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A B S T R A C T   

Roof structure information is essential for creating detailed 3D building models. These serve in many applications 
that require knowledge of the roof type and geometry. Automated extraction of the roof structure from remotely 
sensed images is a challenge because of scene complexity and the large variety of roof top configurations. This 
paper introduces a fast and parsimonious parsing method to extract vectorized building rooflines and structures 
from very high resolution remote sensing imagery in an end-to-end trainable way. Our Roof Structure Graph 
Neural Network (RSGNN) method consists of two components: 1) a Multi-task Learning Module (MLM) designed 
for geometric primitives extraction and matching, 2) a Graph Neural Network (GNN) based Relation Reasoning 
Module (RRM) to reconstruct the roofline structure. We tested RSGNN against state-of-the-art computer vision 
methods on two data sets: the vectorizing world building data set and a custom data set acquired in Enschede, 
The Netherlands. It provides an increase of 0.6/1.3 and 1.2/2.1 for msAP and FH on two data sets using only half 
of the training time. In addition, we performed a systematic ablation study to further validate its robustness. We 
conclude that RSGNN automatically generates the planar roof structure that outperforms competing models in 
both qualitative and quantitative evaluations.   

1. Introduction 

The roof is a key part of a building, and its top surface constitutes the 
foundations for many applications requiring knowledge of the roof type 
and geometry. Detailed (3D) building models are of great interest to 
many applications, such as construction, manufacturing, urban plan-
ning, and installation of solar panels. Although many research efforts 
have already been devoted to reconstructing building models and 
extracting roof structures (Xiong et al., 2014; Xu et al., 2018), devel-
oping automated and robust building modeling techniques remains a 
challenging task. 

Various types of remote sensing data, including monocular or stereo 
images, digital surface models (DSMs), or point clouds collected using 
different platforms, have been used to extract building models and 
detailed roof structures (Cote and Saeedi, 2012; Awrangjeb et al., 2013). 
Among these, different modalities of laser scanning data are mainly 
employed as the high-density point clouds are excellent at capturing 
surface geometric features. Compared with high resolution imagery, 
however, light detection and ranging (LiDAR) data is considerably more 
expensive to acquire and often suffers from noisy, incompleteness, or 

low-density of the point cloud (Xu et al., 2018). By contrast, optical 
images have a primary advantage in that they enable rapid and non- 
selective mapping of large areas. Traditional image-based roof struc-
ture extraction methods are rarely studied due to the varying building 
roof configurations and image characteristics, for instances, lighting 
conditions, insufficient resolution, and geometric distortions. This is a 
remarkable direction because of the promising improvements in sensor 
technology and image resolution. 

Roof structure extraction is a higher-level task compared to building 
outline delineation (see Fig. 1)). It aims at detecting line and junction 
elements, together with their connections, as a topological combination. 
In contrast to low-level geometric primitives extraction tasks such as 
point and line detection, it requires inferring a graph structure with an 
arbitrary topology. Moreover, structured roof geometry usually has to be 
converted to vector representation considering subsequent applications 
like architectural modeling and analysis, digital mapping, and 3D 
modelings. In this way, it is a high-level reconstruction task akin to the 
floorplan vectorization and wireframe parsing (Awrangjeb et al., 2018). 
Conventional roof structure extraction methods usually involve multiple 
complex steps including feature extraction, morphological operations, 

* Corresponding author. 
E-mail addresses: wufan.zhao@utwente.nl (W. Zhao), c.persello@utwente.nl (C. Persello), a.stein@utwente.nl (A. Stein).  

Contents lists available at ScienceDirect 

ISPRS Journal of Photogrammetry and Remote Sensing 

journal homepage: www.elsevier.com/locate/isprsjprs 

https://doi.org/10.1016/j.isprsjprs.2022.02.022 
Received 22 October 2021; Received in revised form 23 February 2022; Accepted 25 February 2022   

mailto:wufan.zhao@utwente.nl
mailto:c.persello@utwente.nl
mailto:a.stein@utwente.nl
www.sciencedirect.com/science/journal/09242716
https://www.elsevier.com/locate/isprsjprs
https://doi.org/10.1016/j.isprsjprs.2022.02.022
https://doi.org/10.1016/j.isprsjprs.2022.02.022
https://doi.org/10.1016/j.isprsjprs.2022.02.022
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isprsjprs.2022.02.022&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


ISPRS Journal of Photogrammetry and Remote Sensing 187 (2022) 34–45

35

and format conversion. Thus, they are limited to areas with few build-
ings and cannot scale up to large urban areas. 

The emergence of deep neural networks (DNNs) has brought revo-
lutionary improvements not only to the detection of low-level primitives 
but also the integral understanding of high-level geometric structures. 
End-to-end trainable methods have shown remarkable performance in 
natural image planar graph reconstruction tasks (Zhou et al., 2019; Xue 
et al., 2019). To the best of our knowledge, such ideas have not yet been 
introduced into the reconstruction of roof structures from remote 
sensing images. The trend towards integrating optical remote sensing 
images and deep learning methods shows a large potential to pursue 
efficient, generic, and accurate extraction of large scale roof structure in 
urban scenes. 

In this study, we focus on the automatic extraction of building roof 
structure from high resolution remote sensing images. We aim to 
directly predict a vectorized building roof structure in an end-to-end 
learnable way. The key contributions of our paper are the following:  

• To develop an end-to-end learning roof structure parsing framework 
that transforms roofline extraction into a planar graph structure 
reconstruction task. Such a framework combines primitive detectors 
with relationship inference based on graph neural networks (GNN). 
Such a design results into a robust solution for detecting vectorized 
rooflines while also considering contextual information of line 
segments. 

• To introduce global geometric line priors through the Hough trans-
form into the deep network, enhancing the geometric feature 
extraction. In addition, we introduce residual graph convolutional 
networks (Res-GCN) (Li et al., 2019a) for the roof structure recon-
struction to tackle the vanishing gradient problem in GNN.  

• To construct a custom roof structure data set of the city of Enschede, 
The Netherlands. The data set is built based on the open-source na-
tional Basisregistratie Adressen en Gebouwen (BAG)1 data and ortho 
aerial images released by the Dutch cadaster. Compared with other 
existing works, this data set differs both in image resolution and 
complexity of the building roof structure. 

2. Related works 

2.1. Building rooftop extraction from RS data 

Recently, there has been a growing interest in the extraction of 
building outline/footprint in a regularized vector format (Li et al., 
2019b; Shi et al., 2020; Zhao et al., 2021), but little attention has been 
paid to the extraction of detailed building roof structures. Rooftop 
structure extraction helps to improve the understanding of remote 
sensing images and greatly contributes to 3D urban modeling 
applications. 

Research on building roof extraction is highly related to research on 
building reconstruction at the urban level. 3D building models are 

usually generated either manually or automatically using model-driven, 
data-driven, or hybrid methods. Extensive review and comparison of 
related works can be found in Haala and Kada (2010),Wang et al. 
(2018). Current methodologies and algorithms can be classified into the 
following three groups: (1) LiDAR-based; (2) image-based, and (3) 
multi-source data based. LiDAR data have gained popularity because of 
fast pulsation and accuracy in capturing 3D geo-referenced spatial in-
formation about building top regions at a high point density (Xiong 
et al., 2014; Awrangjeb et al., 2018). For image-based methods, aerial or 
satellite images are employed as a single data source for building 
extraction through auxiliary information, such as shadow and percep-
tual grouping based on region boundaries obtained from line detection 
(Inglada, 2007). To make the best use of the characteristics of different 
data modalities, hybrid methods integrating both LiDAR and optical 
images are proposed in Awrangjeb et al. (2013),Alidoost et al. (2019). 
LiDAR can provide highly accurate scene geometry, but its scans are 
costly to collect and produce low-resolution geometry. Aerial and sat-
ellite imaging provides the best trade-off for spatial coverage and overall 
resolution for large-area scene analysis. Since multi-view images maybe 
unavailable, single-view image scene understanding and geometry 
modeling are essential issues to address. This paper wants to build an 
automated process for building roofs extraction based on single-view 
optical remote sensing images, which in turn could provide essential 
information for deriving 3D building models. 

2.2. Geometric primitives extraction from images 

The extraction of geometric features (or primitives) is commonly 
focussing on fundamental structures such as points, lines, and planes 
(Zhou et al., 2019). Those elements provide salient and robust infor-
mation about the global geometry of the scene. They are the foundation 
for applications like computer-aided design, geographic information 
systems, and 3D scene reconstruction. Points and straight lines are 
traditionally extracted using a perceptual grouping of low-level cues i.e., 
image gradients (Duda and Hart, 1972; Von Gioi et al., 2008). More 
recently, DNN-based methods have been introduced for this task (Xie 
and Tu, 2015; Xue et al., 2020) showing promising results. In remote 
sensing, Cote and Saeedi (2012) presented a method for extracting 2D 
rooftops based on corner detection, selection and energy minimization. 
Zhao et al. (2021) developed an end-to-end learning framework to 
extract key roof vertices and derive regularized building outline poly-
gons using a convolutional neural network (CNN) + recurrent neural 
network (RNN) architecture. The development of automated methods to 
extract vectorized structures from raster images is a research line that 
has recently emerged in the remote sensing field (Sun et al., 2021; Zhao 
et al., 2021). 

Junctions and associated line structures are commonly coupled in 
image scenes, and knowledge about their connectivity is more critical 
for higher-level vision tasks. Wireframe parsing has recently emerged to 
detect meaningful and salient line segments and junctions jointly 
(Huang et al., 2018), while end-to-end trainable DNN-based workflows 
have shown remarkable performance (Zhou et al., 2019; Xue et al., 
2020). The main challenge of the wireframe parsing task lies in the 

Fig. 1. Comparison of different tasks in building modeling. From left to right: (a) Building object. (b) Outline delineation. (c) Structured planar graph reconstruction.  

1 Key Register Addresses and Buildings 
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inference of a graph structure with an arbitrary topology. Methods based 
on observational information or statistical learning can assist in the task 
of geometric feature extraction in artificial scenes. It becomes more 
challenging though when dealing with outdoor architecture vectoriza-
tion from optical remote sensing images since the data do not follow a 
specific geometric assumption (Nauata and Furukawa, 2020). 

Existing studies on building extraction from remote sensing images 
either represent a building as a set of pixels (Shi et al., 2020) or a 
polygon (Sun et al., 2021; Zhao et al., 2021), limiting the output to a 
building external boundary as a segment. To reconstruct an arbitrary 
topology of building roof structure that encodes both internal and 
external feature lines, Nauata and Furukawa (2020) present a CNN 
based method to detect geometric primitives and infer their relation-
ships. The 2D roof architecture vectorization problem is initially trans-
formed to facilitate the inference of a planar graph from a remote 
sensing image. A similar approach was proposed by Zhang et al. (2020). 
In their method, they suggested the use of convolutional message- 
passing network (conv-MPN) architecture to reconstruct roofline struc-
tures. However, these proposed methods are strongly dependent on 
preliminary processing, such as corner detection, and they cannot be 
trained in an end-to-end manner. Moreover, these multi-stage ap-
proaches are computationally expensive and perform inefficiently when 
it comes to training and inference. Recent works in wireframe parsing 
have made considerable achievements. On the basis of such accom-
plishments, the objective of this study is to perform direct predictions of 
vectorized building roof structures in an end-to-end learnable manner. 

2.3. Graph neural network 

GNNs collectively aggregate information from graph structures and 
they can effectively cope with non-Euclidean data (Li et al., 2019a; Zhou 
et al., 2020). GNN can model inputs and/or outputs consisting of ele-
ments and dependencies, thus effectively aggregating information from 
the constructed graph structure. Specifically, the model aims to study a 
function of features/signals on a graph G =(V ,A ). There are two inputs 
for the graph: 1) a feature description xi for every node i, outlined in a 
N × D feature matrix X. Where N denotes the number of nodes and D 
represents the number of input features, respectively; 2) a representative 
graph structure described in the form of an adjacency matrix A. An 
adjacency matrix is a N × N matrix with elements either equal to 0 or 1. 
Adjacency matrices can represent the existence of edges that connect the 
node pairs through the value in the matrices. Output is a node-level 
output Z, being an N × F feature matrix, where F is the number of 
output features per node. 

Since our task is to reason about the connection relation between 
edges, which requires a combination of spatial and semantic informa-
tion, it is natural to use GNN to implement the reasoning task. Both 
(Nauata and Furukawa, 2020; Zhang et al., 2020) use the idea of 
graphical relations for reasoning, requiring handcrafted objectives and 
structural constraints in a complex integer programming optimization 
formulation. In this work, we formulate building rooflines as a sparse 
graph and enable connectivity inference. We seek to infer a graph of 
arbitrary topology that encodes line features. This view allows us to 

accurately encode the more heterogeneous connection relation interest 
to decide which line segments are connected. 

3. Methodology 

Our roofline extraction framework aims to achieve end-to-end 
trainable and efficient parsing while taking the connection of the key 
geometric primitive into account. To this end, we develop a GNN-based 
roofline extraction method (Fig. 2)) that consists of the following two 
modules: 1) a Multitask Learning Module (MLM) and 2) a Relation 
Reasoning Module (RRM). The input RGB image first passes through a 
shared backbone network for deep feature extraction. Thereafter, a 
multi-head deep convolutional network separately extracts key vertices 
and line segments. Before sparse graph construction on line candidates 
with junctions as graph edges, two branches were created, namely the 
set of line segments and junction proposals. Subsequently, the GNN- 
based RRM structure augments the lines and vertices’ features with 
their context. Therefore, it is used to capture relations between line 
segments and then subsequently used for final roofline prediction. The 
entire line segments in an image can be defined as a graph G =(V , and 
A ) where V is the subset of the unordered line segments, A is the 
adjacency matrix describing the connectivity among line segments. If 
two line segments vk and vl have a common endpoint, then Akl = Alk =

1, and otherwise they are zero. Based on the sparse graph constructed by 
line segment proposals, a graph neural network is applied to predict the 
graph G from the input image I. 

3.1. Multi-task learning module 

The MLM takes the image I as input to generate an initial estimation 
of junctions and line segment properties. To accomplish this, we develop 
a multi-task convolutional network consisting of two components, 
namely, a backbone network for feature extraction and a geometric 
primitives prediction component, which separately extracts junctions 
and line segments. 

3.1.1. Backbone Network 
The stacked hourglass network (Newell et al., 2016) with relatively 

high efficiency and effectiveness was chosen as the backbone, aiming to 
extract semantically meaningful features for the subsequent geometric 
primitive extraction. Input images are resized into square-shaped 
patches. First, the input patches are downsampled twice in the spatial 
resolution by the stacked hourglass network with the use of two 2- 
strided convolution layers. Subsequently, the feature maps are 
constantly enhanced by several hourglass components with intermedi-
ate supervision imposed on the output of each component. However, a 
more complicated backbone could improve the extraction accuracy of 
the whole framework, but may deduce then operational efficiency. This 
notion will be discussed in detail later in our ablation study. 

Recent work applied prior knowledge into deep networks to improve 
built-in geometric information and minimize reliance on labeled data 
(Lin et al., 2020). Motivated by this, a trainable Hough Transform (HT) 
block on lines was introduced into the network to retrieve the building 

Fig. 2. Overview of our framework. (a) Multi-task learning module (MLM) comprises a backbone network, primitives extraction module, and proposal refinement 
module. After that, proposal couples are constructed as a sparse graph. We then introduce a (b) Relation reasoning module (RRM) to simultaneously update the 
semantic and geometric features. Finally, a multi-layer perceptron is used to classify foreground or background line segments. 
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roofline features. Then, we applied a block which is composed of Hough 
transform and inverse Hough transform (HT-IHT). Such block is 
designed to combine extracted image local features and global linear 
features by integrating the HT on a residual branch. As illustrated in 
Fig. 3, the preceding convolutional layer’s input feature maps learn local 
edge information and are merged on a residual branch with line can-
didates discovered in the global Hough space. The input feature maps 
are channel-wise transferred to the Hough domain and converted into 
numerous HT maps through the HT layer. Thereafter, the results are 
filtered using one-dimensional channel-wise convolutions. Subse-
quently, two one-dimensional convolutions are applied to merge and 
reduce the channels. The IHT layer converts the output back to the 
image domain. When applying for unique lines in an image, the deep 
Hough transform performs order-agnostic in the parametric and feature 
spaces; thus, it is considerably parallelizable. We then use the HT-IHT 
block as a substitute for the backbone network’s hourglass blocks; the 
HT-IHT block contains only half of the parameters. 

3.1.2. Geometric primitive extraction 
After passing through a shared backbone network, two sub-networks 

for junction and line segments proposal extraction are added. This 
network design is based on (Xue et al., 2020), which adapts (Huang 
et al., 2018 and Xue et al., 2019) for junctions and line segments 
detection, respectively. Together with the backbone network, the entire 
junction prediction sub-network structure is similar to an encoder- 
decoder FCN. The encoder takes the whole image as an input and pro-
duces a W × H grid of high-level feature maps with the backbone net-
works. The decoder then uses the feature descriptors to make junction 
predictions. The feature maps are first divided into Wb × Hb bins, as 
illustrated in Fig. 4 (a). 

Whether or not a junction is present in each bin is predicted by the 
neural network. If it is present, then the neural network also predicts the 
location of the junction within that bin. Lastly, the neural network 
generates an offset map O and a junction likelihood map J. J and O are 

represented as follows for each bin b: 

J
(

b
)

=

{
1 ∃i ∈ V : pi ∈ b
0 otherwise (1)  

, 

O
(

b
)

=

{
(b − pi)/Wb ∃i ∈ V : pi ∈ b
0 otherwise (2)  

where b is the location of b’s center and p is the location of a vertex. The 
subscript i ∈ V points to the junction index in image space. 

For the prediction of J and O, a network head that consists of two 1 ×

1 convolutional layers is applied to transform the feature maps. The 
prediction of J is a binary classification problem, and the prediction of O 
is a regression problem. The offset vector in O(b) is normalized by the 
bin size, and we define the range of offset bounded by [ − 1/2, 1/2)×
[ − 1/2, 1/2). Duplicates around correct predictions are removed by 
using non-maximum suppression. In this work, non-local maximum 
pixel values in a 3 × 3 neighborhood on the junction map are suppressed 
by using a max-pooling operator. The top K junction positions that have 
the highest probabilities in the correct-predictions junction likelihood 
map is the final output of the junction proposal network. 

For accurate line segment extraction, the key is to find their appro-
priate representations. In this work, we adopt a global region partition 
based representation that describes line segments using a 4D vector field 
map. The core idea is to create a dual representation of line segments 
using a geometric reparameterization to recover the line in a closed 
form. Each line segment is defined by its geometry model with two end- 
points. The method can be considered as an expansion-and-contraction 
operation between one-dimensional line segments and two-dimensional 
regions in a projection vector field. The process consists of three major 
steps.1) Region partition map generation (Fig. 4 b-(1)), where a 2D line 
segments map is first parsed into a region-partition map. This means that 
each pixel is assigned to one and only one line segment according to the 

Fig. 3. Structure of the HT-IHT block. The input 
feature map 128× 128× 256, comes from the 
previous convolutional layer in different stages of 
the backbone network. It is first transformed to 
the Hough domain channel-wise through the HT 
layer. Then, the feature maps are filtered by a 1D 
channel-wise convolutions. We added another 
two following 1D convolutions to merge and 
reduce the number of channels. By applying an 
IHT layer, the features are transformed back to 
the image domain, and concatenated with the 
original input as the output.   

Fig. 4. Illustrations for representing 
junction and line segments in image 
patches. (a) The junction is located by 
detecting the confidence degree in the 
ij − th cell and measuring the relative 
displacement to the center of that cell. 
(b) (1) Region partition map genera-
tion. (2) A selected line segment 
(marked blue with two red endpoints) 
and one of the distant points p in the 
support region (in green). A 2D vector 
field AFM can be generated by repar-

ameterizing all points in the image. (3) Taking p as an example, a new normalized representation can be obtained through mapping and transformation. (4) Line 
segment can be fit from AFM by using a squeezing unit.   
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point-to-line segmentation distance function. As a result, images are 
divided into multiple partitions, and pixels are all associated with one 
segment from a region.2) The attraction field map (AFM) (Fig. 4 b-(2)) is 
then computed, where each pixel p in a partition region is denoted by its 
attraction (projection) vectors between the pixel and its projection point 
p′ on the geometry line segment. As is illustrated in Fig. 4 b-(3), point p 
in the support region of the line segment l is re-parameterized as 

p(l) = (d, θ, θ1, θ2), (3)  

where d is the distance between p and ł, θ ∈ [ − π, π) is the rotation angle 
of the coordinate transformations and θ1 and θ2 are the angles between 
point p line joining the two endpoints and the normal. With this repre-
sentation, any point in the region on or outside the line segment can 
create a displacement vector with the projection points on the line 
segment and the two endpoints. In this way, each point is capable of 
recovering line segments in a closed form effectively.3) Squashing the 
partition regions of AFM back to line segments with a squeezing unit 
(Fig. 4 b-(4)). Given an AFM, a line proposal map is first computed by 
projecting the pixels of the support region for a line segment into pixels 
near the line segment. Then, a squeezing unit uses iterative and greedy 
grouping algorithms to fit the line segments. 

The task of the line segments sub-network is to predict the corre-
sponding AFM for the input feature map and generate candidate line 
segments from it. A distance residual map is computed by the network as 
an additional supervised signal for learning the positions of line 
segment. This map can eliminate many nuisance factors in the data. 
Hence, the joint encoding of distance and angle displacements can 
effectively decouple the attractive field to ideally restore closed form 
line segments. We refer (Xue et al., 2019) for more further details. 

Junction and line segment proposals are individually computed from 
different branches. The next step is to discover useful alignment between 
initial line and junction proposals. A simple matching strategy is used to 
achieve this goal. The corresponding line segment proposal will be 
retained if two endpoints are matched with two junction proposals 
within a certain Euclidean distance. Here we define threshold τ = 10. A 
junction proposal failed this matching will be removed after refinement. 
After matching, we coupled the junctions and line segments, which will 
be verified using the RRM further. Finally, we built a candidate graph 
Ĝ = (V̂ , Â ) including the remaining endpoint candidates and line 
segment, where V̂ stands for vertex set comprising line segments, and 
Â is adjacency matrix encoding the connectivity. 

3.2. Relation Reasoning Module 

Based on the candidate graph ̂G , we introduce the GNN-like RRM on 
the top of Ĝ . In a graph neural network, each vertex is associated with a 
line segment proposal and connected to other line proposals according 
to adjacency matrix Â . Line segment features are then applied as inputs 

and global reasoning is performed through message passing. Thus, a 
final context-aware representation for each line proposal is obtained. 
Then, a binary label is predicted for each graph vertex to verify whether 
the line segment is in the foreground (Fig. 5)). 

Two sets of line segment features are initially extracted for encoding 
of their semantic and geometric properties. Line of interest (LoI) pooling 
was applied for semantic features. The number of sampled points are 
denoted by Np, the pooling stride is denoted δ, and the semantic feature 
of vertex v ∈ V̂ is denoted by x̂S

v ∈ R Np⋅D/δ. In terms of the geometric 
features, we concatenate the line central point’s coordinate p

Ĉ 
with the 

shift vector ŝ denoted as x̂S
v . 

With the input features, the vertex representations of the graph 
neural network are first generated by embedding the geometric and 
semantic features of line segment: g(0)v = Ψ

(
x̂p

v
)
, e(0)v = Φ

(
x̂s

v
)
, v ∈ V̂ 

where g(0)v and e(0)v ∈ R d are the embedded geometric and semantic 
features of the vertex v. Φ represents a two-layer perceptron, and Ψ is a 
linear projection. 

The geometric and semantic representations that are used to capture 
context information are updated in parallel by performing two different 
message passing procedures in the graph. Our graph convolutional 
network first compiles the features from all the vertices’ neighborhoods, 
then performs a nonlinear transformation on the aggregated features to 
update vertices. Afterward, multiple layers of these graph convolutions 
are stacked to capture the long-range context. 

Res-GCN (Li et al., 2019a) was proposed as a way to correct the 
vanishing gradient problem in GNN. The residual GCN block is used to 
compute the messages within each layer and update the features of the 

vertices. Let G =
[
g1,⋯, g

|V̂ |

]
and E =

[
e1,⋯, e

|V̂ |

]
be the groupings of 

geometric and semantic representations of the vertices. Their embed-
ding in the l+1 layer is updated as follows: 

G(l+1) = ϕ
(

D̃
− 1

2ÃD̃
− 1

2G(l)W(l)
g

)

+ G(l),

E(l+1) = ϕ
(

D̃
− 1

2ÃD̃
− 1

2E(l)W(l)
s

)

+ E(l)

(4)  

where ϕ is the rectified linear unit (ReLU) function, A = Â +I,D is a 
diagonal matrix with D̃ii =

∑
jÃij⋅W(l)

s and W(l)
g are the lth layer’s weight 

parameters. 
n residual GCN blocks are stacked to update the geometric and se-

mantic features of the vertices, which are applied to generate the final 

line segment representation: H =
[
G(n),E(n)

]
∈ R|V̂ |×2d. Finally, a multi- 

layer perceptron is applied for the classification of foreground or back-
ground line segments on the basis of the updated line segment features 
H. By adding a sigmoid function, the final score for each line segment is 
generated. 

Fig. 5. After proposal refinement, line segments (red) and junctions (green) are coupled. Line segment proposals are constructed as a sparse graph. The vertex set 
(orange) V̂ comprises line segments, adjacency matrix Â encodes the connectivity between lines (blue). 
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3.3. Loss function 

The proposed method is trained end-to-end combining the loss 
functions of MLM and RRM 

L = LMLM +LRRM . (5)  

The MLM loss LMLM includes the loss terms for the line segments (LLS), 
junctions (LJunc), and vertices (LVer), respectively, 

LMLM = LLS + LJunc +LVer. (6)  

The channel-wise l1 norm is used to compute the loss of line segments. 
LJunc calculates the weighted sum of losses from the junction offset map 
and the junction mask map 

LJunc = λoff ⋅J ⊙ L
(
O , Ô

)
+ λmsk⋅L

(
J , Ĵ

)
, (7)  

where Ô and Ĵ denote the predicted offset map and mask map, 
respectively. The ⊙ represents the element-wise product. λoff and λmsk 

are trade-off parameters for offset and mask, that we set to 0.40 and 6.0, 

Fig. 6. (a) Raw remote sensing images of study area. (b) Sample input RGB image patches and their corresponding planar graph annotations.  

Fig. 7. (a) Left: Study area of Enschede. Right: Overlay of high resolution ortho image and vector outer & inner rooflines. (b) Prepared date set samples: image 
patches and their corresponding planar graph annotations. 
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respectively. We compute LVer based on the sampled LoIs by using binary 
cross-entropy loss in the verification unit. 

The loss term LRRM is defined for the final outputs from the multilayer 
perceptrons (MLPs) of the RRM. We classify the line segments by using 
the binary cross-entropy loss. 

4. Experiments 

4.1. Data sets 

We perform experiments on a benchmark data set (Nauata and 
Furukawa, 2020) and a custom data set so as to verify the performance 
and robustness of our method. The two data sets cover large areas over 
different regions, and the images are in different spatial resolutions with 
varying scene complexity. 

a. Vectorizing world building (VWB) data set 
The vector world building (VWB) data set (Nauata and Furukawa, 

2020) is a part of the SpaceNet public data set with a spatial resolution of 
∼ 30cm. 2D planar graphs of building roof structure are annotated for 
1010, 670, and 321 buildings from the cities of Atlanta, Paris, and Las 
Vegas, respectively. Each cropped and resized image patch is with the 
size of 256 × 256 containing one single building instance. The entire 
data set is separated into 1601 patches for training and 400 for testing. 
Fig. 6 shows original remote sensing images and sample building 
annotations. 

b. Custom Enschede data set 
To further validate the effectiveness of RSGNN, we produced a 

custom data set. We selected a part of Enschede, the Netherlands, as our 
study area. The extent and distribution of tiles are shown in Fig. 7 (a). 
The high resolution true ortho imagery was part of an experimental test 
set created by the Dutch cadaster (Kadaster) from data of the Beeldma-
teriaal2 initiative. The aerial images have a spatial resolution of 8cm. 
Instead of manually labelling image patches, we seek for a way to 
automate the processing of annotations, which will help to better 
leverage large open-source geographic data (e.g., Open street map, 
Google map images, and institutional data) for scaling up our method to 
other areas. In this study, we used the public available BAG data set 3 for 
the corresponding vectorized annotations. BAG is one of the important 
vector data of basic registration that is publicly available in the 
Netherlands. The data includes buildings and the accommodations that 
are located therein, as well as berths and pitches. This data is updated 
daily. 

We performed some pre-processing operations on the raw data set, 
removing small area objects (⩽15m2), merging adjacent objects of the 

same type/appearance, and matching correction of the reference image. 
We annotated important inner rooflines to the original building outlines 
according to LoD 2.0 models. We prepare data processing scripts that 
take as input high-resolution remote sensing images (raster data), 
external boundary lines and internal roof lines (vector data), and auto-
mate processes such as projection transformation, cropping, and anno-
tation. In the end, we have 3648 image patches (2924 for the training set 
and 724 for the test set), each with a size of 512 × 512 pixels. The 
sample patches are illustrated in Fig. 7(b). To this end, our method can 
automate the preparation and processing of the data set, which facili-
tates the extension to other experimental areas. 

4.2. Evaluation Metrics 

The output results of the considered methods are evaluated and 
compared using different evaluation metrics. We compute heat map- 
based (pixel-wise) precision (P), recall (R), and f1-score (F) for each of 
the corner, edge, and region primitives as done in previous works 
(Nauata and Furukawa, 2020; Zhang et al., 2020). We also introduce 
structural Average Precision (sAP), a metric defined on vectorized 
wireframes. 

a. Precision and Recall of line heat maps 
Line segments of the parsing results and the test data are first ras-

terized into a confidence heat map. The FH and APH are computed based 
on running a bipartite matching that treats each pixel independently as a 
graph node. 

b. Structural average precision for line and junction 
Reference (Zhou et al., 2019) suggested a new evaluation metric 

called sAP because heat map-based metrics do not penalize for over-
lapping lines and do not properly evaluate wireframe connection. sAP is 
defined to as the area under the precision recall curve computed from a 
scored list of the detected line segments on all test images. 

Inspired by the mAP metrics commonly used in object detection, for 
each reference line segment l = (x1,x2), the set of parsed line segments, 
each of which ̂l = (x̂1, x̂2) overlaps with it, are first filtered on the basis 
of the different thresholds 

min
(i,j)

‖x1 − x̂i‖
2
+
⃦
⃦x2 − x̂j

⃦
⃦2⩽ϑL, (8)  

where (i, j) = (1, 2) or (2,1), and ϑL is a threshold represents the strict-
ness of the metric (Fig. 8)). The first step is to rescale the predictions and 
references to a 128 × 128 resolution for the evaluation. We set the 
threshold ϑL to 5, 10, 15 and then present the corresponding results, 
which are denoted by sAP5,sAP10, and sAP15, respectively. Fig. 8 shows 
that if no sets of parsed line segments overlap, then the line segment can 
be considered a false negative (FN). If multiple candidates are present in 
the set, then the highest verification classification score is counted as a 

Fig. 8. Illustration of sAP metric. The blue line segment is the reference segment, the green one is the predicted segment, and the gray represents the distance from 
the endpoints. See main text for descriptions. 

2 https://opendata.beeldmateriaal.nl/  
3 https://www.pdok.nl/ 
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true positive (TP). The remaining candidates will be counted as false 
positives (FP). A parsed line segment that does not belong to any 
reference line segment will also be counted as an FP. sAP can then be 
computed. The overall performance is denoted by the average value of 
the sAP with different thresholds, denoted by msAP. Similar to msAP 
definition, the vJ is defined as values for the distance between a pre-
dicted junction and a reference, which are pre-set as 0.5,1.0, and 2.0. 

c. Statistical significance 
We employed the McNemar’s test (Dietterich, 1998) to analyze the 

statistical significance of the proposed method performance gain 
compared to the other methods. This test is a paired non-parametric or 
distribution-free statistical hypothesis test, and it checks whether or not 
the disagreement in the predictions obtained by the two models is sta-
tistically significant. 

This test applies a 2 × 2 contingency table shown in Table 1. To 
conduct the evaluation rigorously, we refer to the idea of sAP metrics 
and compare only the number of TP line segments and ground truth. 
Hence, given a binary classification test, a and d count the samples 
predicted/missed by both models; b and c count those predicted by one 
by missed by the other. McNemar’s test statistic equals: 

χ2 =
(b − c)2

b + c
(9)  

We set the null hypothesis H0 : pb = pc versus the alternative hypothesis 
H1 : pb ∕= pc, where pb and pc denote the probability of occurrences in 
the b and the c cell, respectively. We set the significance level equal to 
α = 0.05, meaning that the two models are significantly different if p is 
below 0.05. 

4.3. Implementation details 

In contrast with previous studies (Nauata and Furukawa, 2020; 
Zhang et al., 2020), RSGNN can be trained end-to-end without the need 
for a separate preparatory extraction phase. During the training and 
testing, the input pictures are scaled to 512× 512. For the Hourglass 
network, we set 2 for the number of stacks. The depth of each module 
and the number of blocks are set as 4 and 1, respectively. The output of a 
feature map has the size of (128, 128, 256). We feed the intermediate 
feature map into line and junction prediction heads. Thereafter, we set 
Np = 32 middle point features along with each line segment for the 
LoIPool layer, resulting in a 128 × 32 feature for each line. The RRM 
first takes the flattened feature vector and embeds the semantic and 
geometric features to the same size of 256. The feature is then updated 
by stacking multiple Res-GCN blocks. Finally, two-layer MLPs with 
hidden layers of 32 are used to classify each line segment. 

Our method is trained for 100 epochs using the Adam optimizer on a 
single GTX 2080Ti GPU device with 12 GB memory. The batch size is set 
to 6 for training and 1 for testing. The learning rate and weight decay 
rate are set to 4 × 10− 4 and 1× 10− 4, respectively. We divided the 

learning rate by 10 at each twenty-fifth epoch. 

5. Results and discussion 

We compared our model with three competing methods: L-CNN 
(Zhou et al., 2019), HAWP (Xue et al., 2020), and conv-MPN (Zhang 
et al., 2020). 

5.1. Quantitative analysis 

Table 2 summarizes the results and comparisons on the VWB and 
Enschede data sets. RSGNN achieved better performances on most 
metrics. Especially for the msAP, it outperforms conv-MPN by 0.6% and 
1.3% on the VWB benchmark and the Enschede data set, respectively. 
For different thresholds of sAP, our algorithm outperforms L-CNN and 
HAWP by at least about 2 percentage points, showing the accuracy of 
recognition for different sizes of line segments. Besides, RSGNN also 
outperforms other comparison algorithms in most heat map based 
metrics. The accuracies of L-CNN and HAWP are relatively lower as they 
are designed mainly for indoor wireframe parsing tasks. Compared with 
these two methods, RSGNN results outperform in all metrics. This in-
dicates that while we draw on the advantages of end-to-end fast infer-
ence of these frameworks, the introduction of GNN’s in the framework 
has a good improvement on vector graph structural integrity. RSGNN 
stays behind conv-MPN on the msAPJ and APH, since the competitive 
method uses Faster R-CNN to pre-extract the junctions, while RSGNN 
does not require a pre-processing step. 

In terms of the training cost, conv-MPN is GPU memory intensive 
because 3D feature volumes are used. A single NVIDIA TitanX GPU with 
24GB memory is used for all the experiment, and two TitanX GPUs is 
applied for training conv-MPN (t = 3). It suggests that such exhaustive 
search training is costly. Conversely, the speed of RSGNN is roughly 
twice that of conv-MPN yet requires only one-fourth of the GPU mem-
ory. This finding demonstrates the effectiveness of our designed graph 
neural network module in inferring planar graphs of building roofline 
structures. 

In addition, Table 3 shows McNemar’s test comparison between the 
proposed method and other comparison methods on the VWB data set. 
All the values of the test results are below 0.05, which confirms that the 
difference in accuracy between the proposed method and state-of-the- 
art methods is statistically significant for each pair of compared 
methods. 

5.2. Qualitative results 

Fig. 9 and 10 show representative planar graph reconstructions by 
RSGNN and alternative methods on two data sets. RSGNN can retrieve 

Table 1 
Example of McNemar’s test contingency table.   

Model 2 positive Model 2 negative 

Model 1 positive a b 
Model 1 positive c d  

Table 2 
Evaluation results of different roofline extraction methods.  

Method VWB data set Enschede data set   
sAP5 sAP10 sAP15 msAP msAPJ APH FH sAP5 sAP10 sAP15 msAP msAPJ APH FH   

L-CNN 27.5 29.6 30.7 29.3 29.5 52.0 55.2 38.6 42.7 42.9 41.4 40.6 56.4 57.7   
HAWP 29.4 31.5 32.1 31.0 31.1 54.5 58.7 39.4 44.8 45.7 43.3 42.1 58.7 59.2   

conv-MPN 32.4 34.1 36.1 34.2 35.7 58.5 60.3 40.7 46.7 48.2 45.2 43.0 62.8 61.5   
RSGNN 31.6 35.3 37.5 34.8 34.6 57.8 61.5 41.3 46.6 48.6 46.5 43.8 62.4 63.6    

Table 3 
McNemar’s test results for the compared methods. p-value for the specific pair is 
shown in each cell.   

L-CNN HAWP conv-MPN RSGNN 

L-CNN 1.0000 - - - 
HAWP 0.0264 1.0000 - - 
conv-MPN 0.0001 0.0000 1.0000 - 
RSGNN 0.0015 0.0142 0.0000 1.0000  
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complex roofline structures of buildings without depending on any 
hand-crafted constraints or preliminary vertex detection. The connec-
tion relationships between line segments can be reconstructed properly 
for complex roof structures. L-CNN and HAWP perform poorly on the 
results in terms of positional accuracy and completeness. L-CNN 
network also results in many short line segments. By contrast, HAWP 
produces a relatively finer detection result, but some incorrectly con-
nected line pairs still exist. This may be caused by inaccurate junctions 
and line predictions. Also, the heuristic combination algorithm also 
leads to sub-optimal results. Conv-MPN has good visualization results, 
but its success relies on corners detection and line feature sampling, 
which might be prone to the missed junction and nearby texture vari-
ation. Besides those proposed completers methods, RSGNN is able to 
detect line segments in complicated and low-contrast environments with 

a trustable connection relationship between line segments. Meanwhile, 
with the addition of the HT block, the network becomes more sensitive 
to the linear details of the building rooftop, given the combination of 
local and global image information. 

5.3. Ablation studies 

5.3.1. Ablation study on different backbone networks 
To further push the performance of RSGNN, we also employ the 

recent HRNet (Sun et al., 2019), and Higher-HRNet (Cheng et al., 2020) 
as our backbone networks. These methods are originally designed for 
human pose estimation tasks and use more complex architecture design. 
For example, HRNet starts with a high-resolution sub-network (per-
forming convolution on high-resolution feature maps) in its initial stages 

Fig. 9. Comparative evaluations against competing methods on VWB data set. From left to right: Image, Reference, L-CNN, HAWP, conv-MPN and RSGNN.  
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and gradually adds some low-resolution sub-networks. Similarly, 
Higher-HRNet integrates feature pyramid into the HRNet, and aims to 
make the prediction at a higher resolution to reserve the features of 
small objects. Both of them are designed to preserve more high- 
resolution details, and they have state-of-the-art performance in many 
vision tasks related to geometric element detection. 

We conducted a comparative experiment on the VWB data set. 

Besides accuracy, we use the frames per second (FPS) for efficiency 
evaluation (the higher, the better). FPS defines how fast deep model 
processes video or images and generates the desired output. We compute 
the FPS for different methods under the same setting for fair compari-
sons. The batch size is set as 1, and a single CPU and GPU are used. 

As shown in Table 4, we found the tested two complex backbone 
networks perform better in terms of accuracy. By changing the backbone 
from hourglass to HRNet, we can get another 0.8 points gain without 
sacrificing too much speed. However, the FPS of hourglass-based 
method is better than that of the methods using complex backbone 
structures. This proves that our framework has room for further 
extension. 

5.3.2. Ablation study on HT blocks 
We evaluate the benefit of applying convolutions in the Hough 

domain. Moreover, we experimented with adding HT blocks to different 
backbones, and the results are shown in Table 4. The results demonstrate 
a certain degree of accuracy improvement, indicating that applying 

Fig. 10. Comparative evaluations against competing methods on Enschede data set. From left to right: Image, Reference, L-CNN, HAWP, conv-MPN and RSGNN.  

Table 4 
Comparison using different backbones.  

Methods msAP FPS 

Hourglass 34.3 15.4 
+ HT block 34.8 13.5 
HRNet 35.4 10.8 
+ HT block 35.6 10.2 
Higher-HRNet 35.7 9.6 
+ HT block 35.8 9.0  
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convolutions in the Hough domain is beneficial. The addition of the HT- 
IHT block versus the use of 3 × 3 convolutions results in a higher value. 
Adding more convolutions for merging and reducing channels slightly 
improves the metrics. However, we use these convolutions for practical 
reasons rather than to improve the performance. 

Local operations in the Hough domain are related to global opera-
tions in the image domain. Filtering in the Hough domain is locally 
conducted over the offsets for each angle direction. In this method, 
channel-wise 1D convolutions are performed in the Hough domain over 
the offsets. Fig. 11 presents an example where the input feature map 
lines are noisy and discontinuous. 

5.3.3. Ablation studies on different layers of Res-GCNs 
We also evaluate our RRM with different layers of Res-GCNs. We 

show the msAP on the VWB test set from two to seven layer Res-GCNs in 
Fig. 12. The best performance is achieved with three layer Res-GCNs. 
The performance of deeper Res-GCNs shows a gradual decrease as the 
number of layers increases. It suggests that deeper GNN does not imply 

higher sAP. Due to the deepening of the number of model layers, it may 
lead to learning difficulties or even overfitting. 

In another ablation research using CNN, MLP, and GCN, we added 
CNN layers to the CNN backbone and substituted GCN with MLP in our 
proposed RRM to maintain the same layers and feature dimensions. 
Results turn out that GCN has an increase of 2.3% in sAP, while MLP and 
CNN only achieve 0.8% and 1.4%, respectively. We find that Res-GCN, 
which effectively aggregates with context information, can improve 
line segment extraction. 

5.4. Discussion 

Our method is not perfect. Fig. 13 shows failure examples. The main 
failures come from missing line segments in remote sensing images with 
complex roof structures. If no building line segment is detected, the 
subsequent relational inference is also affected to some extent. This is 
our disadvantage compared to previous studies (Zhang et al., 2020). But 
on the other hand, since the RSGNN is an end-to-end trainable network, 
we have a large improvement in computational efficiency. In addition, 
we believe that the current framework of this study needs to go beyond 
straight and regularized lines and regard other types of curved object 
boundaries in complex scenes. 

Further, we believe that there is still much to analyze and explore 
from a data perspective. There are mainly two reasons for the bad re-
sults. The first is the data noise in the high resolution remote sensing 
images, as well as poor background contrast and complex roof structure. 
Second, the way of labeling and accuracy of the reference data have 
impacts on the learning effect of the model. For example, in the 
Enschede data set, the official BAG vector data and ortho-photographic 
images do not precisely match in some areas. In addition, because we do 
scaling for each image patch during pre-processing, tiny changes 
alongside the outline area make it harder for the model to learn ulti-
mately. Also, we only labeled the key eave lines, but most of the complex 
roofs have other linear structures. These are the areas that need to be 
optimized in future data sets. 

Fig. 11. Noisy local features aggregate globally by learning filters in the Hough domain. From the left to the right: (a) Input feature map with discontinuous lines. (b) 
Output of the HT layer. (c) Result after filtering in the Hough domain. (d) Output of the IHT layer, which receives the filtered Hough map as input. As can be seen, the 
lines are now visible. 

Fig. 12. Model performance using different layers of Res-GCNs in the RRM.  

Fig. 13. Example results of failure cases.  
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6. Conclusion 

In this work, we proposed an end-to-end learning framework named 
RSGNN for planar roof structure extraction in polygon format. Given the 
input VHR remote sensing image, RSGNN can automatically extract the 
planar roof structure of the buildings. 

Our framework combines primitive detectors and GNN-based rela-
tionship inference. We introduce applying the Hough transform modules 
to exploit geometric priors for improving line feature detection. Besides, 
we introduce Res-GCN to tackle the vanishing gradient problem in GNN. 
The results on two data sets show that our methods perform better than 
competing models in both qualitative and quantitative evaluations. 
RSGNN provides an increase of 0.6/1.3 and 1.2/2.1 for msAP and FH on 
two data sets against state-of-the-art methods using only half of the 
training time, respectively. 

We consider this work a step forward with respect to state-of-the-art 
methods for building outline extraction in vector format, and potentially 
the basis for 3D building modeling from remotely sensed imagery. Our 
workflow promises to enable richer architectural modeling and analysis 
for broad urban visualization and planning applications. 

We plan to improve the framework from the following perspectives 
for future work: 1) introducing multi-source data fusion to improve the 
extraction of complex roof structures. 2) extending the framework of 
predicting single building roof structure to the patch scale. 
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