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Abstract

Building height retrieval from synthetic aperture radar (SAR) imagery is of great importance for urban
applications, yet highly challenging due to the complexity of SAR data. This paper addresses the issue of
building height retrieval in large-scale urban areas from a single TerraSAR-X spotlight or stripmap image.
Based on the radar viewing geometry, we propose that this problem be formulated as a bounding box
regression problem and therefore allows for integrating height data from multiple data sources in generating
ground truth on a larger scale. We introduce building footprints from geographic information system (GIS)
data as complementary information and propose a bounding box regression network that exploits the location
relationship between a building’s footprint and its bounding box, enabling fast computation. The method is
validated on four urban data sets using TerraSAR-X images in both high-resolution spotlight and stripmap
modes. Experimental results show that the proposed network can reduce the computation cost significantly
while keeping the height accuracy of individual buildings compared to a Faster R-CNN based method.
Moreover, we investigate the impact of inaccurate GIS data on our proposed network, and this study shows
that the bounding box regression network is robust against positioning errors in GIS data. The proposed
method has great potential to be applied to regional or even global scales. Our code will be made publicly
available at github.com/ya0-sun/bbox-SAR-building.

Keywords: Building height; Bounding box regression; Deep convolutional neural network (CNN);
Geographic information system (GIS); Large-scale urban areas; Synthetic aperture radar (SAR)

1. Introduction

Three-dimensional (3-D) building models are widely used in public and commercial sectors for envi-
ronmental researches and location-based services. For the past three decades, 3-D building reconstruction
has been a hot topic in remote sensing [I]; however, there is limited information on the third dimension,
i.e., building height, on a regional or global scale. Studies on building height retrieval primarily employ
high-resolution optical images and airborne LiDAR data [2]. Optical data acquisition requires the weather
to be cloud-free, and airborne or terrestrial data are too expensive to collect globally.

Synthetic Aperture Radar (SAR) imagery, on the other hand, is capable of providing data regardless of
time or weather conditions. Such data are of great interest to applications of disaster responses [3], 4] and
to studies concerning regions frequently covered by clouds [5]. Since the launch of TerraSAR-X in 2007,
modern SAR satellites, e.g., TerraSAR-X, TanDEM-X, and CosmoSky-Med, have been providing meter or
even sub-meter resolution images, making it possible to extract and reconstruct man-made objects from
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(a) SAR image (b) Building footprints (¢) Building bounding boxes (d) LoD1 building models

Figure 1: Illustration of the input and output of our method. (a) and (b) are the input data: a SAR image and building
footprints in the SAR image. (c) shows the predicted bounding boxes of these buildings. Building heights are then computed
from the bounding boxes and building footprints, and levels-of-detail (LoD) 1 models are reconstructed, as shown in (d). rg
and az denote the slant range direction and azimuth direction, respectively.

spaceborne SAR data. In addition, complete global coverages of TanDEM-X stripmap mode data have been
acquired since 2012, providing great potential as a data source for global building reconstruction [6].

The study of building analysis from SAR imagery dates back to 1969, that Laprade and Leonardo derive
the elevation of a few buildings from shadows and layovers using simulated radar images [7]. Since then,
various studies have been conducted on this topic [8, [O) 10, 1T}, 12 13]. However, building interpretation
from SAR data is highly challenging. Due to the side-looking geometry and one-band radar sensors, urban
structures are clearly visible in SAR images but are difficult to distinguish from each other. Several works [10]
[12] 14] develop tailored algorithms for building analyses in complex urban environments, but these methods
are not suitable to being applied for large-scale areas. Recently, deep neural networks have been applied for
individual building segmentation in SAR images [I5]. Building heights are subsequently computed based
on the radar viewing geometry. However, for annotating building areas, this method requires an accurate
digital elevation model (DEM), which is unavailable in most areas and thus restricts this method from being
generalized to other regions.

In this work, we are interested in the height estimation of individual buildings on a large scale, using
single SAR images. We develop a method that takes SAR images and building footprints as input and
retrieves building heights by predicting bounding boxes of buildings (cf. Figure. Next, we briefly explain
the challenges involved in this task and review related work.

1.1. Challenges

Because of the side-looking imaging geometry and complex backscattering mechanism, SAR image in-
terpretation is a challenging task in general. For interpreting individual buildings in urban SAR images, the
challenges are mainly two-fold:

For an isolated building in SAR images, the main challenge is to recognize its components, i.e., the roof,
walls, and footprint. Figure [2]illustrates the amplitude profile of two flat-roof buildings in a slant-range SAR
image. As can be seen, the wall area lw and the roof area Ir in SAR images are always mixed and difficult
to differentiate: lw covers Ir when the building height h is large (cf. Figure [2[ (a)), and it is covered by Ir
when h is small (cf. Figure[2| (b)). In addition, for low-rise buildings, the roof area Ir partially overlaps the
footprint area If (cf. Figure (b)), and therefore the near-range side of If might be ambiguous. Moreover,
the far-range side of the footprint area If is unknown, as it connects the shadow area that also appears dark
in SAR images.



(a) high-rise building (b) low-rise building

Figure 2: lllustration of the amplitude pro le (ampl) of two at-roof buildings in a slant-range SAR image. is the incidence
angle. h is the building height. Iw, Ir, and If denote the areas of wall, roof, and footprint in the slant-range SAR image,
respectively. The gray shades and heights of regions a-f indicate the expected magnitude values of intensity on the SAR image.
The blue arrow marks the bottom of the sensor-facing wall and the red arrow points at the double bounce line on the SAR
image.

For multiple adjacent or nearby buildings a more crucial issue is to identify them correctly. Since
the intensity values in SAR images are closely related to material types and structural shapes of objects,
consecutive buildings in the physical world are di cult to separate in a SAR image unless obvious material
or structure changes exist at building boundaries. In addition, even if buildings in the real world are not
neighboring, they may overlap each other in SAR images, which signi cantly increases the diculty of
image interpretation. For example, Figure[] (a) shows a typical urban region in a TerraSAR-X spotlight
image containing several buildings whose footprints and bounding boxes are plotted in Figure] 1 (b) and (c),
respectively. By only looking at the SAR image, it is unlikely to tell the numbers of buildings or distinguish
connected buildings, such as the purple and green buildings. Besides, it is noticeable that the green building
overlaps the yellow and the blue ones in the SAR image, although their footprints are not connected. In
such complex cases concerning individual buildings on SAR images, building footprints are often highly
bene cial.

1.2. Related work

In literature, researchers have investigated building height retrieval from a single SAR image 7,16, 11,
17], InSAR data [18,[19], and multi-aspect SAR or INSAR data [20["211|"22] or even circular SAR[23, 24] to
overcome the drawback of occlusions originated from the side-looking geometry. In addition to SAR data,
auxiliary data, e.g., building outlines extracted from optical images [25, 12] and building footprints obtained
from GIS data [26, 13, 27], are introduced for providing exact locations and geometric shapes of buildings
in the real world.

To retrieve building heights from SAR data, most researchers employ data-driven approaches that rst
extract salient features such as double bounce lines, layovers, shadows, and InNSAR phases and then de-
duce building parameters. Some researchers rst detect bright-line segments and regularly spaced point-like
features and subsequently group them into building regions [9, 22, 28, 29, 30]. Alternatively, several stud-
ies directly extract building regions of layovers and shadows using segmentation algorithms, such as the
mean shift algorithm and conditional random eld (CRF) [31], marker controlled watershed algorithm [17],
thresholding and morphological operations [32]. Besides data-driven approaches, model-based methods are
conducted. Detailed modeling of the geometrical and radiometric properties of isolated buildings is per-
formed in [16, 33, 10], from which building shapes in SAR data are estimated. Such techniques require
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extensive prior knowledge about objects, such as materials, roughness, humidity, and orientation with re-
spect to the SAR sensor, which is generally unknown. Another model-based approach is developed in a
simulating and matching fashion [34, 35, 14, 36, 37]. This approach comprises a simulation step in which
a SAR image or InSAR phase is simulated using a building hypothesis and a matching step in which the
simulated data are matched with real data. The process is conducted iteratively until the optimal building
parameters are achieved.

Although a considerable amount of research has been carried out on building height retrieval using SAR
data, few studies have investigated this problem on a large scale. Most methods target buildings with
speci ¢ shapes, e.g., rectangular- [38, 39, 40] or L-shaped footprints [41, 17], at [42] or gable roofs [43, 44],
and di erent heights [44, 45, 46, 47]. The majority of studies investigate simple scenarios where a minimal
distance between buildings is required to ensure the scattering e ects of di erent buildings do not interfere
with each other [48, 11, 12, 49]. Moreover, the performance of the presented methods is typically presented
for a small set of test data, usually comprising only one or a few buildings. The generalisability of much
published research on this issue is therefore problematic.

In recent years, deep neural networks have been becoming increasingly popular and triggered break-
throughs in many elds, including a wide range of remote sensing applications [50, 51, 52, 53, 54, 55, 56, 57,
58]. In contrast to classical approaches that require expert domain knowledge and hand-crafted features,
deep networks rely on a large amount of raw data to learn e ective feature representations in an end-to-end
fashion. But the major problem preventing applying deep networks to urban SAR analysis tasks is the lack
of annotation data. To address this issue, Shahzackt al. [59] introduce a SAR tomography (TomoSAR)
point cloud to acquire building areas in a SAR image and take them as ground truth annotations to train a
segmentation network to extract building areas. In [60], Sunet al. generate building areas in a SAR image
using a DEM instead of a TomoSAR point cloud, as the latter is rare. However, both two works do not
annotate individual buildings. Shermeyer et al. [61] present a multi-sensor all weather mapping (MSAW)
dataset containing airborne SAR images, high-resolution optical images, and building footprint annotations.
However, building footprints, instead of building heights, are the learning target in this work. In [15], Sun
et al. annotate individual buildings in a TerraSAR-X spotlight image employing a highly accurate DEM
and propose a segmentation network for predicting building areas in the SAR image. The segmentation
results are then applied to reconstruct building heights. This work has segmented individual buildings from
a single SAR image on a large scale for the rst time. However, pixel-wise labels are expensive. The data
set generation approach requires accurate DEMs, unavailable for most areas, thus restricting this method
from being generalized to a larger scale.

1.3. Contributions

This work aims to retrieve building heights using a single SAR image on a large scale. We propose
to generate annotations using building heights that can be acquired from multiple sources. The task of
building height estimation is formulated as a bounding box regression problem, i.e., a task to regress the
center coordinate and the size of the bounding box for each building.

The main contributions of this paper are three-fold:

a. We propose a work ow for building height retrieval in single SAR images with GIS data. To our best
knowledge, this is the rst time that deep networks are employed in the problem of building height
retrieval in large areas from TerraSAR-X images in both high-resolution spotlight and stripmap modes.

b. We formulate the problem of building height retrieval as a bounding box regression problem and
propose a bounding box regression network that is very e cient due to the tailored use of building
footprints. The fast computation speed is signi cant for large-scale applications.

c. We propose a ground truth generation approach to produce building bounding boxes. This approach
can integrate multiple sources of building heights, thus providing large potential in analyzing complex
urban regions.



The remainder of this paper proceeds as follows. Section 2 formulates the problem and delineates the
proposed method. Section 3 is concerned with the dataset generation approach to tackle the problem of
dataset scarcity. The experiments and results are presented and analyzed in Section 4. In Section 5, we
discuss several practical problems related to applying our method to large-scale building height retrieval.
Finally, Section 6 concludes this paper.

2. Methodology

2.1. Problem formulation

We consider LoD1 building models, i.e., prismatic models with at roof structures [62]. Due to the radar
viewing geometry, scatterers on a vertical line in the geographic coordinate system always have the same
azimuth coordinate in a SAR image, i.e., this vertical line in the SAR image parallels the range direction.
Therefore each vertical building wall in a SAR image has one pair of opposite sides paralleling the range
direction. This can be observed in Figure 1. Hence, the extent of a building in a SAR image is bounded by
two vertical lines from building walls in the azimuth direction and the region of the layover and footprint in
the range direction. In this work, we exploit this geometric relationship to retrieve building heights.

Figure 3 illustrates this geometric relationship by two buildings in the Universal Transverse Mercator
(UTM) and the SAR image coordinate systems. On the left of the gure, bl and b2 are two buildings in
the UTM coordinate system and are imaged on a SAR image plane. As can be seen, sensor-visible walls
(vellow and blue) are projected into the SAR image as parallelogram shapes, and vertical sides of the walls
parallel the slant-range direction. The building height h is directly related to the layover length L:

h = L=cos ; 1)

where is the incidence angle.

On the right of Figure 3, bl and b2 and their bounding boxes (green) are shown in the SAR image
coordinate system. As can be seen, for both b1 and b2, the layover length is the width di erence between
the building bounding box and the footprint bounding box:

L= I-building Lfootprint : (2)

Therefore, for a building in a SAR image, its height can be obtained once its footprint is known and its
bounding box is detected. Based on the geometry relationships, we formulate the problem of building height
retrieval from SAR images as a bounding box regression problem. Il.e., given a SAR image and a building's
footprint, nd the bounding box of the building, and then derive the building height from it.

2.2. Footprint-guided bounding box regression

We propose a footprint-guided bounding box regression network for building height retrieval that exploits
the location relationship between a building's footprint and its bounding box. Figure 4 provides an overview
of the proposed work ow. Speci cally, in the network structure, we concatenate a SAR image and a building
footprint mask as the input of the network. ResNet-101 [63] is employed as the backbone. ResNet-101
has in total 101 weighted layers, including 5 blocks of convolutional layers, i.e.convl, conv2, conv3 conv4,
conv5 and each contains a multi-layer deep subnetwork. First,convl to conv4 in ResNet are utilized to
extract feature maps. We extract the footprint bounding box from the building footprint mask and map it to
the feature maps as the region of interest (Rol) of the building, i.e., the initial bounding box to be corrected.
For each Rol, local features are pooled by Rol-Align [64]. Thenconv5 of ResNet takes the pooled features,
and a global average pooling layer and a fully connected layer proceed to predict corrections for the Rol
with respect to the ground truth bounding box. The corrections are then added to the Rol of each building
to produce its bounding box. Finally, building heights are derived from the predicted bounding boxes and
are used to extrude LoD1 building models from the building footprint polygons.

For the parameterizations of bounding boxes, we adopt the X; y; w; h) coordinates used by R-CNN [65].
Let B =[xg;Ys;Ws;hg] 2 R* be the bounding box representation as a 4-dimensional vector, whene, y, w,
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Figure 3: lllustration of bounding boxes of two buildings in a slant-range SAR image. On the left, two buildings (b1 and b2)
in the UTM coordinate system are imaged in a SAR image plane. On the right, bounding boxes of b1l and b2 are shown in the
SAR image coordinate system.

and h denote the box's center coordinates and its width and height in an image patch. The task of bounding
box regression is to regress a candidate bounding bad® into a target bounding box G =[Xg;Ys;Ws; hs].
In our case,B is the footprint bounding box, and G is the building bounding box. The network predicts
the distance vector =1 x; y; w; nl:

y =(Ye YyB)=hs;
w = log(wg=wg);
h = log(hc=hg):

8

% x =(Xe XB)=Wg;
3)

2

We employ the complete intersection over union (CloU) loss [66], which considers three geometric factors
of bounding boxes: the overlap area, the central point distance, and the aspect ratio. CloU is de ned as:

2(h-
7(:2’ Dy, (4)

whereb and g denote the central points of B and G, is the Euclidean distance,c is the diagonal length
of the smallest enclosing box covering the two boxes, is a positive trade-o parameter, and v measures
the consistency of the aspect ratio.loU, , andv are de ned as follows:

_iB\Gj  _ v .
B[ G]" (@ loU)+ vV’

Lciou =1 loU

4 w9 wP
V= —Z(arctanm arctan W) : (5)

loU

3. Reference Data Generation

For training our network, building bounding boxes as reference data and building footprints as input
data in the SAR image coordinate system are necessary. For this reason, we develop a work ow that employs
building footprint and height data to automatically label building bounding boxes and building footprints
in SAR images. The proposed work ow comprises three steps that are illustrated in Figure 5: 1) building
heights acquisition, 2) building footprint masks generation, and 3) building bounding boxes generation. In
the following sections, we explain the details.



Figure 4: General work ow of the proposed method. After data set generation, our network concatenates a SAR image and a
building footprint mask from the training set as input and predicts a correction for the footprint bounding box with respect

to the building bounding box. Then the trained model is evaluated using the testing set. Building heights are computed from
the predicted bounding boxes and building footprints, and subsequently, LoD1 building models are reconstructed.

3.1. Building height acquisition

The rst step is to collect building data. For each building, we collect the building height h and the
ground height hgrouna , along with its footprint coordinates (x;y).

The proposed work ow only requires one single height value for one building, which can be acquired
from various data types, such as city models, LiDAR data, and accurate DEMs. Figure 6 shows an example
of three data sources of building heights of the same area in Berlin. In some cities, public data sets are
available that can be utilized to generate our annotations, e.g., Berlin city models [67], NYC open data [68],
and 3D Buildings and Addresses of the Netherlands (3D BAG) [69]. This loose requirement of the height
data source signi cantly reduces the barrier of training data creation, which in turn supports the generation
of reference data on a larger scale.

3.2. Generation of building footprint masks in SAR images

In the previous step, building data are acquired in the UTM coordinate system. For our task, building
footprints need to be projected to the SAR image coordinate system. That is to say, for each building
footprint, its coordinates (X;Y;hground ) Need to be transformed to (g;az), where rg and az denote range
and azimuth coordinate, respectively. Generally, the coordinate transformation from the UTM coordinate
system to the SAR imaging coordinate system includes iterative solving Doppler-Range-Ellipsoid equations
that can be implemented with di erent approaches [70, 71, 72, 73]. In this work, radar coding was performed
using DLR's Integrated Wide Area Processor (IWAP) [74]. Note that further registration is needed if the
ground height hgroung IS NOt accurate [75, 76].

Then, building footprint masks are generated according torange-azimuth coordinates of the radar-coded
vertices of building footprint polygons. For each building footprint mask, we set the pixel value to be 1
inside the footprint polygon and O elsewhere.

3.3. Generation of the ground truth building bounding boxes in SAR images

To generate the ground truth bounding box of a building, we rst compute its footprint bounding box
B: . B; is de ned by four values in pixels [rgs ; az ; L+ ; ws ], in which (rgs ; az ) are coordinates of the center
point of the bounding box, and L and w; are the width and height of the bounding box, respectively, as
illustrated in Figure 5.

Then, the building bounding box By, is generated fromB;. As illustrated in Figure 3, the dierence
betweenBy, and B+ results from the added width L, which is the layover length corresponding to the building



Figure 5: The work ow for dataset generation in three steps. First, building footprints and height data are collected in the
UTM coordinate system; then, they are projected to the SAR image coordinate system to generate building footprint masks;
third, building bounding boxes are generated using footprint masks and building heights.

(a) DEM [77] (b) LIDAR point clouds [78] (c) Building models [67]

Figure 6: Examples of three di erent building height sources in the same area in the city of Berlin, Germany.

height h: L = h cos . Therefore, the bounding boxBy = [rgp; az,; Lp; Wy] can be generated as:
8

3100 = 101 5L
azp = azs
_ (6)
§ Lp=L+Ls
' Wp = Ws

Finally, we remove possible wrong bounding boxes. Since the used SAR image and height data are often
collected at di erent times, there might be inconsistencies resulting from urban changes, such as building
construction and deconstruction. We deal with this situation using the intensity values of the given SAR
image. In the SAR image, the intensity values are generally larger in building areas than in ground areas.
Therefore, a threshold is set to be the mode of the intensity values of the SAR image to exclude bounding
boxes in which the mean intensity values are smaller than the threshold.

4. Experiments

4.1. Data description

The performance of the proposed method is evaluated on four data sets, including one TerraSAR-X
high-resolution spotlight (HS) image acquired over Berlin and three TerraSAR-X stripmap (SM) images
acquired over Berlin, Rotterdam, and south Brooklyn in New York. Our four data sets are termed Berlin
HS, Berlin SM, Rotterdam, and New York. Figure 7 (a) shows the study region in Berlin, and the SAR
images in Berlin HS and Berlin SM data sets are both cropped to cover the same region. Figure 7 (b) and
(c) show the spotlight image and the stripmap image in the yellow rectangle in (a), respectively. The study
regions in Rotterdam and New York are shown in Figure 8 and Figure 9, respectively.
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