investigation.

As mentioned above, the low-level features have better representation of lo-

calization and the high-level features can give more comprehensive semantics.165

Therefore, in this work, we concatenate different level features progressively in

order to propagate the information of localization, semantics and other proper-

ties through the graph convolutional neural networks.

3.2. Gated graph convolutional neural network

A undirected and connected graphs G = (V, E) consists of a set of nodes V
and edges E . The unnormalized graph Laplacian matrix L is defined as:

L = D−A (1)

where A is the adjacency matrix representing the topology of G and D is the

degree matrix, which is calculated by Dii =
∑

j Aij . The properties of the graph

Laplacian L are symmetric, positive and semi-defined, therefore the eigenvalue

decomposition can be expressed as:

L = ΦΛΦT (2)

where Φ = (φ1, φ2, ..., φn) are the orthonormal eigenvectors, known as the graph

Fourier modes and Λ = diag (λ1, λ2, ..., λn) is the eigenvalues of L, which is a

non-negative diagonal matrix. Assuming a signal f on the graph nodes V, its

graph Fourier transform can be formulated as f̂ = ΦT f . If g is a filter, the

convolution of f and g is written as

g ∗ f = Φ
((

ΦTg
)
◦
(
ΦT f

))
= ΦĝΦT f (3)
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where ĝ is the spectral representation of the filter. Rather than computing the170

Fourier transform ĝ, the filter coefficients can be parameterized as ĝ =
r∑

k=0

αkβk

in [23]. With the polynomial parametrization of the filter, the spectral filter is

exactly localized in space. Moreover, the learning complexity is O(r), the filter

support size, and the same complexity as classical DCNNs.

In order to avoid explicit multiplication in the spectral domain, alternatively,

the spectral representation ĝ of the filter g can be approximated by a Chebyshev

polynomial expansion g(Λ), which is formulated as:

g(Λ) =

r∑

k=0

αkTk(Λ̃) (4)

where Tk(Λ̃) is the Chebyshev polynomials. The graph convolution can be

defined as:

g ∗ f =
r∑

k=0

αkTk(L̃)f (5)

where L̃ = 2/λmax · L − I and λmax is the maximal eigenvector. In [25], the

authors further simplify the Chebyshev framework, setting r = 1 and assuming

λmax ≈ 2, allowing them to redefine a single convolutional layer as simply:

Hr
i = σr

(
D̃−1/2ÃD̃−1/2WHr−1

i

)
(6)

where H is the hidden layer. By taking into account the self-connections, the175

original adjacency matrix of the graph G is transformed to Ã = A+I, where I is

the identity matrix. W is the trainable weight matrix and the new degree matrix

D̃ can be calculated by D̃ii =
∑

j Ãij . σr(·) denotes a nonlinear activation

function. This simplified form improves computational performance on larger

graphs and predictive performance on small training sets.180

Propagation model

The propagation process can be formulated as:

at
i =M

(
ht−1
j |j ∈ Vi

)
(7)

ht
i = F

(
ht−1
i ,at

i

)
(8)

9



where at
i is the message layer at time step t, which represents the messages

propagate from its neighbours Vi to the node i. The message layer at
i at time

step t serves as input to update the hidden layer with function F . Our proposed185

method is to use GCN as the message function, which is easy for the propagation

model to learn to propagate the node embeddings for node i to all nodes reach-

able from i. We adopt gating techniques to surpass GCN performance, because

its own memory can be kept and the valuable information from neighbours can

be gathered with its aid.190

The unrolled propagation model at timestep t can be written as:

at
i = σr

(
D̃−1/2ÃD̃−1/2Wht−1

i

)
(9)

rti = σs
(
Wrh

t−1
i + Ura

t
i

)
(10)

zti = σs
(
Wzh

t−1
i + Uza

t
i

)
(11)

h̃t
i = tanh

(
W
(
rti ◦ ht−1

i

)
+ Uat

i

)
(12)

ht
i = (1− zti) ◦ ht−1

i + zti ◦ h̃t
i (13)

where r and z are the reset and update gates. And Wr,Wz,Ur,Uz are learn-

able weights for different gates. σs is the ReLU function, σs is the logistic

sigmoid function, and ◦ is interior product. The initial hidden representation

of the corresponding node is taken from the feature vectors of DSFE step. For195

a certain time step t, the messages from the neighbourhoods of the node are

aggregated by using GCN. After that, the hidden state of next time step t+ 1

is updated by gated recurrent units, which use the hidden state ht
i and the

message at+1
i at time step t as input.

Prediction model200

The node classification is defined as:

p = softmax
(
ht
i

)
(14)

Since we have transferred the binary semantic segmentation problem to multi-

label pixel labeling task, a softmax with negative log-likelihood loss function is

used to predict the probability of each node.
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4. Experiments

4.1. Datasets205

In this work, we use Planetscope satellite imagery [28] with three channels

(R, G, B) at a 3 m spatial resolution. The imagery is acquired by Doves,

which can provide a whole coverage of Earth once a day. The study sites

cover four cities: (1) Munich, Germany; (2) Rome, Italy; (3) Paris, France; (4)

Zurich, Switzerland. The corresponding building footprint layer downloaded210

from OpenStreetMap (OSM) [29]. The images are cropped with a patch size of

64 × 64. The overlap of each patch has 19 pixels in one direction. At the end,

48,000 sample patches are generated. The training data has 80% patches and

the testing data has 20% patches. The training and testing data is spatially

separated.215

4.2. Preprocessing

The datasets utilized in this work consist of Planetscope satellite imagery and

OSM building footprint as ground truth. However, since data sources of OSM

are different from satellite imagery, there are likely inconsistencies between OSM

building footprint and satellite imagery. Therefore, we need to carry out the220

preprocessing steps to limit the inconsistencies before the experiments, which

include band normalization, coregistration, refinement and truncated signed

distance map (TSDM) (see Fig. 2).

In the next section, we will mainly focus on coregistration and TSDM steps.

4.2.1. Coregistration225

One inconsistency is misalignments between OSM building footprints and

satellite imagery, which is caused by different projections and accuracy levels

from data sources. Fig. 3 (a) shows an example of OSM building footprint

overlaid with the corresponding satellite imagery. There are noticeable mis-

alignments between building footprint and the satellite imagery. These mis-230

alignments lead to inaccurate training samples, which need to be corrected.
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Figure 2: Illustration of preprocessing step

(a) (b)

Figure 3: (a) Before coregistration (b) After coregistration

The coregistration process includes several steps: (1) The satellite imagery

are transformed from RGB to gray scale; (2) The Gaussian gradient of grayscale

imagery are calculated; (3) The cross correlation between gradient magnitude

of grayscale image and building footprint are computed; (4) The pixel with the235

maximum cross correlation are found and the offset in both row and column

direction can be derived. Fig. 3 (b) shows the result after coregistration.
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4.2.2. Truncated signed distance map

In order to incorporate both semantic information about class labels and

geometric properties in the training of the network, the distance of pixels to240

boundaries of buildings are extracted as output representations. In our experi-

ment, the value of signed-distance function (SDF) is determined by the distance

between the pixel and its nearest point on the boundary. Positive values imply

that the pixels are within the buildings and negative indicate outside of the

buildings.245

Then we truncate the distance at a given threshold to only incorporate the

nearest pixels to the border. In this case, the problem in our research is a multi-

label segmentation task, which enhances the result of prediction by the detailed

signed distance map. The truncated signed distance function can be expressed

as:

D(x) = δd ·min

(
min
x∈X

(d(x)), Td

)
(15)

where min
x∈X

(d(x)) denotes the euclidean distance d(x) between the pixel and its

nearest point on the boundary of the building. δd is a sign function with the

implication of inside or outside of objects. Td is the truncated threshold.

4.3. Experimental Setup

We use 11 classes for the truncated signed distance map, which is in [0, 10]250

and the truncated threshold is set to 5. For all networks, a stochastic gradient

descent (SGD) is used and the learning rate is set to 10−4. The negative log

likelihood loss (NLLLoss) is adopted as loss function. The proposed framework

is implemented using Pytorch. Experiments run on a NVIDIA Tesla P100 16

GB GPU. Semantic segmentation methods, which include FCN-32s, SegNet,255

FCN-16s, U-Net, FCN-8s, ResNet-DUC, CWGAN-GP, FC-DenseNet, GCN,

GraphSAGE, GGNN are chosen as the algorithms of comparison.

4.4. Numerical Results

The selected three metrics in the following experiments to evaluate the re-

sults are: overall accuracy (OA), F1 scores, and the Intersection over Union260
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(IoU) scores. The experiments were carried out in following way. First, we assess

capability of different deep convolutinal neural networks for building footprint

extraction as baseline. Then, we choose different DCNNs for deep structured

feature embedding and combine it with GCN [25] to decide which DCNN is the

best feature extractor for our proposed framework. At the end, we use the best265

feature extractor for DSFE and compare the proposed framework with different

graph models.

4.4.1. Baseline with different DCNNs

In this section, the performance of the state-of-the-art DCNNs for building

footprint generation are firstly investigated, which indicates the capability of270

each DCNN for feature extraction and precise localization.

Methods OA F1 IoU

FCN-32s 0.7318 0.2697 0.1559

FCN-16s 0.7698 0.3993 0.2494

ResNet-DUC 0.7945 0.4542 0.2930

E-Net 0.8243 0.5427 0.3724

SegNet 0.8261 0.5558 0.3848

U-Net 0.8412 0.6043 0.4329

FCN-8s 0.8472 0.6222 0.4513

CWGAN-GP 0.8483 0.6268 0.4562

FC-DenseNet 0.8551 0.6328 0.4628

Table 1: Comparison of different deep convolutional neural networks on the test datasets

FCN-32s and FCN-16s exhibit poor performance, since the feature map of

later layer have only high-level semantics with poor localization. ResNet-DUC

can achieve better result than previous two because of hybrid dilated convolu-

tion and dense upsampling convolution. It is limited due to the lack of skip275

connections. Max-pooling indices are reused in SegNet during the decoding
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j)

Figure 4: Visualized comparison of the predicted results using different DCNNs. The predicted

label is red, which overlay on the optical image. (a) FCN-32s (b) FCN-16s (c) ResNet-DUC

(d) E-Net (e) SegNet (f) U-Net (g) FCN-8s (h) CWGAN-GP (i) FC-DenseNet (j) Ground

truth
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process, which can reduce the parameter number of network leading to efficient

training. However, as it only use indices of max-pooling to decoder, some local

details can not be recovered, e.g. small buildings will be neglected. FCN-8s

and U-Net outperform previous networks due to the concatenation of low-level280

features. Compared to other CNN models, cwGAN-gp shows promising results

for building footprint generation. The enhancement of the performance is moti-

vated by the min-max competition between the discriminator and the generator

of the GAN.

FC-DenseNet outperforms all other semantic segmentation neural networks285

in the numerical accuracy and visual results. On one hand, DenseNet block

concatenates different features learned by convolution layers, which can boost

the input diversity of subsequent layers and promote better efficiency of the

training. On the other hand, the detailed spatial information can be propa-

gated by shortcut connections between the convolution and the deconvolution290

paths, which enhances the recovery of fine-grained segmentation from the de-

convolution path.

4.4.2. Proposed framework with different DSFE

In order to choose the best feature extractor for our task, three represen-

tative DCNNs have been adopted in the proposed framework with the graph295

convolutional network. The statistical result is shown in Table 2.

Methods OA F1 IoU

DSFE(U-Net)-GCN 0.8396 0.6258 0.4544

DSFE(FCN-8s)-GCN 0.8594 0.6320 0.4611

DSFE(FC-DenseNet)-GCN 0.8640 0.6677 0.5012

Table 2: Quantitative comparison of different deep neural networks on the Planet’s datasets

From Table 2 we can see that different DCNNs exhibit different capability

for feature embedding. It is clear that FC-DenseNet as feature extractor in
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DSFE with GCN can produce the best result. This is due to superiority of FC-

DenseNet, which extends the DenseNet architecture to a U-Net like network300

for semantic segmentation. In the DenseNet block, through feature reuse, there

are shorter connections between layers close to the input and those close to the

output, which enforce the intermediate layers to learn discriminative features.

Moreover, DenseNet combines features by iteratively concatenating them, which

contributes to the improved the information and gradients propagation in the305

networks.

(a) (b)

(c) (d)

Figure 5: Visualized comparison of the predicted results using different DCNNs in DSFE with

GCN. (a) DSFE (U-Net)-GCN (b) DSFE (FCN-8s)-GCN (c) DSFE (FC-DenseNet)-GCN (d)

Ground truth
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As one can see in Fig. 5, DSFE (FC-DenseNet)-GCN gives the best result,

which implies the FC-DenseNet is powerful to extract different level features.

4.4.3. Proposed framework with different graph models

In this section, we choose FC-DenseNet as feature extractor in DSFE with310

different graph models. The results are summarized in Table 3.

Methods OA F1 IoU

FC-DenseNet [12] 0.8551 0.6328 0.4628

DSFE-CRF [7] 0.8592 0.6415 0.4757

DSFE-GCN [25] 0.8640 0.6677 0.5012

DSFE-GraphSAGE [26] 0.8719 0.6726 0.5067

DSFE-GGNN [27] 0.8787 0.6778 0.5123

DSFE-GGCN 0.8881 0.6899 0.5251

Table 3: Comparison of different networks on the test datasets

The results show that DSFE-GGCN has the best performance for our task.

The IoU increases 6.2% compared to the best result of DCNN. Fig. 6 shows a

visual comparison of all the networks used in section 4.

5. Conclusion315

In this work, we develop a novel framework for semantic segmentation, which

combines the deep structured feature embedding and the graph convolutional

network. Specifically, we propose a gated graph convolutional network to im-

prove the information propagation by using RNN with GCN. Our proposed

framework outperforms the state-of-the-art methods for building footprint ex-320

traction. Although we have taken building footprint extraction as the practical

application, the proposed method can be generally applied to other binary or

multi-label segmentation tasks, such as road extraction, settlement layer extrac-

tion or in general semantic segmentation of very high resolution data etc. In
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(m) (n) (o)

Figure 6: Visualized comparison of the predicted results using different networks. (a) FCN-32

(b) FCN-16s (c) ResNet-DUC (d) E-Net (e) SegNet (f) U-Net (g) FCN-8s (h) CWGAN-GP

(i) FC-DenseNet (j) DSFE-CRF (k) DSFE-GCN (l) DSFE-GraphSAGE (m) DSFE-GGNN

(n) DSFE-GGCN (o) Ground truth.
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addition, the proposed GCN network can directly work with unstructured data,325

such as point clouds, social media text messages.
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Abstract—Multi-baseline interferometric synthetic aperture
radar (InSAR) techniques are effective approaches for retrieving
the 3-D information of urban areas. In order to obtain a
plausible reconstruction, it is necessary to use more than twenty
interferograms. Hence, these methods are commonly appropriate
for large-scale 3-D urban mapping using TanDEM-X data where
only a few acquisitions are available in average for each city. This
work proposes a new SAR tomographic processing framework
to work with those extremely small stacks, which integrates
the non-local filtering into SAR tomography inversion. The
applicability of the algorithm is demonstrated using a TanDEM-
X multi-baseline stack with 5 bistatic interferograms over the
whole city of Munich, Germany. Systematic comparison of our
result with TanDEM-X raw digital elevation models (DEM) and
airborne LiDAR data shows that the relative height accuracy
of two third buildings is within two meters, which outperforms
the TanDEM-X raw DEM. The promising performance of the
proposed algorithm paved the first step towards high quality
large-scale 3-D urban mapping.

Index Terms—SAR interferometric (InSAR), SAR tomography
(TomoSAR), TanDEM-X, digital elevation models (DEM), 3-D
urban mapping

I. INTRODUCTION

A. The TanDEM-X Mission

TANDEM-X satellite is a German civil and commercial
high-resolution synthetic aperture radar (SAR) satel-

lite which has almost identical configuration as its ’sister’
TerraSAR-X satellite. Together with TerraSAR-X, they are
aiming to provide a global high-resolution digital elevation
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model (DEM) [1]. Both satellites use a spiral orbit constel-
lation to fly in tight formation in order to acquire the image
pair simultaneously, which significantly reduces the temporal
decorrelation error and the atmospheric interference. Since its
launch in 2010, TanDEM-X has been continuously providing
high quality bistatic interferograms that are nearly free from
deformation, atmosphere and temporal decorrelation.

B. Multi-baseline InSAR Techniques

Tomographic synthetic aperture radar (TomoSAR) is a
cutting-edge SAR interferemetric technique that is capable of
reconstructing the 3-D information of scatterers and retrieving
the elevation profile. Among the many multi-baseline InSAR
techniques, TomoSAR is the only one that strictly reconstructs
the full reflectivity along the third dimension elevation. SAR
tomography and its differential form (D-TomoSAR) have been
extensively developed in last two decades [2] [3] [4] [5] [6]
[7] [8] [9]. They are excellent approaches for reconstructing
the urban area and monitoring the deformation, especially
when using high resolution data like TerraSAR-X [10] [11] or
COSMO-Skymed [12]. Compare to the classic multi-baseline
InSAR algorithms, compressive sensing (CS) based methods
[13] [14] can obtain extraordinary accuracy for TomoSAR
reconstruction and show the super-resolution (SR) power,
which is very important for urban areas, since layover is
dominant.

Although TanDEM-X bistatic data has many advantages,
there is only a limited number of acquisitions available for
most areas. For a reliable reconstruction, SAR tomography
usually requires fairly large interferometric stacks (> 20 im-
ages), because the variance of the estimates is asymptotically
related to the product of SNR and the number of acquisitions.
Therefore, it is not appropriate for the micro-stacks, which
have limited number of interferograms [15].

C. The proposed framework

As mentioned above, the accuracy of 3-D reconstruction
replies on the product of SNR and the number of measure-
ments N . Since the motivation of our work is the large-scale
urban mapping, the data we adopted is TanDEM-X stripmap
co-registered single look slant range complex (CoSSC), whose
resolution is about 3 m in azimuth direction and 1.2 m in range
direction. The typical number of available interferograms
for most areas is 3 to 5. In [16], the pixels with similar
height are grouped for the joint sparsity estimation, which
leads to an accurate inversion of TomoSAR using only six
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interferograms. Although the unprecedented result is obtained,
the accurate geometric information is usually not available for
most areas. Therefore, the feasible way to keep the required
precision of the estimates is to increase the SNR. Recent works
[17] [18] [19] show that SNR can be dramatically increased
by using non-local filters into the TomoSAR processing for
different sensors, such as airborne E-SAR, Cosmo-Skymed
and TerraSAR-X. In [17], different non-local filters have been
adopted to improve the estimation of the covariance matrix for
distributed scatterers, which leads to a better height estimation
for simulated data and airborne SAR data. Ferraioli et al.
[18] introduced the non-local filter and the total variation
regularizer to improve the multi-baseline phase unwrapping
process. In [19], it is shown that we can achieve a reasonable
reconstruction using only seven images and better super-
resolution properties when the number of interferograms is
relative low.

In this work, we extend the concept of non-local compres-
sive sensing TomoSAR in [19] and propose a new framework
of spaceborne multi-baseline SAR tomography with TanDEM-
X bistatic micro-stacks, i.e. 3 to 5 interferograms. The frame-
work includes non-local filtering, spectral estimation, model
selection and robust height estimation. Since the different
spectral estimators have different estimation accuracy and
computational cost, we compared the estimation accuracy of
different estimators with micro-stacks.

The demonstration of different TomoSAR inversion meth-
ods for a large-scale area has been shown in [20] [21].
Only a few works on the validation of single buildings were
reported [10] [22] [8]. Therefore, the validation of the specified
quality of the TomoSAR result at a larger scale, would be of
considerable interests for the scientific and commercial users.
We choose Munich city as a test site because of a high quality
LiDAR reference available to us, and we propose a complete
workflow to compare the TomoSAR point cloud generated
by the proposed framework, TanDEM-X DEM product, and
LiDAR data.

D. Contribution of this work

The major contributions of this work are summarized as
follows;

• A novel framework to use TanDEM-X bistatic micro-
stacks (3-5 interferograms) for large-scale 3-D urban
mapping.

• The performance of the proposed SAR tomographic
approach has been systematically evaluated using both
simulated and real data. The results demonstrate the
potential of high quality large-scale 3-D urban mapping.

• Operational-level processing for a large-scale problem
has been carried out, which is demonstrated by an ac-
curate 3-D point cloud reconstruction over the city of
Munich. A systematic assessment of individual building
structures and on the large-scale area has been performed.

The paper is organized as follows: In section II, the non-
local TomoSAR framework is introduced; In section III, the
estimation accuracy of TomoSAR with small stacks has been
systematically studied; The experiments using real data, is

presented in section IV; In section V, the quantitative validation
is carried out; Finally, conclusions are given in section V.

II. NON-LOCAL TOMOSAR

In this section, we introduce the non-local TomoSAR frame-
work. It consists of several steps: (1) non-local filtering; (2)
spectral estimation; (3) model selection; (4) robust height
estimation. Fig. 1 illustrates the flowchart of the non-local
TomoSAR framework.

A. The multi-master TomoSAR imaging model

For a fixed azimuth-range position, γ(s) represents the
reflectivity profile along elevation s. The measurement gn in
the nth SAR image is then a sample of Γ(k) – the Fourier
transform of γ(s), where the elevation wavenumber k is a
scaled version of the sensors position bn projected on the
cross-range-azimuth axis b||s :

gn = Γ(kn) =

∫
γ(s) exp(−jkns)ds (1)

with
kn = −4πbn

λr
(2)

Note that bn are no baselines, but the positions of the sensor
w.r.t. some origin. In case of monostatic multi-temporal data
stacks, a single master g0 is chosen with b0 = 0 and
interferograms to all other acquisitions are formed : gng∗0 . Only
in this case the bn are identical to baselines.

Here we are dealing with stacks of bistatic acquisitions, i.e.
with the multi-master case. From each of these acquisitions
we get a master gn,m = Γ(kn) taken at bmaster = bn and a
slave gn,s = Γ(kn + ∆kn) image taken at bslave = bn + ∆bn,
where ∆bn is the bistatic baseline (which takes the effective
positions of the transmit-receive phase center into account).
The consequence is, that we we cannot simply throw this data
stack into a standard, i.e. single-master, TomoSAR inversion
algorithm and thus confuse ∆bn and bn. If there were only
a single scatterer in γ(s), this misinterpretation would do
no harm, because the Fourier transform of a single point
has a constant magnitude and a linear phase. In order to
determine the slope of the phase ramp we can take any two
samples and divide their phase difference bay the difference
in wavenumbers (= baseline). This is no longer true for two or
more scatterers. The example of two symmetric and equally
strong scatterers makes this clear:

γ(s) = δ(s+ s0) + δ(s− s0)

l (3)

Γ(k) = 2 cos(s0k) = 2 cos(2π
2s0
λr

b)

Hence, interferograms with the same baseline ∆b are dif-
ferent depending on where the two sensors were located along
b. If by chance one of the sensors was at a zero of Γ(k), e.g.
at b = λr/8s0, the interferogram would be zero. Obviously,
every bistatic acquisition provides three pieces of information:
the two magnitudes |Γ(kn)| and |Γ(kn + ∆kn)| as well as
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Fig. 1. Workflow of non-local TomoSAR framework.

the phase difference ∠Γ(kn + ∆kn)Γ∗(kn) which have to be
accounted for by the inversion algorithm.

This is true for pixel-wise tomographic inversion or for
point scatterers. The situation becomes different, though, once
we talk about averages of pixels, i.e. estimates of expectation
values. Let us assume Gaussian distributed scattering with a
backscatter coefficient along elevation of

σ0 = E
{
|γ(s)|2

}
(4)

Assuming further that γ(s) is white, its power spectral
density is stationary is the autocorrelation function of Γ(k),
i.e. the Fourier transform of σ0(s) as a function of the baseline
wavenumber ∆k :

E {Γ(kn + ∆kn)Γ∗(k)} =

∫
σ0(s) exp(−j∆kns)ds (5)

Instead of sampling the Fourier spectrum we sample its
autocorrelation function by the bistatic data stack. Since this
relationship is independent of k ∝ b because of stationarity,
it makes no difference, where the two acquisitions have been
taken, only their baseline ∆bn counts. In other words we can
use standard TomoSAR inversion algorithms in this case.

In this paper we use nonlocal filtering to improve SNR for
micro-stacks. These filters perform ensemble averages with
number of looks in the order of tens to hundreds. Hence,
we tend to the assumption that we work with reasonably
good estimates of E {Γ(kn + ∆kn)Γ∗(k)} and use the bistatic
interferograms for TomoSAR reconstruction.

By introducing a noise ε, the matrix notation of TomoSAR
model can be formulated as:

g = RX + ε (6)

where g is vector notation of the complex-valued measurement
with dimension N×1, and X ∼ σ0 is the expectation value of

reflectivity profile along elevation uniformly sampled at sl(l =
1, 2, ..., L). R is a sensing matrix with the dimension N ×L.

B. Non-Local Procedure

Since we have only limited number of acquisitions for
large-scale area, the SNR need to be dramatically increased
in order to obtain the required accuracy. As shown in [19],
non-local procedure is efficient way to increase the SNR of
interferograms without notable resolution distortion. The idea
of patch-wise non-local means considers all the pixels s in
the search window, when the patch with the central pixel s
is similar to the patch with central pixel c, the value of s
is selected for calculating the value of pixel c. The value of
pixel c is estimated by using a weighted maximum likelihood
estimator (WMLE).

Θ̂c = argmax
∑

s

w(is, js) log p(gs|Θ) (7)

where weights w(is, js) can be calculated by using patch-
wise similarity mesurement [19]. N (.) denotes the non-local
estimator, where N (g) = f(Θ̂). Θ̂ = (ψ̂, µ̂, σ̂2) represents
the parameters being estimated, where ψ̂ is the estimated
interferometric phase, µ̂ stands for the coherence magnitude,
and σ̂2 stands for the variance.

C. Spectral Estimation

After the non-local procedure, spectral estimation is applied.
The most relevant spectral estimation algorithms, including
singular value decomposition (SVD), compressive sensing
(CS) are introduced in the following.

• SVD:

X̂ =
(
RHC−1

εε R + C−1
XX

)−1
RHC−1

εε N (g) (8)
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Fig. 2. Monte Carlo simulations of single scatterer with SNR in [0 30] (dB). X-axis presents N · SNR in dB. Y-axis is the normalized CRLB σs/ρs. (a)
Comparison of CRLB with different spectral estimators with five acquisitions. SVD (red solid line), CS (blue solid line), CLRB (black dash-dotted line) (b)
Comparison of CRLB using SVD with three to five acquisitions. N = 3 (red solid line), N = 4 (blue solid line), N = 5 (green solid line), CLRB (black
dash-dotted line). The vertical black dash-dotted line indicates the estimation accuracy for N · SNR = 11 dB. The red, blue and green markers represent
N = 3, 4, 5, respectively.

• CS:

X̂ = arg min
X
{‖RX−N (g)‖22 + λ‖X‖1} (9)

The choice of different combinations of spectral estimators
depends on the required accuracy, the computational time and
others. We follow the procedure proposed in [20]. It consists
of three parts: (1) an efficient low-order spectral estimation;
(2) the discrimination of the number of scatterers; (3) an
accurate high-order spectral estimation. The elevation profile
is first estimated by an efficient low-order spectral estimator in
order to discriminate the number of scatterers in one resolution
cell. Then, CS-based approach is adopted for the pixel which
has multiple scatterers. This method decreases the amount of
pixels that need the L1 minimization, which leads to reduce
the computational cost. Furthermore, the rest of pixels can be
efficiently solved by randomized blockwise proximal gradient
method [21].

D. Model Selection

The abovementioned spectral estimators retrieve a nonpara-
metric reflectivity profile. Since our data is in urban area,
we assume only a few dominant scatterers exist along the
reflectivity profile. Therefore, the number of scatterers K̂ is
estimated by a model order selection algortihm as well as their
elevation in one azimuth-range pixel [7]. The estimator can be
expressed as follows.

K̂ = arg min
K
{−2 ln p (g|θ) + 2C(K)} (10)

where C(k) is a model complexity penalty term which avoids
more complicated model overfitting the observed data. The
classical penalized likelihood criteria are the Bayesian in-
formation criterion (BIC), the Akaike information criterion
(AIC), and the minimum description length (MDL) principle.

As mentioned in [7], the criteria of model order selection
has to be chosen according to the experiments for the particular
situation, because it is difficult to remove the bias of the
selection.

III. ESTIMATION ACCURACY OF TOMOSAR WITH SMALL
STACKS

This section will discuss the theoretical 3-D reconstruc-
tion accuracy of a micro-stack with 3-5 interferograms. The
estimation accuracy of TomoSAR has been systematically
investigated. It is exhaustively shown in [15] that the elevation
estimation accuracy and SR power depend asymptotically on
the multiplication N · SNR. In this section, we investigate the
estimation accuracy of TomoSAR with the extremely small
number of interferograms, which is 3 to 5.

A. The Lower Bound for Micro-stacks

In the case of pixel-wise TomoSAR inversion, i.e. without
spatial averaging, each of our N bistatic pairs contain three
pieces of information, as mentioned before. If we want to
reconstruct elevation profiles containing M discrete scatterers
we need to infer 3M parameters, i.e. elevation, magnitude and
phase for each scatterer. Hence an absolute lower bound of the
micro-stack size is N ≥M .

Distributed scatterers, on the other hand, are character-
ized by only two parameters each: elevation and backscatter
coefficient. Likewise each interferogram provides only two
parameters, magnitude and phase (difference). Since our goal
is 3-D reconstruction based on bistatic data, we disregard
motion-induced phase here. Hence, also in this case the
absolute lower limit is N ≥M . This limit is only a necessary
condition, however not sufficient from the robustness point of
view, because of ambiguities in the inversion cost functions.



Y. SHI et al.: SAR TOMOGRAPHY AT THE LIMIT-USING MICRO-STACKS ONLY 3-5 TANDEM-X BISTATIC INTERFEROGRAMS 5

0 0.5 1 1.5

-0.4

0

0.4

0.8

1.2

1.6

Facade 

Ground 

 Truth  CRLB 

(a)
0 0.5 1 1.5

-0.4

0

0.4

0.8

1.2

1.6

(b)
0 0.5 1 1.5

-0.4

0

0.4

0.8

1.2

1.6

(c)

Fig. 3. Monte Carlo simulations of double scatterer with different normalized distances: κ ∈ [0.1, 1.5]. X-axis represents normalized true distance κ of
simulated facade and ground. Y-axis is normalized estimated distance κ̂ of simulated facade and ground. The blue dot marker denotes the estimated location
of facade and the error bar indicates the standard deviation of the estimates, whereas the red dot marker represents the estimated location of ground. The
green dot suggests that detection rate of double scatterers is below 5% and denotes the estimated result of single scatterer. (a) Illustration (b) SVD (c) CS.

For 3-D urban mapping the single and double scattering
cases are the dominant ones. We investigate the cases N =
3− 5 in this paper, because these are close to the mentioned
limits and are relevant for TanDEM-X.

B. CRLB
It is demonstrated in [7] that the Cramer-Rao lower bound

(CRLB) of the elevation estimates for single scatterer can be
expressed as:

σs =
λr

4π · σb ·
√

2 · SNR ·N
(11)

where σb is the standard deviation of the baseline distribution.
N is the number of interferograms, and SNR is the signal-to-
noise ratio.

For the double scatterers’ case, the CRLB can be written
as:

σsq = c0 · σsq,0 (12)

where σsq,0 represents the CRLB on the elevation estimation
of the qth scatterer without the interference with the others. c0
is the correction factor of the interference for the scatterers,
which are closely located [15]. It is nearly free from N and
SNR, which can be written as:

c0 = max

{√
40κ−2(1− κ/3)

9− 6(3− 2κ) cos(2∆ϕ) + (3− 2κ)2
, 1

}

(13)
where ∆ϕ is the phase difference of the two scatterers. κ is the
normalized distance between two scatterers (defined in next
section). Since ∆ϕ is a random variable, the approximated
formulation of c0 can be calculated by integrating the variances
over ∆ϕ.

c0 = max
{

2.57(κ−1.5 − 0.11)2 + 0.62, 1
}

(14)

C. Simulations

In this section, we compare different spectral estimators
using simulated data. Two cases were carried out. The first
case considers only a single scatterer in the interest of explor-
ing the effect of N and SNR on the estimation accuracy for
micro-stacks and the performance of different estimators. The
second case considers double scatterers to investigate the es-
timation accuracy and the super-resolution power for different
estimators. The inherent (Rayleigh) elevation resolution ρs is
inversely proportional to the maximal elevation aperture ∆b
[15].

ρs =
λr

2∆b
(15)

The normalized distance is defined as

κ =
s

ρs
(16)

For the first test case, only one scatterer is placed at s = 0,
and the SNR is in the range between 0 and 30 dB. For
each N · SNR value, 100 different baseline distributions were
generated. We carried out a Monte Carlo simulation for each
baseline distribution with 10,000 realizations. Afterwards, the
CRLB was evaluated by averaging the value of 100 different
baselines. Fig. 2 (a) shows a performance comparison between
SVD, and CS on simulated data with five acquisitions for a
single scatterer. X-axis presents N · SNR in dB. Y-axis is the
normalized CRLB σs/ρs. As one can see, both approaches
have similar estimation accuracy. They are asymptotically
towards the CRLB and collapse it when N · SNR is large.
More interestingly is when N · SNR is fixed, leaving N as a
variable. Fig. 2 (b) presents the estimation accuracy of SVD
with N = 3, 4, 5. It shows that the accuracy when N = 3 is
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(a)

(b)

Fig. 4. Visual comparison of NL-TomoSAR point clouds and TanDEM-X DEM over Munich, Germany. The voilet bounding box indicates the region of
interest (ROI) over the area of European bureau of patent and the white bounding box indicates the ROI near Munich central station. (a) Point Clouds generated
by NL-TomoSAR with five interferograms. (b) TanDEM-X DEM.
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the smallest. This indicates that SNR carries more weight than
N on the estimation accuracy when N is very small.

With the 3-D reconstruction accuracy of single scatterer
clearly analyzed, we switch to the double scatterers case. In
the simulation, the elevation of one scatterer is fixed at 0. the
normalized elevation of the other scatterer is increased from
0.1 to 1.5, in order to mimic the layover of a ground layer and
a facade layer. The number of acquisitions is set to N = 3−5,
same as the first simulation.

The Monte Carlo simulation result is shown in Fig. 3. The
x-axis represents the true normalized elevation distance κ of
the simulated facade and ground layers. Y-axis is the estimated
normalized elevation distance κ̂ of the simulated facade and
ground layers. The two solid lines in the Fig. 3 (a) (b) (c)
represent the true position of the building facade and the
ground, respectively. The dashed lines imply the true position
plus and minus the CRLB. The blue bar and dot imply the
standard deviation and the mean of the estimated elevation of
the facade scatterers, whereas the red ones represent those of
the ground scatterers. The green dot indicates that the detection
rate of double scatterers is below 5% and denotes the estimated
result of the single scatterer. Fig. 3 (b) (c) show the estimated
results by SVD and CS, respectively.

As one can see in Fig. 3 (b) (c), the result of SVD has larger
bias and slightly bigger standard deviation than CS. Note that,
comparing to SVD, CS can give the better result, not only the
accuracy of the estimation but also the super-resolution power.
As one can see that the SVD has scarcely no super-resolution
power, which can only distinguish double scatterers tile one
Rayleigh resolution ρs. In contrast, CS can achieve tile 0.6 ρs.

IV. PRACTICAL DEMONSTRATION

A. Data Description

We make use of a stack of five co-registered TanDEM-X
bistatic interferograms to evaluate the proposed algorithm. The
dataset is over Munich, Germany, whose slant range resolution
is 1.2 m and the azimuth resolution is 3.3 m. The images were
acquired from July 2016 to April 2017. The most pertinent
parameters of a TanDEM-X bistatic stripe map acquisition of
Munich are listed in Table I.

TABLE I
PARAMETERS OF TANDEM-X STRIPE MAP ACQUISITION OF MUNICH

Name Symbol Value

Distance from the scene center r 698 km

Wavelength λ 3.1 cm

Incidence angle at scene center θ 50.4◦

Maximal elevation aperture ∆b 187.18 m

Number of interferograms N 5

B. Visual Comparison with TanDEM-X raw DEM

In this work, the TanDEM-X raw DEM is adopted for
visual comparison with TomoSAR point clouds of the test

area, which is formed by two TanDEM-X bistatic acquisitions
using the Integrated TanDEM-X Processor (ITP).

(a) (b)

Fig. 5. Visual comparison of NL-TomoSAR point clouds and TanDEM-X
DEM, close-up 3-D view over the area of European bureau of patent. (a)
TomoSAR point clouds. (b) TanDEM-X DEM.

(a)

(b)

Fig. 6. Visual comparison of NL-TomoSAR point clouds and TanDEM-
X DEM, close-up 3-D view over the area of Munich central station. (a)
TomoSAR point clouds. (b) TanDEM-X DEM.

A top view of the reconstructed point cloud of TomoSAR is
shown in Fig. 4 (a). The black regions in the figure is where the
pixels are not coherent. The corresponding area of TanDEM-
X raw DEM is presented in Fig. 4 (b) as a comparison. It
is clear that the result of TomoSAR point cloud preserves
more detailed building structures. The road layer is also better
represented in the TomoSAR result as well. In Fig. 4 (b),
the flat ground surface are well reconstructed. But when it
comes to complex or high-rise buildings, their accuracy is
compromised. For instance, the building of European bureau
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 7. Optical images of nine test sites for quantitative comparison of NL-TomoSAR point clouds and TanDEM-X DEM. (a) Munich central station. (b)
European bureau of patent. (c) Technical University of Munich. (d) Railway signal light stand. (e) Train repair garage. (f) Residential building between two
bridges. (g) Munich University of Applied Sciences. (h) Residential building near Lowenbrau beer company. (i) Karstadt (shopping mall).

of the patent in the bottom right (red color) along the Isar
river. A close view to this building can be seen in Fig. 5. Due
to the complex building structure, as well as the multilooking
processing, the TanDEM-X raw DEM merges several buildings
together and exhibits lower accuracy on the height of the
buildings.

As another example, Fig. 6 shows the visual comparison
over the area around Munich central station. It is clear that
NL-TomoSAR result can show more detailed structures, such
as the bridge, the central station, and roads.

V. QUANTITATIVE VALIDATION

In this section, we have quantitatively compared the To-
moSAR point clouds with TanDEM-X raw DEM, as well as a
much more precise LiDAR reference. The LiDAR dataset of
Munich is provided by Bavarian State Office for Survey and
Geoinformation with ten centimeter accuracy [23].

Since the TomoSAR point cloud is with respect to a refer-
ence point that was chosen during the TomoSAR processing,
its location is not with respect to a geo-coordinate system. We
coregistrated the point cloud of TomoSAR with the DEM and
the LiDAR point cloud. In addition, in order to compare point
clouds with DEM, we rasterize the two point clouds. These
preparing steps are briefly explained in this section.

A. Geocoding

Since the result of TomoSAR inversion is a 3-D point cloud
in the range-azimuth coordinate, the first step is to transform
the result to Universal Transverse Mercator (UTM) coordinate
with the Range-Doppler approach [24].

B. Coregistration of different point clouds

Consequently, when the TomoSAR point cloud is trans-
formed to a UTM coordinate, its position may differ from
the ground truth since the height of the reference point is
unknown. Hence, the alignment of different point clouds is
necessary. The most popular 3-D point cloud registration
algorithm is iterative closest points (ICP) approach.

The performacne of ICP depends on the initial alignment.
Hence, a coarse alignment is adopted before applying ICP,
which includes three steps: (1) the edge image is extracted
by an edge detector, such as Sobel algorithm [25]; (2) the
horizontal coregistration of two edge images is using cross-
correlation of two edge images; (3) the vertical coregistration
is using cross-correlation of the two height histograms. After
the coarse alignment, ICP can be applied for the fine alignment
[26].
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TABLE II
STATISTICS OF QUANTITATIVE COMPARISON OF NINE TEST STRUCTURES. T (TOMOSAR), L (LIDAR), D (DEM).

Structures Sources Top Bottom Height Absolute Height Difference
Min Max Std Mean Min Max Std Mean

Structure 1
T -3.76 2.59 1.22 -0.75 -19.30 -12.87 1.15 -15.26 14.51 0.69
L - - - 539.01 - - - 525.19 13.82 -
D 583.19 597.58 2.32 587.91 566.16 570.15 2.01 568.06 19.84 6.02

Structure 2
T 20.39 22.62 0.56 21.39 -27.85 -22.62 1.18 -25.30 46.70 0.75
L - - - 559.09 - - - 513.14 45.95 -
D 598.57 642.43 8.35 624.99 556.61 583.46 4.45 574.83 50.16 4.21

Structure 3
T 13.84 17.04 0.97 15.32 -25.52 -21.56 1.09 -23.67 38.49 0.90
L - - - 552.97 - - - 515.38 37.59 -
D 594.31 599.13 2.12 596.15 562.03 569.28 1.60 565.18 30.97 6.62

Structure 4
T -4.61 -1.90 0.74 -2.91 -13.84 -10.35 0.83 -12.05 9.14 0.67
L - - - 535.04 - - - 526.57 8.47 -
D 582.41 584.94 0.84 584.06 572.76 574.96 0.48 573.42 10.64 2.17

Structure 5
T -3.95 -0.96 0.63 -2.44 -15.94 -13.67 0.54 -14.61 12.17 0.96
L - - - 535.62 - - - 524.41 11.21 -
D 583.26 587.26 0.96 584.77 572.71 578.98 1.22 575.58 9.19 2.02

Structure 6
T 10.42 13.47 0.49 12.11 -16.05 -14.31 0.82 -15.61 27.72 0.67
L - - - 551.73 - - - 523.34 28.39 -
D 587.23 594.29 2.12 589.76 567.22 570.82 1.32 569.36 20.4 7.99

Structure 7
T 2.71 6.65 0.87 4.99 -27.57 -21.32 1.41 -24.25 29.24 0.60
L - - - 548.01 - - - 519.37 28.64 -
D 574.71 597.30 5.21 588.27 563.98 571.78 2.26 568.09 20.18 8.46

Structure 8
T 0.06 6.42 1.34 4.06 -20.96 -20.27 0.18 -20.69 24.75 0.94
L - - - 542.96 - - - 517.27 25.69 -
D 584.73 598.09 3.36 590.40 566.26 574.70 2.62 570.12 20.28 5.41

Structure 9
T -7.53 -6.73 0.16 -7.41 -23.13 -22.57 0.29 -22.85 15.44 0.89
L - - - 530.39 - - - 515.84 14.55 -
D 580.67 581.22 0.11 580.97 567.14 573.42 1.56 569.3 11.67 2.88

C. Object-based raster data generation

The direct comparison of TomoSAR and LiDAR points is
not feasible, as the central position of two corresponding points
(one TomoSAR and one LiDAR point) and the footprint of the
points are differing. Consequently, for comparing both data, an
object-based raster need to be generated by using geographic
information system GIS data.

D. Robust Height Estimation

To tackle the possible remaining outliers in the height
estimates, the final height will be fused from the result of
multiple neighbouring pixels as a post-processing. But instead
of simple averaging, the height will be adjusted robustly using
an M-estimator. Instead of minimizing the sum of squared
residuals in averaging, M-estimator minimizes the sum of a
customized function ρ (�) of the residuals:

s̃ = arg min
s

∑

i

ρ (ŝi − s), (17)

where ŝi is the elevation estimates of the ith neighbouring
pixel. It is shown that the close-formed solution of Eq. (17) is
simply a weighted averaging of the heights of the neighbouring
pixels [27]. The weighting function can be expressed as
follows, if the derivative of ρ (x) exists.

w (x) =
−∂ρ (x)

x∂x
(18)

The robust estimated height can be written as follows:

h̃ =

∑
i

w(xi) · ĥ
∑
i

w(xi)
(19)

where ĥ = ŝ · sin θ, and θ is incident angle. The choice of the
weighting function depends on the distribution of the heights.
Without prior knowledge of the distribution, promising ro-
bust weighting functions are Tukey’s biweight or t-distributed
weighting [27].

E. Comparison of individual structure

In order to evaluate the estimation accuracy, nine test sites
with high average SNR have been chosen for individual
quantitative comparison. Fig. 7 shows the optical images of
nine test sites for quantitative comparison of NL-TomoSAR
point clouds and TanDEM-X DEM. They are (1) Munich
central station, (2) European bureau of patent, (3) Technical
University of Munich, (4) A railway signal light stand near
Hirschgarten, (5) A train repair garage near Hirschgarten, (6)
A residential building between two bridges (Hackerbrücke
and Donnersbergebrücke), (7) Munich University of Applied
Sciences, (8) A residential building near Lowenbrau beer
company and (9) Karstadt (shopping mall). The summary of
the results is shown in Tab. II.
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From Tab. II we can see that the height differences between
TomoSAR result and LiDAR data are within one meter and
the height differences between TanDEM-X DEM product and
LiDAR data vary from 2.5 m to 8.5 m. Similar performance
is shown in standard deviation, for NL-TomoSAR is up to 1.4
m and for TanDEM-X DEM is up to 8.4 m.

F. Average accuracy

In order to have an assessment of the overall accuracy in
a city scale, we compared all the 36,499 buildings in the
area with the LiDAR point cloud. 38.7% buildings are within
1 m accuracy. 62.8% are within 2 m accuracy. A detailed
distribution of accuracy is listed in Tab. III. However, the
two datasets (TanDEM-X CoSSC and LiDAR) were acquired
at different time. It is almost certain that changes happened
during the period. Therefore, in order to obtain a more realistic
assessment, we truncated the distribution of height difference
at ±15 m. The truncated histogram can be seen in Fig. 8.
34,054 buildings remains after the truncation. Their overall
standard deviation is 1.96 m.

TABLE III
STATISTICS OF QUANTITATIVE COMPARISON OF THE WHOLE CITY

Percentage of buildings Estimation accuracy

38.7% within 1 m
62.8% within 2 m
93.3% within 15 m
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Fig. 8. Histogram of height differences of structures in the whole Munich
area.

VI. CONCLUSION

A new SAR tomographic inversion framework tailored for
very limited number of measurements is proposed in this
paper. A systematic investigation of the estimation accuracy of
TomoSAR with a micro-stacks is carried out using simulated
data. Our experiments show that SVD and CS-based methods
have almost identical performance on the estimation of single

scatterer and the SNR plays a more important role than N for
the estimation accuracy, when N is small. For the estimation
of double scatterers, CS-based approach outperforms the other
spectral estimators. Experiments using TanDEM-X bistatic
data shows the relative height accuracy of 2 m can be achieved
in large scale. Thus it demonstrates the proposed framework
being a promising solution for high quality large-scale 3-D
urban mapping.
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