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ABSTRACT

Roofs are fundamental parts of buildings, and mapping their structure represents an active and emerging research
area in urban-related studies. Knowing roof characteristics can lead to more accurate and detailed 3D building
models. Creating detailed 3D Building models involves more than just the basic shape of the building; it also
includes the structural details of the roof. 3D Building models can derivate into highly detailed 3D city models,
opening up a world of applications, such as enhanced urban planning, solar potential estimation, telecommunica-
tions planning, transportation, and creating digital twins for urban planning.

The rapid advancements in remote sensing technologies have allowed a variety of new datasets for geospatial
analysis. In the same way, machine learning has experimented with similar growth, mainly deep learning. The
potential for accurately and efficiently deriving object features from images is increasingly promising. While nu-
merous deep learning approaches for extracting roof structures have been proposed, challenges persist. These
include the regularization of output, false detections and misclassifications, and low computational efficiency.
These ongoing issues highlight the need for continued research and innovation.

This study explores a cutting-edge deep learning method for planar graph reconstruction applied to building roof
structure extraction. A framework has been designed to delineate and extract regularized building roof plane struc-
tures, using aerial imagery and the building footprint information across an entire area. The framework is built on
top of the work developed by Chen et al. (2022) Holistic Edge Attention Transformer (HEAT), which harnesses
the power of an attention-based neural network deployed to detect corners and classify interconnecting edges for
planar graph reconstruction in RGB images. In addition, the generated roof plane structures have been tested for
their applicability in generating a 3D city model by integrating information from the Digital Surface Model (DSM),
Digital Terrain Model (DTM), and Normalized Digital Surface Model (nDSM). The process was performed by
using 3D tools from Geographic Information Systems (GIS). The performance of the approach was evaluated
using extensive quantitative metrics and qualitative visual analysis.

The research is founded on experiments conducted in three distinct geographical locations with different topolo-
gles of roof structures: the Stadsveld — 't Zwering neighborhood, and the Oude Markt area, in Enschede, The
Netherlands, and the Lozenets neighborhood in Sofia, Bulgaria. The approach started by using the pre-trained
HEAT model for outdoor architecture reconstruction to harness the model's learned planar graph reconstruction
knowledge. Subsequently, the model underwent training on datasets created from the Stadsveld — 't Zwering neigh-
borhood, Lozenets neighborhood, and a combination of both datasets.

The results show that the models tailored to specific study areas delineate building inner roof plane structures with
the same performance as the model trained on a combined dataset. However, when the models were tested in the
Oude Markt, the model trained with a combined dataset demonstrated superior performance with an F score value
of 0.43 for building inner roof plane delineation against the F score value of 0.37 from the model trained only on
the Stadsveld — 't Zwering neighborhood dataset, and 0.32 from the model trained only on the Lozenets dataset.
The obtained building inner roof planes show substantial potential for urban applications and continuous improve-
ment. Through this study, we explored new pathways for improving computational efficiency in detecting and
extracting roof plane structures, thus contributing to advancing urban-related studies and a step forward in auto-
mated frameworks for digital twin cities.

Keywords: Image processing, Image analysis, deep learning, planar graph reconstruction, roof structure extraction,
roof vectorization, Holistic Edge Attention Transformer, Python, GIS, 3D city modelling.
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AUTOMATIC BUILDING ROOF PLANE STRUCTURE EXTRACTION FROM REMOTE SENSING DATA

1. INTRODUCTION

1.1.  Background and justification

The rapid development of urban landscapes and the lack of available land in urban areas have promoted the
development of infrastructures above and below the ground surface (Shojaei et al., 2018). With these
developments, new challenges arise, such as 2D models and 2D cadastral registration systems are non-suitable for
capturing the relationship between people and property (Van Oosterom, 2013). In this sense, 3D city models
propose a solution to capture and record all these new vertical developments as 3D Geographic Information
Systems (GIS) proposes new techniques for 3D geometric and semantic modelling of urban areas (Hajji et al.,
2021). Moreover, 3D city models are helpful for various applications related to disaster management, energy, real-
state, urban development, and tourism and as the first step toward Digital Twin Cities (Dimitrov & Petrova-
Antonova, 2021).

3D city models provide a platform for performing analytical and simulated analyses considering scenarios revealing
emergent patterns and behaviors (Peters et al., 2022). However, the intricacies associated with urban features pose
considerable challenges for building end-to-end frameworks that span from building data extraction to the final
stage of 3D model reconstruction (Soildn et al., 2018). The delineation of building roofs within the urban landscape
is emerging as a focal point of contemporary research. (Sun, 2021). One of the critical steps in 3D building
modelling is roof segmentation, which involves dividing the individual roof planes of buildings. This step is crucial
as it forms the basis for the subsequent reconstruction of the 3D building models at a higher level of detail (J.
Huang et al., 2022).

The research on automated extraction of roof plane structures in vector format remains relatively limited (Zhao et
al., 2022). While manual extraction of roof structures is feasible, it is not practical for large-scale projects due to
the significant involvement of time and cost (Ok, 2013). In this context, machine learning and deep learning
methods have emerged as promising solutions to tackle this challenge (Ma et al., 2019). These methods enable the
automation of object delineation, encompassing different features (e.g., buildings, roads, roofs, parcels) while
facilitating efficient and accurate feature extraction (Qin et al., 2019). However, a key obstacle in computer vision
research involves mimicking human-level perception to reconstruct comprehensive geometric structures from
images, particularly in areas of complex topology. This complexity manifests in the conventional problem of pixel-
grouped building extraction and the extraction of these structures (F. Zhang et al., 2020). Attempts to address this
topic yielded results predominantly in raster format. Several techniques to extract building footprints in vector
format have been proposed in the past few years. For instance, The Frame Field Learning method developed by
Girard et al. (2020), and the end-to-end learning framework based on PolyMapper developed by Zhao et al.(2021),
among others.

Recent research efforts are oriented to obtain more regularized (aiming to produce straighter edges in the output)
vector format results (Zhao et al., 2022). By exploring and developing end-to-end frameworks to generate accurate
planar graph reconstruction of buildings (Ye et al., 2019), considering the diversity of input remote sensing datasets
and the complexity of different study areas. However, despite these advances, this problem remains considerably
challenging (Zhao et al.,, 2021). Getting the capacity to perform holistic structure reasoning, such as graph
reconstruction detivate from corners and edges, remains a challenging task for end-to-end neural networks (Chen
et al., 2022).
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A recurring challenge in the field is obtaining, processing, and preparing suitable datasets for developing automated
feature extraction methods. Furthermore, the complexity of the processing areas can be derived into inaccuracies
in the extracted features, such as occlusions, and imprecise borders, among other issues (Golnia, 2021). These
challenges have been acknowledged in recent studies developed by Girard et al.(2020) using convolutional neural
networks and the research on contour-based methods carried out by Marcos et al.(2018)

Understanding the configuration of building roof plane structures is essential for constructing accurate and detailed
3D models. Before starting the process of 3D model reconstruction, it is essential to define the desired level of
detail (LOD) to be reached. (Kolbe et al., 2005) define the concept of "Levels of Detail" (LOD) as a hierarchical
division of the geometric and semantic representation of objects in a 3D city model. As defined by Kolbe in the
City Geography Markup Language (CityGML) standards, LODs have different levels going from 0 to 4, as
explained in Table 1. Figure 1 illustrates the classification of LOD from level 1 to level 4. LOD2 3D building
models incorporate the characteristics of building rooftops, such as pitch and geometry configuration, yielding a
more comprehensive and appealing representation (Lee et al., 2009) than their counterpart LOD 1.

Table 1. Levels of Detail division proposed by Kolbe et al. (2005).

Levels of Detail (LOD) | Description
LOD 0 Representing the terrain without any digital building block
LOD 1 A digital block model of a building without any architectural details
LOD 2 A digital block building with a standard roof structure
LOD 3 A digital block building with a detailed roof structure
LOD 4 A digital block building with an interior structure
LOD1 LOD 2 LOD 3 LOD 4

Figure 1. The four levels of detail defined by CityGML(Biljecki, 2013).

The new varied amount of remotely sensed datasets has allowed the development of new approaches for 3D
construction. Nevertheless, there are challenges related to the quality of the available dataset, as not all remote
sensing datasets are suitable for 3D model construction (Gui & Qin, 2021). For example, using satellite imagery
with finer spatial resolution challenges the detection and extraction of different details for building 3D city models,
particulatly in areas with densely packed buildings, as the complexity of the building structures, shadows, and
occlusion that can obscure part of the scene (P. Liu et al., 2019).

Nevertheless, reconstructing 3D models (LOD2) with diverse and complex roofs remains challenging. Recent
research developed by Peters et al. (2022) shows the feasibility of developing automated 3D model construction
by combining building footprint information with light detection and ranging (LIDAR) point cloud data to create
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3D models subsequently upgraded by using the roof plane structure information. However, LIDAR is not
universally accessible due to its expensive costs; hardware, software, high skills technicians, data volume, and
maintenance (Lopac et al., 2022) make it impossible for everyone to obtain highly detailed 3D models.

Aligned in the path of 3D building models and 3D city models, the concept of digital twin cities has gained
significant importance (Deng et al., 2021). Research around this topic is focused on: 1) Exploring new ways to
extract complex geometries of the urban environment, II) integrating massive point cloud information to complex
objects, I1I) understanding relationships between urban features, IV) creating Digital Twin Cities at a high level of
detail and V) exploring effective automated strategies for the creation of Digital Twin Cities that incorporates
dynamic objects (F. Xue et al., 2020).

Based on the many challenges of obtaining information about the roof structures from remote sensing datasets.
This research explores a state-of-the-art method for planar graph reconstruction applied to building roof structure
reconstruction. An innovative framework for reconstructing and extracting regularized building roof plane
structures from aerial imagery and the building footprint is proposed. In addition, the obtained outputs are used
to generate LOD2 3D city models, thus contributing to advancing urban-related studies and applications.

1.2.  Research problem

The key role that 3D building models can play in tackling urban issues underscores the need to develop approaches
for automatically delineating and extracting building roof-plane structures to create LOD2 3D city models
(Kenzhebay, 2022). While current research has made significant progress employing image segmentation
techniques for roof structure extraction, these studies' outputs predominantly yield results in raster format (Sun,
2021). Few research efforts have focused on extracting building roof-plane structures in vector format (Zhao,
2022). Moreover, the lack of transferability in some deep learning methods limits their application to specific areas
where they were developed, as changing their target areas could drastically affect model performance (Jiang et al.,
2022)—presenting notable gaps in the current field of study.

In order to overcome the mentioned challenges, this research aims to develop a deep learning-based framework
to automatically extract building roof plane structures in vector format from aerial images across a complete scene.
The proposed framework aims to scale up the application of the work developed by Chen et al. (2022). In addition,
this study aims to test the application of the generated buildings' roof planes structure by integrating them with
Digital Surface Model (DSM), Digital Terrain Model (IDTM), and Normalized Digital Surface Model (nDSM)
datasets to generate LOD2 3D city models. Therefore, this research integrates deep learning, GIS, and remote
sensing for automated building roof structure extraction for LOD2 3D city model creation.

1.3.  Research objectives

1.3.1.  General objective

The main objective of the research is to develop a deep learning-based framework to reconstruct and extract
building roof plane structures in vector format from high-resolution remote sensing data and use it for building a
LOD2 3D city model.
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1.3.2.  Specific objectives:

The proposed research thesis aims to use a deep learning (DL)-based method to extract building roof plane struc-
tures in a regularized vector format from aerial imagery. To achieve this aim, the following specific objectives (SO)
and related research questions have been defined:

SO 1: To acquire knowledge in planar graph reconstruction from 2D raster images;
1. What is the process for planar graph reconstruction?
2. How to apply planar graph reconstruction for building roof plane structures extraction?

SO 2: To prepare the dataset for the further deep learning-based approach
1. What dataset and resources are needed to implement the selected approach?
2. What further data processing is needed?

SO 3: To design a deep learning-based framework to extract building roof plane structures in vector format from
aerial images

1. How can the selected deep learning approach for planar graph reconstruction be adapted to extract building
roof plane structures?

2. How to apply the developed framework in two different selected study areas?

SO 4: To develop a LOD2 3D city model from the obtained roof plane structures vector format dataset.
1. What is the level of detail of the obtained 3D models?
2. What are the further improvements for the obtained 3D model?

SO 5: To assess the performance of the developed approach
1. What are the performance differences between the two study cases?
2. What are the strengths and limitations of the developed approach?

14.  Conceptual framework

The conceptual framework shown in Figure 2 presents the interrelationships between the main concepts of the
present research. The recent availability of different earth observation technologies has unlocked an unprecedented
array of diverse datasets creating new opportunities for numerous studies and applications. Nevertheless, the vast
amount of data collected makes it necessary for automated technologies to speed up and simplify formerly manual,
labor-intensive procedures. In response to this need, computer vision techniques, such as deep learning, are
especially well-suited to assess the vast amounts of data from remote sensing technologies since they can
understand complex patterns and correlations (Persello et al., 2022).

In the current research, a deep learning-based framework will be built to automatically delineate and extract
building roof inner planes in vector format from aerial imagery and building footprints. Moreover, the obtained
outputs will be combined with DSM, DTM, and nDSM to generate LOD2 3D models using GIS tools. Deep
learning methods applied to remote sensing datasets present a cutting-edge path for data analysis, automated
feature extraction, and 3D modelling.

10
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Figure 2. Conceptual framework.

1.5. Thesis structure

The structure of this thesis unfolds as follows:

Chapter 1. Introduction
This chapter provides the contextual background and justification of the study, presenting the research problem
alongside the main goal and queries it seeks to address.

Chapter 2. Literature review
This chapter presents a review of pertinent literature related to building roof structure extraction. Different
methods are presented in this section.

Chapter 3. Materials and methodology

This chapter presents an overview of the research methodology and materials employed in the study., followed

by an explanation of each stage involved, including data preparation, planar graph reconstruction, vectorization,
and subsequent post-processing. Further, the delineation of the evaluation metrics is also presented in this part.

Chapter 4. Results and analysis
This chapter presents qualitative and quantitative evaluations conducted in the study, along with an analysis of
the obtained outcomes.

Chapter 5. Discussion
This chapter presents an extensive discussion of the obtained results, followed by thoughtful suggestions for fur-
ther potential improvements on the scope of this reseatch.
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Chapter 6. Conclusion
This chapter presents the key findings of the research and answers to the research and provides answers to the
research questions. Therefore, summarizing the aim of this research.

1.6.  Summary

This chapter gives information on the background of the research, followed by the main problem, general and
specific objectives of the study. To summarize, the research aims to employ a deep learning-based method to
reconstruct and extract building roof planes in standardized vector format and thus could be used to generate 3D

building models.

12
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2. LITERATURE REVIEW

21. Data sources

Roof structute reconstruction from remote sensing datasets is an essential task in urban geospatial studies and has
become a continuing field of study(Zhao, 2022). This task can be conducted using different remote-sensing
datasets. LIDAR point clouds have gained popularity due to their highly dense information, which makes it
possible to segment roof structures and obtain the roof planes with relatively high accuracy (Elberink & Vosselman,
2009). Despite this, LIDAR is not a technology accessible to many, and obtaining roof planes from LIDAR carried
some difficulties in distinguishing boundaries adjacent to other objects (Hang & Cai, 2020).

In contrast, Remote Sensing imagery, particulatly very high-resolution (VHR) imagery, provides vast amounts of
spatial and textural information. VHR remote sensing data possesses several advantages; it is versatile, allowing
acquisition at different scales and areas; it can be easily accessible to users due to the availability of numerous open
data resources with relatively low or even zero cost depending on the area to be acquired (Lu & Weng, 2007).

An alternative strategy involves the fusion of various datasets, as suggested by (Alidoost et al., 2019) and
(Awrangjeb et al., 2013). However, this approach comes with its challenges, such as compatibility between datasets,
as different datasets may have different collection methods, acquisition times, precisions, accuracy, and resolutions
among a diversity of characteristics depending on the origin of the data, which entails different integration process
challenges (K. Liu et al., 2020).

2.2.  State-of-the-art deep learning methods in structured geometry reconstruction

Following the classification presented by Chen et al. (2022), three groups of structured geometry reconstruction
algorithms were identified.

2.21. Traditional methods

Structured geometry reconstruction is an active topic in computer vision research, focusing on transforming raster
data into vectorized geometries. This conversion includes and is not limited: to wireframes, planes, room layouts,
floorplans, and polygonal loops. Traditional methodologies are developed based on low-level image processing
techniques such as the Hough transform (Cui et al., 2012) or superpixel segmentation (Bauda et al., 2015). Further
development in the field has led to the proposal of more advanced methods, examples of which include graphical
model inference based on graph cuts for planar reconstruction (Sinha et al., 2007), dynamic programming for
floorplan recovery (Pintore et al., 2018), among others.

2.2.2. Hybrid systems that incorporate deep learning approaches

Deep learning has recently gained popularity for reconstructing vector geometries (Lundervold & Lundervold,
2019). Most cutting-edge systems adopt a two-stage process: First, neural networks are used to identify low-level
primitives features such as corners, edges, and region segments. Then, optimization methods are used to assemble
all components into the final models (K. Huang et al., 2018).

The works developed by (Nauata & Furukawa, 2020) and (Chen et al., 2019) are clear examples of the mentioned
two-stage process. Their works rely on Mask R-CNN (He et al., 2020) to detect primitive features, followed by an
optimization technique such as integer programming to assemble the planar graphs for outdoor building
reconstruction and indoor floorplans. The MonteFloor method (Stekovic et al., 2021) employs a similar detection
strategy but relies on Monte Catlo Tree Search to reconstruct planar graph structures. Despite their effectiveness,
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these optimization/search techniques requite manual, domain-specific algorithm design and exhibit significantly
slower testing times. The work developed by F. Zhang et al.(2021) focuses on exploration and classification steps
to make up a novel strategy that results in a better solution.

2.2.3. End-to-end neural networks.

End-to-end neural architectures are gaining popularity owing to their ability to reduce the need for manual
engineering and deliver rapid inference. The domain of wireframe parsing (I<. Huang et al., 2018), L-CNN (Zhou,
Qi, & Ma, 2019) demonstrates this by adapting a Convolutional Network (ConvNet) for junction detection,
followed by an edge verification network responsible for the classification of each edge candidate.

Models such as PPGNet (Z. Zhang et al., 2019) and HAWP (N. Xue et al., 2020) propose more innovative designs
while following the two-stage framework similar to L-CNN. (Zhou, Qi, Zhai, et al., 2019) extend the scope of the
wireframe task to 3D by jointly estimating depths and vanishing points along with geometric primitives. However,
these techniques treat edge candidates independently.

ConvMPN, another type of graph neural network explicitly designed for planar graph reconstruction, represents
another approach (F. Zhang et al., 2020). The work developed by Zhao et al. (2022) proposed a novel design based
on two components 1) multi-task learning for feature extraction and 2) Graph Neural Network. The approach is
applied for planar reconstruction/extraction of rooftops in satellite imagery. The recent success of the
Transformer-based object detector models, such as the DEtection TRansformers (DETR) model, has inspired its
application to wireframe parsing by LinE segment Transformer (LETR) model. DETR/LETR employs "dummy
nodes" as storage placeholders for detection responses and avoids heuristic-based steps like non-maximum
suppression (Xu et al., 2021).

In contrast, to all the exposed methods above. The Holistic Edge Attention Transformer (HEAT) method
developed by Chen et al.(2022) based on an attention-based neural network is a state-of-the-art end-to-end method
for planar graph reconstruction. It infers an overarching structure by learning comprehensive structural patterns.
In addition, the attention-based architecture allows the model to focus on specific areas (corners and edges) of the
input data relevant for planar graph reconstruction; this has shown superior outcomes in comparison with the
ConvMPN method according to the exposed in his work. On the other hand, DETR/LETR uses "dummy nodes"
as placeholders to store detection results. These "dummy nodes" ate essentially slots where the model can place
predictions for where objects are in an image. If the model predicts fewer objects than the maximum number of
slots, the remaining slots are filled with "dummy" predictions that indicate no object (Xu et al., 2021). In contrast,
HEAT works on all "edge candidates" instead of dummy nodes throughout its designed decoders and learning
strategy. By considering all edge candidates, this model may be able to more effectively understand the overall
structute of the scene compared to DETR/LETR, which focuses on detecting individual features.

23.  Summary

This chapter reviews the primary data sources and cutting-edge methodologies deployed for planar graph
reconstruction. Although LIDAR point clouds serve as precise input data; however, they may be unavailable or
cost prohibitive. Contrariwise, aerial imagery offers rich optical data and can be obtained for large regions at little
cost compared with LIDAR, making them a beneficial alternative. Moreover, the fusion of diverse data sources
has become a common strategy in this field. From all the revised approaches, the end-to-end approach developed
by Chen et al. (2022)is the state-of-the-art method for planar graph reconstruction.
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3. MATERIALS AND METHODOLOGY

3.1.  Study areas and dataset

The presented research will be focused on two different areas, which are presented below:

1. Stadsveld — 't Zwering area, nestled in the central, southeastern area of Enschede, The Netherlands.
(Figure 3). The area covers an area of approximately 153 hectares, containing a diverse blend of urban
structures with various modern building types: residential, commercial, and public buildings. Notably,
residential buildings emerge as the predominant structures in this area (Kenzhebay, 2022).

ENSCHEDE

< STUDYAREA

254800 255000 255200 255400 255600 255800 256000

Figure 3. Location of the reference area Stadsveld — 't Zwering , in The Netherlands.

2. Oude Markt area, situated in the center of Enschede, The Netherlands. (Figure 4). covers an area of
approximately 6 hectares. Moteover, it is encompassed by a diverse array of buildings, from historical to
public, and plenty of commercial buildings (Van Melik, 2009).
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Figure 4. Location of the reference area Oude Markt, in The Netherlands.

Lozenets area, located in the south-central area of Sofia, Bulgaria. (Figure 5), covers an area of around
812 hectares. The area is divided into two main areas: Upper and Lower Lozenets. Lower Lozenets
borders the center of Sofia and primarily consists of diverse and dispersed building block structures,
commercial buildings, industrial structures, and many green areas. Upper Lozenets hosts several modern
structures, communist-era apartment blocks, and historical buildings and currently undergoing
regeneration, with many new constructions cropping up (Sandrini & Ii, 2022). This area represents a rich
configuration of many different building structures and configurations.
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Figure 5. Location of the reference area Logenets, Bulgaria.
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The study area selection was guided by the ambition of cities to transition towards LOD2 3D modelling and digital

twinning (Rezaei et al., 2023). This move aligns with the current research lines of “The Big Data for Smart Society

Institute (GATE)"” from Sofia, Bulgaria, which collaborates with this research, providing us with access to quality

datasets (aerial imagery, building footprints, cadastral information), as well as the service provided by the Public

Services On the Map (PDOK), which is a service provided by the Dutch government that allows public geographic

information in the Netherlands to be made freely available as open data. The datasets used in the current research

are presented in Table 2.

Table 2. Dataset content.

Location

Data

Source

Stadsveld — 't Zwering,
Enschede,

Orthophoto (8 cm) from aerial imagery,
2020

Buildings, inner roofs planes

Public Services On the Map (PDOK)

Produced by the author
Public Services On the Map (PDOK),

The Netherlands oo ) edited by the author to reduce
Buildings footprints , L
mismatches between the aerial images
and the building footprint.
2001'2t}210photo (8 cm) from acrial imagery, Public Services On the Map (PDOK)
Buildings, inner roofs planes Produced by the author
Public Services On the Map (PDOK)),
Buildings footprints edited by the author to reduce
Oude Markt mismatches between the aerial images
Enschede, and the building footprint.
The Netherlands DSM 0.2m resolution derived from AHN4
(Point Cloud), 2020
DTM 0.2m resolution derived from AHN4
(Point Cloud), 2020 Water Board House
nDSM 0.2m resolution detived from AHN4
(Point Cloud), 2020
Orthophoto (10 cm) from aerial imagery,
Lozenets, 2020 GATE
Sofia, Buildings footprints Produced by RMSI with the support
Bulgaria of the author from a dataset provided

Buildings, inner roofs planes

by GATE

*RMSI is a consulting company hired to digitize the buildings' inner roofs planes and buildings footprints in the

study area of Lozenets, Sofia, Bulgaria.

Based on the presented dataset, three main stages for its use have been defined, as shown in Table 3.

1 https://gate-ai.eu/en/home/
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Table 3. Dataset and its use across the current research.
The training dataset for ~ Building inner roofs planes
DATASETS the further deep learning delineation/extraction
model (Testing)

3D Modelling
(Testing)

Stadsveld — ’t Zwering,
Enschede,

The Netherlands
dataset

Oude Mark,
Enschede,

The Netherlands
dataset

X X

Lozenets,
Sofia,
Bulgaria
dataset

3.2.  Overall methodology

This research uses a deep learning-based framework for automatic building roof plane extraction in vector format
from remote sensing data (acrial images, vector shapefile dataset). The developed deep learning framework will
undergo testing in two areas to analyze its performance across different scenarios. Subsequently, the roof vector
outputs from the deep learning approach will be combined with Digital Elevation Models (DEMs) for 3D city
models. The overall research consists of five consecutive phases, which are outlined as follows:

Phase I: Data preparation: This stage involves the generation of reference data for the selected study areas,
automation of the data preparation process for its application to the chosen deep learning model, and the splitting
of the dataset into training, validation, and testing subsets. For the current framework, the approach assumes the
availability of the building footprint needed to create the samples and the required information to be used in the
framework. In the current research, the building footprints for The Netherlands dataset were obtained from the
PDOK portal and manually edited to correct mismatches with the aerial imagery. In the case of the dataset for the
Bulgaria study area, the building footprints were manually digitalized.

Phase II: Training the deep learning model: This Phase is related to training the selected deep learning model
using various training datasets (Enschede, Sofia, and a combination of Enschede and Sofia) to obtain the different
models that can be employed in our study areas.

Phase III: Building roof planes extraction: This Phase involves converting the building roof planes, which have
been generated and encoded in a Python dictionary during the previous phase, into vector-format building roof
planes. In addition, several experiments in different areas were conducted to appraise the developed model's
performance and identify potential avenues for refinement and challenges to the developed framework.

Phase IV: 3D Modelling: This Phase is related to using the extracted building roof planes for 3D modelling.

Phase V: Method evaluation: This Phase consists of defining and applying various predetermined and defined
metrics at different stages of the research for evaluation.

A detailed overview of the proposed methodology is illustrated in Figure 6.
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Figure 6. Methodological Flowchart of the research.
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3.3. The architecture of the HEAT model

Based on the literature review, the Holistic Edge Attention Transformer (HEAT) was chosen to be adapted as the
deep learning model used for the current research. Developed by Chen et al. (2022), HEAT is a novel attention-
based neural network model for planar graphs reconstruction from 2D raster images using an end-to-end
transformer-based neural architecture, depicting the underlying geometric structures. The architecture consists of
several key components, which are detailed as follows:

Trigonometric positional encoding. The HEAT model uses a trigonometric positional encoding scheme to encode the
spatial information of the input image. The process involves mapping the coordinates of the features to a
continuous space and then applying the sine and cosine functions to generate the positional encodings. This
strategy enables the network to learn the underlying geometric structures of the image by capturing the relative
distance and spatial relationships.

Deformable attention: The HEAT model uses a deformable attention mechanism to attend its focus on different parts
of the input image. The deformable attention is used to fuse multi-scale image features from the used backbone
of each edge candidate. This allows the model to focus on the most relevant parts of the image to enhance its
ability to reconstruct the planar graph.

Weight-sharing Transformer decoders: The HEAT model uses two weight-sharing Transformer decoders as the technical
core of the approach. These decoders learn the geometric relationship patterns between the edges and corners and
exploit image information. In that way, HEAT can classify each edge candidate as incorrect or correct. By using
weight-sharing transformer decoders, the model can use the power of transformer architecture to capture the
complex relationships of all features (corners and edges ). The weight-sharing components allow the network to
learn from images and the geometric pattern, allowing an accurate reconstruction of the planar graph on the raster
information.

Mastked learning strategy and iterative inference: The entire system is trained end-to-end with a masked learning strategy.
The idea behind the masked learning strategy is to randomly mask some ground-truth labels for the edge candidates
during training. Expressly, for each edge candidate, the ground-truth label is randomly set to one of three states:
(T) true, (F) false, or (U) unknown. The network is then trained to predict the missing labels for the unknown
states. This allows it to learn the underlying geometric structures and push the frontier of end-to-end neural
architecture for structured reconstruction.

The testing phase uses an iterative label inference process. The inference is conductive iteratively, from the most
confident to the harder. This process involves updating the model's predictions over three iterations, using a
decoder that considers the image's content. All items labeled as (U) are in the state mask at the first iteration. In
the second iteration, the model updates these labels based on its confidence predictions score. If the confidence
prediction score for an edge is less than 0.01, the edge is updated and labeled as (F). If the confidence predictions
score exceeds 0.9, the edge is updated and labeled as (T). All other edges retain the (U) label. In the final iteration,
the model uses a confidence threshold of 0.5 to make its final predictions. This iterative inference process allows

the model to refine its predictions over multiple passes, potentially leading to more accurate results.

The HEAT model is characterized by three stages. The first stage is edge node initialization. HEAT statts by
detecting corners using a corner detector. The corner detector model is a variant of the edge classification HEAT
model. In the corner detector model, pixels are considered corner candidates and become the nodes. Instead of
treating every pixel in the image space as a candidate, each 4x4 “superpixel” is treated as a node to reduce the
memory cost. Each pair of detected corners is considered a potential edge candidate. Then each edge candidate
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becomes a transformer node. Then each transformer node is initialized by a positional encoding strategy using
equation 1, f¢oorq, which uses a 256 — dimensional trigonometric position encoding y(t) defined in equation 2,
and w; a central component of this function defined in equation 3. y(t) encodes the positional information of
the corner in a structured manner.

fcoord = Mcoord[ y(ef)ry(ef)r y(ef), y(ezy ]r ¢y

y(t) = [ sin(wyt), cos(wyt), ...sin(wsqt), cos(wz1t) ],  (2)
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Where, e, and e, are the two corners (considered as an edge candidate). ef and ef denotes the x and y
coordinates of the corner e; respectively. Mgorg is a 256x256 learnable matrix for linear mapping. The function
Y (t) captures the information about the relative distances between coordinates. Encoding this information can
improve the accuracy of corner detection by considering the spatial relationship of corners and capturing patterns
that might occur at different scales within the images. Figure 7 shows a diagram that illustrates the edge initialization
process.
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Figure 7. Edge Initialization (Chen et al., 2022).
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DETECTION

The second stage of the model is the edge image feature fusion and edge filtering. First, edge nodes extract image
features from the feature maps produced by a ConvNet backbone (The architecture of this ConvNet is composed
of a ResNet backbone and a Transformer encoder borrowed from Deformable-DETR to build a 3-level image
feature pyramid, with shapes of 64x64x256, 32x32x256, and 16x16x256). For each level (1=1,2,3), froora is used
to generate sampling locations around an edge and the attached attention weight associated with them for
aggregation, defined in equations 4 and 5.

Al = Mllocfcoordr €]

w! = SOftmax(M(lzggfcoord) (6))
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Where M}, and Mcllgg are learnable weights for the feature level 1. A contains four relative positions from the
center of an edge for a certain level of the feature pyramid. These positions are likely used as sampling locations
for feature extraction, and w' stands for the corresponding attention weights, normalized, to sum up 1 using the
softmax function. This determines the probability that the model should focus on the features extracted from
different parts of the images. These values are used to calculate fi,4(equation 6) at the edges, which represents
the information the model extracts from the image at the edges.

, e +e AL(D)
fimg = z:l3=1 Z?=1 ! (l)[MilmgBl( 211+22 + 21+1)] ©)

Where fimg is the image feature at each edge, which is a 256-dimensional vector, M l-lm g is alearnable weight matrix

of level 1 (1=1,2,3). B! stands for the feature map at level 1 of the feature pyramid. In resume, the model extracts
feature from the image at each edge, then transforms this feature using a learnable weight matrix, and focuses on
different parts of the images by using an 8-way multi-head attention strategy. The resulting image features are then
combined with the positional encoding to create a final fused feature for each edge. This is done by obtaining a
fused feature f (equation 7) as in the original transformer, by a standard add-norm layer, and a feed-forward
network (FFN).

f =FFN (Add&Norm(fimgrfcoord ) O

This mechanism allows the network to selectively attend to different parts of the images and extract the relevant
features of each edge candidate. This fused information is combined with the positional encoding of the edge
nodes to obtain a refined feature representation for each edge candidate. The second stage involves filtering out
edge candidates unlikely to belong to the reconstructed planar graph. By applying a Weight-Sharing Transformer
Decoder, the model analyses the refined feature representation of each edge candidate. The transformer decoder
is trained to identify geometrical patterns and learns to recognize arrangements between edges based on structural
geometry patterns. The Transformer Decoder classifies each edge candidate as likely to belong to the planar graph
structure or not. The HEAT framework can refine the edge nodes and produce a more accurate representation of
the planar structure being reconstructed.

The corner detector model, the edge classification model, and the transformer decoder are trained jointly. This
allows the different patts of the model to learn from each other and improve the learning/inference performance.
Figure 8 illustrates the edge image feature fusion and edge filtering of HEAT.
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Figure 8. The edge image feature fusion process (Chen et al., 2022)

The third stage of the model is the final edge inference with weight-sharing transformer decoders. The “Image
Aware Decoder” takes the fused features of the edge and conducts Holistic edge self-attention to understand the
context in which each edge exists within the structure. The self-attention mechanism enables the model to attend
to different edges within the images and learn their dependencies by assigning weights to each edge based on its
relevance against others.

The second decoder. “The Geometry-only decoder” only takes the coordinates features from the node initialization
step and has no access to the image information. It shares all the weights with the image-aware decoder and is only
used during training as a regularization.

The total loss function used in HEAT framework for training is comprised of 4 binary cross-entropy (BCE) loss
functions: one for corner prediction and three for edge classification, where the goal is to detect corners and classify
each edge candidate as either correct or incorrect, the binary cross entropy function Lgcg (y,§) is defined in
equation 8, and the total loss function Total ;555 of the HEAT model is defined in equation 9.

Lpce (v.9) = —ﬁzxez}'(x)'log(f'(x)) + (1 -y®) - logl = (), (8)

Total loss — (LBCE (y' y)Sl)edge + (LBCE (y' 9) glg)edge + (LBCE (y' y)ggl)edge + (LBCE (y' y))corner *a (9)

Whetre H and W are the image's height and width (256x250), ¥ is the predicted probability of the pixel being a
corner/edge, and vy is the ground truth. The corner loss is multiplied by the corner factor, a, which is a
hyperparameter used for weighting the importance of the corner loss function relative to the other loss
components and adjusting the influence of this term in the total loss function (Total ;,4s). Under the context of
this research, the predetermined factor of @ =0.05, defined by Chen et al.(2022), was used.

Input images are either 256x256 or 512x512; for our research, images of 256x256 were used, as the available
computing resources limited the use of image size 512x512. Figure 9 shows the overall architecture of HEAT and
its keys component.
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Figure 9. The overall architecture of the HEAT model (Chen et al., 2022).
3.4.  Phase |: Data preparation

The input datasets for the further developed approach consist of RGB aerial images, building footprints with a
buffer of around 2m to have spatial context information of every building, and building inner roof planes reference
data. Considering that the reference data for the building footprint and inner roof planes were manually digitized
over the aerial images (0.08 m resolution for Enschede and 0.10 m resolution for Sofia), some considerations were
taken into account like some minor mismatches between the buildings samples reference data and the aerial image.
Reference data were split into training/validation/testing following the same standard proposed by Chen et al.
(2022) during experiments on the development of the HEAT model, as follows:

Stadsveld — 't Zwering, Enschede, The Netherlands (Figure 10), is comprised of a total of 2465 building samples.
The dataset for this area is divided into 1972 (yellow buildings), 123 (blue buildings), and 370 (red buildings)
samples randomly selected for training (80%), validation(5%), and testing (15%), respectively.
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Figure 10. Location of the building’s samples in Stadsveld — 't Zwering, Enschede, The Netherlands.

Lozenets, Sofia, Bulgaria (Figure 11), covers an area of around 812 hectares, with 1800 building samples. The
buildings dataset for this area is divided into 1440 (yellow buildings), 90(blue buildings), and 270 (red buildings)
samples randomly selected for training (80%), validation (5%), and testing (15%), respectively.
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Figure 11. Location of the building’s samples in Lozenets, Sofia, Bulgaria.
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The building's inner roof plane samples and building footprints were digitalized and edited using GIS software.
Different GIS tools were applied to prevent topological inconsistency between the digitalized planes. Subsequently,
a buffer of 2m was created around the building footprint to capture the whole building and spatial context in each
image sample of each building. Figure 12 shows the preprocessing process using GIS software.

Figure 12. Flowchart of data preprocessing process performed in GIS.
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In the pre-processing stage implemented in our methodology, the building's external polygons, inner roof planes,
and the image sections encompassing each building sample must be resized to a uniform image dimension size of
256x256. This resizing is a requirement for creating the required dataset compatible with the chosen deep learning
method. To achieve this requirement, a resizing strategy defined by the bounding box of the external 2-meter
polygon around each building was implemented. Figure 13 illustrates the mentioned resizing strategy, while
equations 10 and 11 provide the mathematical representation to translate the features from real-world feature
coordinates (lat, lon) to the 256x256 pixel image format coordinates.

Figure 13. From real-world feature coordinates to the 256x256 pixcel image format coordinates.

Resize equations:
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L bb
mg — bb _ ybb ( )
Xmax X

min

255y 24—y Db
Yimg = 255 — —morCmmes (1)

max— ‘min

Where Ximg, Yimg are coordinates that represent the new coordinates within the 256x256 pixel image size, X, gg%

Yrea are coordinates that represent real-wotld coordinates of the featutres (points/corners) within the bounding

3
box, X22 VPl are coordinates that represent the minimum bounding box coordinates defined by the external 2-
meter polygon around each building, Xbb  YPP are coordinates representing the maximum bounding box
coordinates defined by the same external 2-meter polygon around each building. 255 is the maximum value within

the O to 255-pixel image coordinates range.

To meet the dataset requirement of the selected deep learning approach, all the required input datasets are
generated. Aerial images are clipped and resized into smaller patches of 256x256 pixels, in accordance with the
bounding box defined by the external polygons, which surround each building with a 2-meter margin (RGB
Images).

The information concerning the coordinate reference system and the bounding box coordinates of the 2m-external
building polygons for each building sample are stored in individual text files per building sample (SPATIAL
REFERENCE). This step is essential for later processes involving resizing from image pixel coordinates back to
real-world coordinates.

The building's roof structure, composed of many inner roof planes, is encoded into a Python dictionary as a planar
graph on image coordinates. These dictionary files contain each building roof sample's planar graph, corners, edges,
and geometric interrelations. Figure 14 depicts a diagram illustrating the described data preparation process,
performed using Python 3.8.

[
2m. Buildings SPATIAL
footprint REFERENCE
DATASET

PREPARATION
SCRIPT

Building inner
roof planes

Aerial Image (.tiff)

-
L JUPYTER NOTEBOOK-PYTHON-CRIB_J

Figure 14. Flowchart of data preprocessing process performed — phase 1.

I
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3.5.  Phase II: Training the deep learning model

The training process starts using the HEAT pre-trained model. This model was configured and trained according
to the following parameters: The original HEAT model was developed in Python3.7 and Pytorch1.5.1, the image
encoder contains only one Transformer layer, while the edge decoders have six. The backbone of the model is
ResNet-50.. The optimizer used for the model is the Adam optimizer, with an initial learning rate of 2e — 4 and a
weight decay factor of 1e — 4. The learning rate decays by a factor of 10 for the last 25% of epochs. Regarding
LETR, the model was trained for 800 epochs (0-799) based on the dataset size (1601 building image samples from
Paris, Las Vegas, or Atlanta) without a hyper-parameter search.

The training strategy in the current research consisted of using the prior knowledge of the pre-trained model as a
starting point. Based on previous experiments, an arbitrary number of 646 epochs was set. The training process
was monitored using the validation accuracy value to find the best model with the highest accuracy within that
training session to be selected for further application. The models were trained using Python 3.8 and Pytorch1.12.1,
available in the cloud computing platform of The Center of Expertise in Big Geodata Science (CRIB). The training
parameters for the different sets of datasets are presented as follows in Table 4.

Table 4. Dataset and parameters used for training.

Dataset size Max number
Model Imaee Batch of corners
Training Validation  Total 8 per image

size size
The model trained on Stadsveld —
’t Zwering, Enschede, The Neth- 1972 123 2095
erlands dataset
The model trained on Lozenets, 1440 90 1530 256 16 150

Sofia, Bulgaria dataset

The model trained on a combined

dataset from Stadsveld — ’t Zwer- 3412 213 3625
ing and Lozenets dataset

Figure 15 shows an overview of Phase 1I, which shows the environment in which the training process was
performed and what input datasets from Phase I are needed to perform the training process. As outputs from this
Phase, three models are obtained according to the different training sets used.
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Figure 15. Flowchart of training process performed in phase 11.

3.6.  Phase llI: Building roof planes extraction

Upon completion of the training phase, the research progresses to the third phase, which centers around evaluating
the performance of the trained models, which centers around evaluating the performance of the trained models in
delineating the building's inner roof planes on the images samples into planar graphs and subsequently conducting
the post-processing operation to convert the obtained planar graph of the building roof structure into a vector
format dataset.

The model is applied to the predefined testing datasets to delineate the inner roof planes of the building samples.
The outputs of this application are captured in a Python dictionary with three keys. Figure 16 illustrates the
configuration of the reconstructed planar graph in a Python dictionary:
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re

{"corners': array([[148, 52],

[ 64, 67],

[187, 198],

[106, 204]]), ‘edges': array([[@, 1],
[2, 31,

e, 21,

[1, 3]]), 'image_path': './data/outdoorEnschede2m256/cities_dataset/rgb/1004.5pg"}

Figure 16. The obtained planar graph after applying the model to a building image sample.
The three different keys are described as follows:

- 'corners": This key maps to a 2D array of integers. Each row in the array represents the x and y coordinates
of a corner in an image.

- 'edges': This key maps to a 2D array of integers. Each row in the array represents a pair of corners
(specified by their indices in the 'corners' array) that form an edge. So, for example, the edge [0, 1] means
an edge between the first and second corners in the 'corners' array.

- 'image_path': This key maps to a string that specifies the path to an image file. This image corresponds

to the inferred corners and edges on the input-image building sample.

The observed coordinates of the inferred corners on the images fall within the range of 0-255. This range
corresponds to the pixel dimensions of the input image 256x256, indicating that the coordinates are expressed in
image pixel units. The following strategy will focus on converting the obtained planar graph from pixel units to
real-world coordinates.

This conversion process will leverage a method similar to the one used in Phase I for data preparation but in an
inversed manner. As the delineated buildings' inner roofs plane graphs are named with their corresponding input
image names, the image file name will be used to map the corresponding polygon bounding box used for clipping
this image sample from the original aerial image. That information is captured in the spatial reference text file saved
in Phase I.

The transformation equations that will be used to resize and georeference from image units to real-world

coordinates are a variation of the resize equations 10 and 11. These equations are defined as follows in equations
12 and 13:

bb bb
real __ (255 = Yimg) Ymax—Ymin) bb
Yeora 255 +Ymin  (12)

bb bb
real _ Xmax—Xmin) *Ximg bb
Xcord - 255 + Xmin (13)

Where X7¢% | yreal are coordinates that represent the converted corners from the dictionary to real-world
coordinates, X,l;lbin, ler’lll?n are coordinates that represent the minimum bounding box coordinates defined by the
external 2-meter polygon around each building that is saved in the spatial reference text file from Phase T, X525, |

Y2 . are coordinates that represent the maximum bounding box coordinates defined by the same external 2-meter
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polygon around each building that is saved in the geom_txt file from Phase I, Xjpg, Yimg are coordinates
representing the image coordinates within the 256x256 image size from the obtained graph stored in a Python
dictionary. The number 255 is the maximum value within the range of from 0 to 255-pixel image coordinates.

Once every file is resized and georeferenced to its real-world location, the next step is to merge all the converted
building inner roof planes and convert them into vector format, which is illustrated in Figure 17.

FINAL PLANE (.SHP,

256
256
Figure 17. Building inner roof plane extracted from image coordinates to real-world coordinates.

The overall pipeline of phase I1I is shown in Figure 18. This process is performed using Python 3.8 in the cloud
computing platform CRIB. The building's inner roof planes were obtained in polyline vector format and converted
into polygon vector format using GIS software tools.

B

EXPERIMENTS | | |
STADSVELD -t

| | ZWERING DATASET
TESTING

| (15%) |

—u

|
|
— - Ml
|
|

MODEL TRAINED IN

| Planar graph |
L (.npy file) _J

MODEL TRAINED IN

| OUDE | LOZENETS DATASET
| MARKT | | |
L N _J | { | Visual planar graph |

(:jpg file)
| MODEL TRAINED IN | | |
COMBINED
L DATASET _J

 _outputs _J

Figure 18. The overall pipeline of Phase 111.
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3.7.  Phase IV: 3D Modelling

The fourth phase focused on the applicability of the obtained building's inner roof plane structures for creating a
LOD2 3D city model. This procedure adheres to the methodology for 3D city modelling outlined in the
3DBasemap extension of the commercial GIS software ArcGIS. The methodology proposed a multistep
procedure combining different GIS tools to combine the building's inner roof planes in polygon vector format,
DSM., DTM, and nDSM. This combination aids in inferring the roof form and subsequently facilitates the
representation of LOD2 3D building objects.

Under the scope of this research, this phase was tested only for the Oude Markt dataset. Figure 19 shows the
process in GIS software to create the LOD2 3D building models by integrating the different mentioned datasets.

ROOF FORM
EXTRACTION

DISSEMINATION
OF RESULTS

3D Buildings

{

Roof Form Objects

\
3

OUDE MARKT

Building Roof Planes

Figure 19. Flowchart of the Building 3D modelling process-phase I1/.
3.8.  Phase V: Method evaluation

To assess the performance of the designed workflow. The workflow was tested across stages: Buildings' inner roof
planes delineation, vectorization, and 3D modelling. However, the present research did not define a metric to
assess the performance of the whole workflow.

3.8.1.  Buildings' inner roof planes delineation

This section assessed the model's petrformance in delineating the buildings' inner roof planes on the image samples
following the same metrics used by Chen et al.(2022) by evaluating the model's performance in detecting corners,
edges, and regions by using the standard formulas of precision (equation 14), recall (equation 15), and F1 score
(equation 16) which are described as follows.

True Positive (TP)

Precision = — — a4
True Positive (TP)+False Positive (FP)
True Positive (TP
Recall = — @) - 15)
True Positive (TP)+False Negative (FN)

F1score =2 X Precision x Recall (16)

Precision+ Recall
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Metrics for corners:

The method starts by extracting corner data from the ground truth (annotation file) and the model's predictions
(planar graph file), and then a temporal list to track is created. This list tracks which ground truth corners have
been matched with detected corners (predicted). A corner is successfully predicted if a ground-truth corner is
located within a Buclidean distance of an 8-pixel radius. In instances where multiple corners are detected around
a single ground-truth corner, only the nearest one is deemed correct, with the others classified as false positives.

Finally, the method calculates recall, precision, and F1 score using the standard formulas. Figure 20 illustrates the
process of corner detection.

DETECTED CORNER ON
IMAGE GROUND TRUTH INFORMATION

RET SR
TR TN TS
7 TG i

BEEEE

EXTRACT CORNERS
FROM THE G.T.

Planar graph
(.npy file)

EXTRACT CORNERS g
FROM THE PREDICTIONS al .H.'J

T

[

[

s
A

in

Figure 20. Corners detection.

Metrics for edges:

An edge is considered a true positive if its end corners are both detected and the pair of corners exist in the ground
truth data (annotation file). The process starts by iterating through the detected edges. For each edge, it checks if
the edge's corners were detected. If not, it counts it as a false positive and moves to the subsequent detection. If
the edge's corners were detected, it checks for a match between the detected edge and the ground truth edges
(whether the two corners of the detected edge are the same as the two corners of any ground truth edge, regardless
of order). If a match is found, it counts as a true positive. If no match is found, it counts as a false positive. Finally,

the method calculates recall, precision, and F1 score using the standard formulas. Figure 21 illustrates the process
of edge detection.
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Metrics for regions:

DETECTED EDGE OM IMAGE

EDGE

GROUMD TRUTH INFORMATION

DGE

TEE.

{}

Planar graph
{.npy file)

EXTRACT CORMERS
FROM THE G.T.

EXTRACT CORNERS
FROM THE PREDICTIONS

Figure 21. Edge detection.

Regions are detected by rendering the detected closed shapes formed by the detected corners and edges. These

connected shapes are connected components. Each connected component corresponds to a region. The function

then calculates IoU for each detected region and the ground truth regions. If the IoU is greater than or equal to

0.7, the ground truth region has not been matched before, and the region does not overlap with any other region;

it is considered a true positive; otherwise, it is a false positive. Note that this metric does not consider the

positioning and sharing of corners and edges. Finally, the method calculates recall, precision, and F1 score using

the standard formulas. Figure 22 illustrates the process of region detection.
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Figure 22. Region detection.
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3.8.2.  Vectorization

The Intersection over Union was used as a vector format evaluation metric for the predicted building inner roof
planes. As given in equation 17, IoU is calculated by dividing the intersection area by the union area of predicted
inner roof planes (A) and ground truth building inner roof planes (B). This metric evaluates the accuracy of final
outputs obtained after extracting and vectorizing all the building's inner predicted planes.

Area (ANB)

IoU = Area (AUB) ( )

3.8.3. 3D Modelling

The Root Mean Square Error (RMSE) was employed to quantify the disparity between the DSM and the generated
LOD2 3D city model based on the building's inner roof planes. For this computation, each pixel within the inner
roof planes is accounted for, and to ensure compatibility with the DSM resolution, the LOD2 3D CITY model is
rasterized to a resolution of 0.2 meters.

The process begins with the calculation of all residuals on the inner roof planes considering all the contained pixels,
and this is achieved by calculating the difference between the modeled building height (Buildingypxei vaiue) and
the actual height which is given by the DSM (DSMp;xei vaiye), after obtaining the residuals, the residuals are
squared to neutralize any negative values and assign greater importance to more significant errors.

Moreover, the mean of these squared residuals, known as the Mean Squared Error (MSE), was then computed by
dividing the sum of the squared residuals by the total number of pixels within the plane (N). Finally, the RMSE is
calculated by taking the square root of the MSE, as indicated in Equation 18.

_ N (DSMpixel value—Buildingpixel value)?
RMSEBuilding Inner Roof Plane — \/ i=1 N (18)

This process was conducted by using GIS tools and following the methodology developed by Dimitriadou &
Nikolakopoulos (2022). A lower RMSE value means a better alignment of the LOD2 3D city model with the DSM.
Conversely, a higher RMSE value suggests a less accurate alignment, indicating that the 3D building model's

predictions have more significant discrepancies with the DSM.

3.9.  Implementation Details

The approach was implemented using Python 3.8 and Pytorch1.12.1, using the cloud computing server of CRIB
for ITC, using images size 256x256.

To implement the HEAT model, it is necessary to install the required packages and compile the deformable-
attention modules from (Zhu et al., 2020). The training details are described in Phase 2.

3.10. Summary

In this chapter, the study areas of the current research were introduced, and a detailed explanation of the HEAT
model's architecture, the design framework around it for buildings' inner roof planes delineation, extraction, and
LOD2 3D modelling. The methodology of the research is divided into five different phases. The metrics and
evaluation strategies to assess performance across the phases are described.
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4.  RESULTS AND ANALYSIS

This research conducted a series of experiments to evaluate the different trained models' performance across
multiple created test datasets from different areas. Stadsveld - 't Zwering, and Oude Markt, in Enschede, The
Netherlands, and Lozenets in Sofia, Bulgaria. Our evaluation metrics are divided into four key sections: training,

buildings' inner roofs planes delineation, vectorization, and 3D Modelling.

The training section shows the performance of the conducted training for the different trained models. The
buildings' inner roofs planes delineation assessed the model's ability to infer and delineate the inner roof planes on

the provided building image samples.

In the vectorization section, the focus shifts to the conversion process of the planar graph of each building sample
into a vector polygon shapefile format. Here, the Intersection over Union (IoU) of all building inner roof planes
was computed and compared against the ground truth building inner planes. The 3D Modelling section is dedicated
to analyzing data from the Oude Markt area, as it is the designated test dataset for this phase in the methodology.

Therefore, the presented results in this section are specific to this dataset.

41.  Training

Each training session was monitored using the calculated loss during the training and the accuracy for the
validation. For the model trained on Stadsveld — ’t Zwering, Enschede, The Netherlands dataset, the loss curve
shows a decreasing trend around the whole training session. Meanwhile, the validation curve shows that the highest
validation value of 0.76 was obtained after 474 epochs (epoch 1273 considering the whole HEAT framework) and
then showed a stable trend during the rest of the training session (rest 172 epochs). Figure 23 shows this training
session's loss and accuracy curves with a red mark on the highest accuracy value.

LOSS CURVE ACCURACY CURVE

0.76 O
180 0.72
140 0.68
0.64

100

0.6
60 0.56

200 900 1k 11k 12k 13k 14k 700 900 11k 1.3k 15k

Figure 23. Loss and accuracy curves for the training session using Stadsveld — 't Zwering, Enschede, The Netherlands dataset.

For the model trained on the Lozenets dataset, the validation curve shows that the highest validation value of 0.72
was obtained after 131 epochs (epoch 930 considering the whole HEAT framework) and then showed a decreasing
trend during the rest of the training session (rest 515 epochs). Figure 24 shows this training session's loss and
accuracy curves with a red mark on the highest accuracy value.
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Figure 24. Loss and accuracy curves for the training session using Lozenets, Sofia, Bulgaria dataset.

For the model trained on the combined dataset of Stadsveld — ’t Zwering, and Lozenets, Sofia, the loss curve
shows a decreasing trend around the training session. Meanwhile, the validation curve shows that the highest
validation value of 0.65 was obtained after 406 epochs (epoch 1205 considering the whole HEAT framework) and
then showed a decreasing trend during the rest of the training session (rest 244 epochs). Figure 25 shows this
training session’s loss and accuracy curves with a red mark on the highest accuracy value.

LOSS CURVE ACCURACY CURVE
0.72 O
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0.68
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0.6
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200 900 1k 11k 1.2k 1.3k 1.4k 1.5k

Figure 25. Loss and accuracy curves for the training session using Lozenets, Sofia, Bulgaria dataset.

During all three training sessions, the loss curves display a consistent downward trend throughout the training
session, indicating that the model is effectively learning and improving its predictions over time. However, after
reaching their peaks, curves plateau for the model trained on the Stadsveld — ’t Zwering validation dataset and
show a decreasing trend for the other two cases. It is interpreted that the model might have reached an optimal
state where further training does not significantly enhance its performance on the validation set and is a precursor
of overfitting.

Once the two training datasets were combined, the combined dataset model showed performance similar to the
Enschede dataset but not superior to this. In addition, the best model performance of the combined model was
reached in fewer epochs than the model trained on the Stadsveld — ’t Zwering, Enschede dataset. Figure 26
compares the loss and accuracy curves of the different trained models. Nevertheless, each model's performance is
not comparable because its validation datasets are different.
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Figure 26. Loss and accuracy curves for the different trained models.

4.2.  Buildings' inner roofs planes delineation

4.21. Quantitative analysis

Table 5 shows the evaluation metric for the buildings' inner roofs planes delineation stage. This section shows the
obtained values for predicting corners, edges, and regions using the different models and test datasets. The
numbers in bold indicate the highest value obtained for the model on the analyzed parameters among all the

models. In the cases where more than one model showed similar performance, both values are shown in bold.

To simplify the names of the trained models, the model trained on the Stadsveld-'t Zwering dataset is named
“MODEL TRAINED ON ENSCHEDE DATASET”, the model trained in Lozenets dataset is named “MODEL
TRAINED ON SOFIA DATASET?”, and the model with the combined dataset is named “MODEL TRAINED
ON COMBINED DATASET (ENSCHEDE + SOFIA)”.

Table 5. Quantitative evaluations on building inner roof plane reconstruction on the different testing sets.

CORNERS EDGES REGIONS

TESTING

MODELS

AREA PRECISION RECALL F1_SCORE | PRECISION RECALL F1_SCORE | PRECISION RECALL F1_SCORE

MODEL TRAINED
ON ENSCHEDE
DATASET

0.85 0.68 0.76 0.61 0.50 0.55 0.72 0.64 0.68

MODEL TRAINED

Stadsveld -'t
Zwering,
Enschede,

ON SOFIA DA-
TASET

0.52 0.72 0.60 0.34 0.48 0.40 0.41

0.56

0.47

The Netherlands

MODEL TRAINED
ON COMBINED
DATASET (EN-

SCHEDE + SOFIA)

0.85 0.68 0.76 0.61 0.51 0.56 0.73

0.64

0.68

MODEL TRAINED
ON ENSCHEDE
DATASET

0.69 0.46 0.55 0.38 0.24 0.29 0.49

0.30

0.37

Oude Markt,
Enschede,

MODEL TRAINED
ON SOFIA DA-
TASET

0.43 0.64 0.51 0.22 0.34 0.27 0.27

0.40

0.32

The Netherlands

MODEL TRAINED
ON COMBINED
DATASET (EN-

SCHEDE + SOFIA)

0.60 0.55 0.57 0.31 0.29 0.30 0.44

0.43

0.43

Lozenets,
Sofia,

MODEL TRAINED
ON ENSCHEDE
DATASET

0.84 0.27 0.41 0.39 0.12 0.19 0.45

0.13

0.21

Bulgaria

MODEL TRAINED
ON SOFIA DA-
TASET

0.80 0.53 0.63 0.44 0.31 0.37 0.47

0.37

0.41
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MODEL TRAINED

ON COMBINED
DATASET (EN- 0.81 0.50 0.62 0.44 0.30 0.36 0.47 0.35
SCHEDE + SOFIA)

0.41

As is shown in Table 4, for the testing dataset of Stadsveld-'t Zwering, the model trained on the training dataset
of Stadsveld-'t Zwering shows similar performance to the model trained in the combined dataset of Stadsveld -'t
Zwering and Lozenets In contrast with the model trained on the Lozenets training dataset which shown the
poorest performance. These results suggest that the combined dataset did not improve the models' performance
for the Stadsveld -'t Zwering testing area.

When evaluated on the testing dataset of Lozenets, both the model trained on the training dataset of Lozenets and
the model trained in the combined dataset of Stadsveld -'t Zwering and Lozenets exhibited a comparable level of
petformance. In contrast, the model trained on the Stadsveld -'t Zwering training dataset shows the poorest
performance. These findings suggest that using the model trained in Enschede does not have the necessary
structural ability to infer structural roof structures as the buildings samples from Sofia.

However, a contrasting pattern emerged in the case of the testing dataset of Oude Markt. Here, the model trained

on the combined training dataset of Stadsveld -'t Zwering and Lozenets outperformed the model trained solely on
the training Stadsveld -'t Zwering dataset and the model trained on the training Lozenets dataset.

4.2.2. Qualitative analysis

Stadsveld -'t Zwering, Enschede, The Netherlands
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GROUNDTRUTH

Figure 27. Qualitative evaluations on inner roof plane inference in the Enschede area, with image size 256x256.

Figure 27 provides a qualitative comparison of the delineation results obtained for the Stadsveld -'t Zwering testing
area using three different models: the base model trained on the Enschede dataset, the model trained on the Sofia
dataset, and the model trained on a combined dataset of Enschede and Sofia compared with the ground truth. The
red points on the images represent the predicted corners. The edges are represented by: Cyan color, the most
confident ones. Black color, the less confident edges.
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Oude Markt, Enschede, The Netherlands

GROUNDTRUTH MODEL TRAINED ON MODEL TRAINED MODEL TRAINED
ENSCHEDE ON SOFIA ON
ENSCHEDE+SOFIA

Figure 28. Qualitative evaluations on inner roof plane inference in the Oude Markt area, with image size 256x256.

Figure 28 provides a qualitative comparison of the inference results obtained from the Oude Markt, Enschede
testing area using three different models the base model trained on the Enschede dataset, the model trained on the
Sofia dataset, and the model trained on a combined dataset of Enschede and Sofia compared with the goundtruth.

41



AUTOMATIC BUILDING ROOF PLANE STRUCTURE EXTRACTION FROM REMOTE SENSING DATA

Lozenets, Sofia, Bulgaria
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Figure 29. Qualitative evaluations on inner roof plane inference in the Sofia area, with image size 256x256.

Figure 29 provides a qualitative comparison of the inference results obtained from the Sofia testing area using
three different models: the base model trained on the Enschede dataset against the groundtruth, the model trained
on the Sofia dataset, and the model trained on a combined dataset of Enschede and Sofia.
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This section shows that all three models could identify corners and edges on the buildings' image samples. For
“simple roof structures” (Figure 28-row 4, Figure 29-row 1, Figure 30-row 2) residential buildings, the models do
not face challenges in identifying corners and edges on the samples and delineating the complete roof structure.
However, in samples with “complex roof structures” (Figure 28-row 1, Figure 29-row 4, Figure 30-row 6), like
historic buildings, buildings with circular roof shapes, buildings occluded with trees, and buildings with high
heights, the model is challenged, and some edges are identified with lower confidence (black edges).

Another point to consider is the number of regions that are delineated on the image samples. There are cases in
which the model can delineate regions that were not present in the ground truth because the ground truth was
delineated based on obtaining a rooftop with a LOD2. (Figure 28-row 4, Figure 29-row 1, Figure 30-row 1) This
ability to delineate “extra regions” impacts the quantitative metrics as these regions are considered false positives
and decrease the scores on the metrics.

Moreover, even the quantitative metrics showed that for the Sofia testing dataset, the model trained on Sofia
showed a slightly superior performance than the model trained on the combined dataset. The sample in Figure 30-
row 6 shows the capacity of the model trained on the combined dataset to retrieve roof elements under the
vegetation, which was not possible by the other models.

4.3. Vectorization

4.31. Quantitative analysis

Table 6 shows the evaluation metric for the vectorization stage of the workflow. Quantitatively evaluates model
performance for the various defined test dataset sets. This metric addressed the model's performance for
delineating the building's inner roof plane and subsequently vectorization into a polygon vector format. Values in

bold correspond to the model with the highest IoU between the compared models for the respective testing

dataset.
Table 6. Quantitative evaluations on building inner roof plane reconstruction on the different testing sets.

TESTING AREA MODEL IoU
Stadsveld-"t MODEL TRAINED ON ENSCHEDE DATASET 0.82
zweting, Enschede, MODEL TRAINED ON THE COMBINED DATASET (EN- 0.80

The netherlands SCHEDE + SOFIA) '
Oude markt, MODEL TRAINED ON ENSCHEDE DATASET 0.66
enschede, MODEL TRAINED ON THE COMBINED DATASET (EN- 0.82

The nethetlands SCHEDE + SOFIA) )
Lozenets, MODEL TRAINED ON SOFIA DATASET 0.71
Sofia, MODEL TRAINED ON COMBINED DATASET (EN- 0.70

Bulgaria SCHEDE + SOFIA) '

The conducted experiments suggest a similar behavior with the building's inner roof plane delineation phase in
which the model trained with the combined training dataset did not improve the models' performance for the
Stadsveld - 't Zwering, and Lozenets testing area. However, for the Oude Markt testing area, the combined model
performs better than the model trained on Stadsveld - 't Zwering.
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Notice that for the Oude Markt testing area, the performance of the model trained on Lozenets was not computed
because the buildings' inner roof planes delineation metric showed the poorest performance in delineating the

building's inner roof plane.

4.3.2. Qualitative analysis

The vectorization section was performed using the GIS software ArcGIS. The GIS tool “from feature to polygon”.
The tool creates polygons features from delineated closed boundaries. If there is a gap and the polygon is not
closed, the tool will not draw the polygon. The vectorization process executed through ArcGIS took the
boundaries of the inner roof planes obtained from the previous phase. As a result, the closed buildings' inner roof
planes are obtained.

Stadsveld-'t Zwering, Enschede, The Netherlands

) 7 ®) © @) O]

4 o Z b
IODEL TRAINED ON MODEL TRAINED ON MODEL TRAINED ON

GROUNDTRUTH MODEL TRAINED ON

ENSCHEDE ENSCHEDE ENSCHEDE+SOFIA ENSCHEDE+SOFIA
(EDGES) (POLYGONS) (EDGES) (POLYGONS)

Figure 30. Comparison of the obtained vector pobygon planes after applying the different model- Stadsveld -t Zwering.
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Figure 30 provides a qualitative compatison of the vectorizations results obtained for the Stadsveld - 't Zwering
testing area using the two best models from the building inner roof plane stage: the base model trained on the
Enschede dataset and the model trained on a combined dataset of Enschede and Sofia, for large complex structures
such as Figure31-rowl and Figure31-row5, the model trained on the Enschede dataset faces challenges in
delineating all the edges of the building's inner roof planes, which is later impacted the vectorization results.

Oude Markt, Enschede, The Netherlands

MODEL TRAINED MODEL TRAINED MODEL TRAINED MODEL TRAINED ON
GROUNDTRUTH ON ENSCHEDE ON ENSCHEDE ON ENSCHEDE+SOFIA
(EDOES) (POLYGONS) ENSCHEDE+SOFIA

(EDGES) (POLYGONS)

Figure 31. Comparison of the obtained vector polygon planes after applying the different model- Oude Marfkt.

Figure 31 provides a qualitative comparison of the vectorizations results obtained for the Oude Markt testing area
using the two best models from the building inner roof plane stage: the base model trained on the Enschede dataset
and the model trained on a combined dataset of Enschede and Sofia. As is shown in all the samples, the model
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trained on the combined dataset can delineate the building's inner roof plane structures in more detail than the
model trained in the Enschede dataset. They show that the model trained on the combined dataset performs better
for delineating roof structures with great details for this testing dataset.

Lozenets, Sofia, Bulgaria

() ) © ©) (B

MODEL TRAINED ON MODEL TRAINED ON MODEL TRAINED MODELJ':*A'NED
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Figure 32. Comparison of the obtained vector polygon planes after applying the different model-Lozenets.
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Figure 32 provides a qualitative comparison of the vectorizations results obtained for the Lozenets testing area
using the two best models from the building inner roof plane stage: the base model trained on the Sofia dataset
and the model trained on a combined dataset of Enschede and Sofia.

As shown in the quantitative metrics, there were no significant differences between the best models in the IoU
metrics for the cases of Stadsveld-'t Zwering and Lozenets. However, in Oude Markt's case, the quantitative
metrics show a big difference, reflected in the qualitative evaluation between the numbers of predicted building

inner roof planes.

44. 3D Modelling

4.4.1. Quantitative analysis

N - x 4

§ Oude Markt S5

Y £

54

471400

STUDY AREA

THE NETHERLAND

471200

STUDY AREA

RMSE
M mmOm.-5m)- (473)
1 (5m.-10m.) - (164)
(10 m. - 15 m.) - (25)
(15 m. - 20 m.) - (8)
| == (25 m.-30m.)-(2)

COORDINATE SYSTEM: Projected Cuardinate System RD NEW  DATUM:D_Amersfoart

258000 258200

Figure 33. RMSE computed in the 3D model of the Onde Markt, Enschede, The Netherlands.

Figure 33 shows the calculation of the RMSE for the building's inner roof planes of the generated LOD2 3D city
model for the Oude Markt area. The quantitative evaluations show that 70% of the total building's inner roof
planes show discrepancies between Om-5m, 24% of the total building's inner roof planes show discrepancies
between 5m-10m, 4% of the total building's inner roof planes show discrepancies between 10m-15m, a slightly
higher value than 1% of the total building's inner roof planes show discrepancies between 15m-20m, and less than
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1% of the total building's inner roof planes show discrepancies between 25m-30m between the DMS and the
generated LOD2 3D City model.

In terms of area, the quantitative evaluations show that 72% of the total building's inner roof planes show
discrepancies between Om-5m, 26% of the total building's inner roof planes show discrepancies between 5m-10m,
1.99% of the total building's inner roof planes show discrepancies between 10m-15m, and the rest 0.01% the
building's inner roof planes that show discrepancies between 15m-30m between the DMS and the generated LOD2

3D City model.

4.4.2. Qualitative analysis

Using ArcGIS, the LOD2 3D city model for the Oude Markt area was generated using the obtained polygons from
the model trained on the combined dataset. To provide a more user-friendly and interactive visual representation

of the generated 3D city model, a webmap was developed. Interested readers can access the webmap via the

following link: https://arcg.is/1raWvS0

ArcGIS » s2671778- OUTPUTS THESIS: AUTOMATIC BUILDING ROOF PLANE STRUCTURE EXTRAC

X

<]
2232838

Figure 34. Webmap showing the generated 1.OD2 3D model.

Figure 34 shows an interface of the generated webmap to explore the results of the LOD2 3D city model. From
the created LOD2 3D City model, 566 out of 672 building inner roof planes were modeled with a flat roof form,
101 building inner roof planes were modeled with a Gable roof form, and 5 building inner roof planes were

modeled with a Hip roof form.

A visual analysis of the generated LOD2 3D model can be performed by comparing it visually against the 3D
Building Attribute Geometry (3D BAG). The 3D BAG is a 3D dataset of all buildings in the Netherlands. Initiated
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by the Delft University of Technology, the 3D BAG integrates data from the Dutch national building registry
(BAG) and the national height dataset (AHN) to create 3D representations of all the buildings at different LODs
(Peters et al., 2022).
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Figure 35. Comparative between the calenlated RMSE, the generated 1.OD2 3D model, and the aerial image of the building
sanmple.

Figure 35 illustrates a visual comparison of some samples comparing the calculated RMSE, the generated LOD2
3D model, and the aerial imagery from the corresponding sample. The samples with the highest RMSE are the
LOD2 3D models with the highest height discrepancies between the accurate and modeled heights, as shown in
all the building samples presented in Figure 35.
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Analyzing the discrepancies between the created LOD2 3D model and DSM shows that some errors occurred
when the buildings inner roof planes of the building used to generate the LOD2 model were not accurately aligned
with the position on the DSM, which caused these buildings' inner roofs planes were not modeled correctly.

45.  Summary

This chapter provided quantitative and qualitative comparisons across our inference, vectorization, and 3D
modelling phases. Models trained on a combined dataset from Enschede and Sofia demonstrated superior
performance in capturing the details of inner roof planes across all test areas. However, when testing our model in
the Sofia area, a finding suggest that the Enschede dataset did not enhance the model's performance. This is likely
due to the relative simplicity of roof structures in the Enschede dataset compared to the more complex structures
found in Sofia's building samples. The generation of a 3D model is contingent upon the availability of a Digital
Elevation Model, which is a limitation to consider in future work.

All the generated outputs from all the performed experiments can be revised on the created webmap, via the
following link: https://arcg.is/1raWvS0
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5. DISCUSSION

5.1.  Reflection on the performance of the created framework

The current research has scaled up the application of the work developed by Chen et al. (2022) HEAT of planar
graph reconstruction from 2D raster images, which primarily involves the detection and classification of primitives
on images to yield corners and edges (Chen et al., 2019), ultimately resulting in a final planar graph (F. Zhang et
al., 2021). For which a framework based on HEAT was developed.

In the previous results section, the performance of the three trained models has been compared quantitatively and
qualitatively. The combined model showed similar performance and, in some aspects, slightly better performance
than the models trained in their respective areas. However, after vectorization and testing the models in Oude
Markt area, a different area from the trained area, the differences between models were notable, as the original
training area in Enschede was based on residential roof structures, the Oude Markt area is comprised of different
historical, public and commercial buildings with topology similarities as the buildings samples from the Sofia
training area.

Unlike traditional segmentation models that cannot detect straight edges easily (Hossain & Chen, 2022), our
proposed framework is trained to detect corners, classify and draw the geometry relationships between them,
obtaining remarkable achievements such as the model trained on a combined dataset could detect building inner
roof planes, even when vegetation obscures edges, and by detecting the end corners of the building inner roof
plane (Figure 29-0).
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Figure 36. Limitations of the method in distinguishing between different types of flat surfaces.

Despite the robust performance of our approach in delineating inner roof plane structures, there are a few scenarios
where it shows limitations. A noteworthy limitation arises when the image samples contain large areas of ground.
When the trained model encounters these areas, it predicts the ground as a plane. This misinterpretation can be
attributed to the model's difficulty distinguishing between different types of flat surfaces, such as the ground and
the roofs of the buildings, especially when the ground occupies a significant portion of the image and the shape of
the building (Figure 36). This issue could lead to inaccuracies in the final 3D model, as the ground is incorrectly
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represented as part of the building roof structure. In addition, this misinterpretation can lead to significant errors
that will be accounted for to measure the model performance.
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Figure 37. Limitations of the method when inferring inner roof planes in image samples with multiple buildings on the occlusion
image.

Another drawback appears when inferring inner planes to image samples that contain multiple buildings or deal
with occlusions. The model can struggle to accurately differentiate and isolate the planes associated with individual
buildings, mainly when these structures are closely situated or their planes intersect in the image. Consequently,
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the model's capacity to accurately reconstruct each building's inner roof planes can be compromised. Furthermore,
occlusions present another challenge. The model's performance can be hampered when parts of the building or its
roof plane are obscured in the image, leading to incomplete or inaccurate reconstructions, as it showed in Figure

37.
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Figure 38. Limitations of the method when inferring inner roof planes with many corners on its structure.

Another complication appears when the model attempts to infer inner planes on image samples with complex roof
graphs containing many corners to generate circular roof planes or complex roof structures. The model struggles
to accurately interpret and reconstruct the delicate geometrical aspects of these complex roof structures.
Specifically, it often fails to correctly identify and process planes with numerous corners in its structure, leading to
an inaccurate generation of circular roof planes. This limitation can significantly affect the reconstructed roof
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plane's quality, particularly in roofs with circular or curved features. As the complexity and the number of corners
in the roof graph increase, the model's performance tends to decrease, indicating a potential area of weakness in
handling geometric complexity, as shown in Figure 38.

(1)

ENSCHEDE

()

ENSCHEDE

3)

SOFIA

(4)

SOFIA

MODEL TRAINED
ON
ENSCHEDE+SOFIA

GROUNDTRUTH MODEL TRAINED ON MODEL TRAINED
ENSCHEDE ON SOFIA

Figure 39. Limitations of the method when some facades are inferred as inner roof planes.

A significant limitation emerges when the model misinterprets the facades of big buildings as inner roof planes.
This confusion can lead to inaccuracies in the delineation of roof planes, as the vertical surfaces of the facades are
incorrectly incorporated into the roof plane structure. This misinterpretation can be especially problematic for
buildings with complex or non-standard designs where the distinction between facades and roof planes may not
be visible from the image data (Figure 39). This flaw could be attributed to the model's difficulty distinguishing
between different structural elements in large, packed, complex building structures.
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In terms of the LODZ2 3D model. This research generated a LOD2 3D model using ArcGIS software tools. Despite
this achievement, several potential areas for improvement were identified, such as refining the quality of input
data, addressing topological errors in the buildings' inner roof planes, explotring open-source software alternatives,
and incorporating supplementary data.

To qualitatively evaluate the generated LOD2 3D model, A visual comparison of the developed 3D model for the
current research with the widely accessible Google Earth 3D model and the 3D BAG model. The 3D BAG model,
initiated by Delft University of Technology, offers a 3D dataset of all buildings in the Netherlands. It merges data
from the Dutch national building registry (BAG) and the national height dataset (AHN), presenting a robust
standard for comparison (Peters et al., 2022), which could present an alternative path to evaluating the generated
LOD 2 3D model against pre-established 3D models.
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Figure 40. Limitations of the implemented 3D approach.

Figure 40 compares a highly detailed 3D model from Google Earth, the 3DBAG 3D model, and the 3D model of
current research. Quantitative validation metrics of our 3D model against other established 3D models, such as
the 3D BAG model, could enhance the model assessment and provide a robust validation platform. The goal
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would be to minimize the discrepancy between the reconstructed model and its real-world counterpart or similar
3D models, such as 3DBAG, which can be used as a reference for 3D models, thereby increasing the practical
utility and accuracy of the 3D models generated by our approach.

5.2.  Applicability of the created approach and further improvements

The applicability of the presented approach is quite broad in urban applications. Here are a few potential areas of
application:

- Inurban planning and development, the proposed approach facilitates the creation of detailed 3D models
of urban environments (Lafarge et al., 2010).

- To enhance the current 3D models based on LIDAR, as one of the challenges of 3D model reconstruction
based on point cloud segmentation is roof segmentation, the presented approach facilitates the task of the
roof partitioning of the different roof planes in a roof structure (Peters et al., 2022).

- 3D cadastre, LOD2 3D models offer a much more accurate and practical representation of property rights
than traditional 2D cadastre systems (Paulsson, 2007).

- In natural disasters, the proposed approach can be applied to detect building changes. Moreover,
accurately generating LOD2 3D models of buildings can help emergency responders plan and execute
rescue operations more effectively (Kolbe, 2009).

- Solar potential analysis, the detailed roof structure information can be used to determine the solar potential
of buildings, which could support sustainable energy planning and promote solar potential analysis
studies(Kausika et al., 2016).

- In telecommunication, generated LOD2 3D models offer a platform to evaluate suitable locations for
placing antennas and predicting signal coverage (Becker et al., 2011).

While the approach has shown promising results, further refinement and validation may be necessary for specific
applications at bigger scales.

Considering the previously discussed applicability. The approach can be improved using the following
recommendations, which can be seen as suggestions for improvement for further studies:

1) Collecting multiple and varied building samples for training data can improve the model's performance
(Shorten & Khoshgoftaar, 2019).

2) Use a sampling strategy to select buildings samples and not take buildings samples from an area not
representative of a whole city (Du et al., 2015).

3) Adapting the model to accept images with more channels and not just RGB could potentially enhance the
model's performance. This additional channel could contain supplementary information not present in
the RGB images (Kenzhebay, 2022).

As a basis, a pre-trained model from buildings samples from Paris, Las Vegas, and Atlanta from the SpaceNet
Challenge (Van Etten et al., 2018) was used. The generated models were trained and tested in a typical dutch
residential neighborhood and Bulgarian complex areas with various roof types.

As discussed, the results may vary when the same approach is used in different geographical locations. Our trained
models with the combined dataset of The Netherlands and Bulgaria can have good spatial transferability to other
areas with a similar topology architecture design. However, the trained model may produce poor results if the new
test area has non-similar buildings with complicated topology roof structures (e.g., big cities with skyscrapers or
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different roof materials). As the model is flexible, performing a transfer learning to the model on a subset of
building roofs in the selected new areas is possible. On the other hand, if most of the buildings in the test area
have basic flat roof structures, the model will perform better because there will be no need to detect the inner
rooflines and reconstruct complex building roof structures.

Future studies might focus on improving the HEAT model's capacity to distinguish between various sutface types
in light of the difficulties found during this research. In addition, the complexities encountered in multiple buildings
and occlusions scenarios underscore the need for additional refinement. As well as future iterations of the model
should aim to improve its recognition and processing of complex roof structures with multiple corners, thereby
enhancing the accuracy and fidelity of the reconstructed roof planes. These issues could be tackled by incorporating
an additional channel in the input images or refining the building samples in the training process. However, adding
extra channels will also increase the complexity of the model and the computational resources required to train
and run it, and it will require that the input images be more complex and require extra information that could be
easy to access (Q. Zhang et al., 2018). Therefore, it is crucial to ensure that the benefits of adding an extra channel
outweigh these additional costs.

In addition, as the model can perform planar building reconstruction building per building, its application to a
complete is conditioned to access to the building footprint of each building, so its application in other tasks, such
as slum delineation, is not possible, as slum areas area composed of areas where the built-up environment is very
dense. With some modifications, the method could be used for building footprint delineation in areas where the
cadastral system is parcel-based and lacks building footprint information.

5.3. Ethical considerations

In the current research project, some ethical considerations were taken into account. The use of deep learning for
the automatic reconstruction of building inner roof planes introduces ethical considerations. One significant
concern is privacy; extracting building roof structures from satellite or aerial images might infringe on individual
privacy rights, given that these images, despite their resolution, can reveal details about residential properties (Ha
et al., 2020). Any data collected this way must be handled cautiously and adhere to individual privacy rights to
avoid unwanted access (Bae et al., 2018).

Further, the potential for bias in deep learning models is well-known. Suppose a model is trained on data from
specific neighborhoods or building structures. In that case, it may not perform as well when applied to different
areas or types of buildings, leading to potentially biased outcomes (Mehrabi et al., 2021)). The issue of transparency
and accountability also comes into play. Due to the complexity of the created deep learning model, it might not be
easy for the public in general to understand it, thus challenging to be accountable for their performance (Mazijn et
al., 2022).

Lastly, military considerations as reflected by Chen et al. (2022). In the original HEAT work, the development of
outdoor reconstruction frameworks like those presented in the current research could inadvertently promote the
use of satellite images for military purposes.
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6. CONCLUSIONS

This study proposed a multi-phase framework that employs HEAT (Holistic Edge Attention Transformer), a deep
learning model built on a transformer-based neural architecture to automatically extract building inner roof planes,
which can be considered prerequisites for generating LOD2 3D city models. The proposed approach performs
planar architecture delineation of building outline and inner line roofline extraction, which can be generalized to
different roof topologies. Furthermore, the obtained inner roofs planes outputs have been used to generate a
LOD2 3D city model. Notably, the proposed framework excels in extracting regularized building inner roofs planes
structures in vector format without extra post-processing steps, addressing a challenge encountered in some image
segmentation methods.

Based on the quantitative assessment, models tailored to specific study areas successfully delineated building inner
roofs planes structures in their areas. However, a model trained on a combined dataset from both study areas
demonstrated slightly superior performance. In the case of the study area of Enschede, the base HEAT model
trained with a combined dataset composed of building roof samples from the study areas in Enschede and Sofia
showcased comparable performance (Regions: F-Score: 0.68) to the model trained exclusively on building inner
roof planes samples from Enschede study area. For the case of the study area of Sofia, the model trained only with
Sofia building inner roofs planes samples demonstrated comparable results performance (Regions: F-Score: 0.41)
to the model trained on the combined dataset from Enschede and Sofia.

Once the inner roof planes were converted into vector polygon shapefile format, the performed tests showed that
the model trained only with building samples from Enschede itself performed slightly better (IoU=0.82) than the
model trained with a combined dataset composed of building roof samples from Enschede and Sofia, 1oU=0.80).
A similar situation was seen in the Sofia study area, in which the model trained only with building samples from
Sofia itself performed slightly better (IoU=0.71) than the model trained with a combined dataset composed of
building roof samples from Enschede and Sofia IoU=0.70). However, it still has limitations, such as topological
errors like overlap and gaps between polygons, that will require further GIS post-processing to correct it.

As outlined in the discussion section, deep learning models could be sensitive to bias. Changing the area could
affect the model's performance, as demonstrated by a subsequent experiment conducted in another area in
Enschede. In the Oude Markt, for inferring inner roof planes, the model trained in a combined dataset of building
roof samples from the study areas of Enschede and Sofia showed a superiority (Regions: F-Score: 0.43) against the
model trained only with the building roof samples of the Enschede study area (Regions: F-Score: 0.37). The
difference is even more notorious when the planes are converted into vector polygon shapefile format. The model
trained with a combined dataset of roof samples from Enschede and Sofia showed better results (IoU=0.82) than
the model trained only with roof samples from Enschede. 1oU=0.60).

According to the qualitative assessment, both models performed similarly, generating straighter edges and fewer
undetected corners. Nevertheless, the model trained on a combined dataset could detect building inner roof planes,

even when vegetation obscures edges (Figure 29-6D).

The developed framework performed well in delineating and extracting buildings’ inner roof planes. However, it

has limitations, such as failing to predict all corners in a complex roof derived into roof structures with missing
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building inner roof plane tropology (Figure 30-5, Figure 31-4, Figure 32-3). The obtained output is a structure
composed of only edges and how these edges are connected. Therefore, post-processing is still required to convert

the planar graph structure into inner roof planes.

This study has demonstrated the feasibility of creating a 3D city model with a LOD2 is feasible by integrating the
building's inner roof planes with DSM, DTM, nDSM. The generated LOD2 3D model offers an opportunity to
be improved. The outputs generated by the proposed combinations of different remote sensing datasets with GIS
and deep learning techniques confirm our strategy's viability and create new directions for future study and growth
in urban mapping and 3D city modelling.

6.1.  Answers to research questions.

SO 1: To acquire knowledge in planar graph reconstruction from 2D raster images
1. What is the process for planar graph reconstruction?

Planar graph reconstruction from a 2D raster image takes images with an artificial structure, producing CAD-level
reconstructions with corners and edges, a typical family of this tasks outdoor architecture building reconstruction
from satellite or high-resolution images (Nauata & Furukawa, 2020). The typical process consists of first a primitive
detection on the images to obtain corners and edges, then classifying the obtained corners and edges based on
their geometrical relationship to derive the final planar graph finally (Chen et al., 2019).

2. How to apply planar graph reconstruction for building roof plane structures extraction?
Building roof plane structure extraction corresponds to an outdoor architecture reconstruction process. In this
context, the generated outputs of a planar graph reconstruction task applied to a building in a 2D raster image
represent the roof structure, where corners and edges form each component form each roof component. (Chen
etal,, 2022). Selecting and developing a framework around a planar graph reconstruction method makes extracting
the roof plane structure feasible.
SO 2: To prepare the dataset for the further deep learning-based approach

1. What dataset and resources are needed to implement the selected approach?

A 2D RGB image (0.08 cm for Enschede and 0.10 cm. for Sofia), the buildings footprints of the buildings, building
inner roof planes annotations, and defined workflows combining GIS and the deep learning methodology.

2. What further data processing is needed?

Correct mismatches between the 2D RGB image, the building footprints, and the building's inner roof planes, and
avoid errors in digitizing interior rooflines and outlines.

SO 3: To design a deep learning-based framework to extract building roof plane structures in vector
format from aerial images

1. How can the selected deep learning approach for planar graph reconstruction be adapted to
extract building roof plane structures?

Once the deep learning approach is selected, the next step is to build an end-to-end framework. That adapts the
available input dataset to the input requirements of the selected deep learning approach and converts the obtained
outputs from the deep learning approach to the desired output format.
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HEAT (Chen et al., 2022) was selected as the deep learning approach for the current research. Our dataset, com-
posed of 2D RGB images, the buildings footprints of the buildings, and building inner roof planes, was formatted
to the datasets requirements of the HEAT model and used to create a dataset for training, validation, and testing.

2.  How to apply the developed framework in two different selected study areas?

To apply the developed framework in two study areas is suggested to follow the developed methodology in this
research:

- Data pre-processing: Gather the necessary data for each study area, 2D raster images representing the
study areas' such as high-resolution aetial images, a dataset of building footprints, and its corresponding
inner roof planes, to generate datasets for training, validation, and testing.

- Model Training: Train the deep learning HEAT model using the preprocessed data for each study area.
The model would learn to infer and delineate the planar graphs based on the given roof structures of the
training dataset.

- Inferring: Use the developed, trained model to delineate building inner roof planes on the testing dataset.

- Post-processing: Convert the Inferring stage's obtained outputs to the desired dataset format.

- Evaluation and Fine-tuning: Assess the performance of the training models. Take metrics based on criteria
relevant to the research topics, such as precision, recall, F score, or other assessment metrics. Another
option is to train the model on additional data to improve its performance.

SO 4: To develop a LOD2 3D city model from the obtained roof plane structures vector format dataset.
1. What is the level of detail of the obtained 3D models?

Using ArcGIS commercial software tools, it was possible to reach a LOD2 3D model by combining inner roof
planes with DSM, DTM, and nDSM.

2. What are the further improvements for the obtained 3D model?

Several measurements can be considered for further improvements for the created 3D LOD2 model:

- Refine the input data quality, as the dataset's quality is linked to the generated 3D model's quality.

- The inner roof planes used as input have some topological errors (as there was a post-processing stage to
correct the mentioned topological errors); addressing topological errors in the inner roof planes and
discrepancies between these planes and the 3D datasets could significantly refine the model. This could
be accomplished by manual post-processing or GIS tools to identify topological errors.

- Explore open-source software alternatives and novel methodologies. Additionally, incorporating
supplementary data, such as roof type and geometry information, may enhance the overall model's depth
and accuracy.

- To assess and validate the generated 3D LOD2 model against other 3D models, such as the 3D BAG
model, in order to identify inconsistencies, iteratively improve the 3D model, and validate the produced

model

SO 5: To assess the performance of the developed approach
1.  What are the performance differences between the two study cases?
The experiments in this research showed that models tailored to specific study areas effectively detected corners,

edges and delineated building inner roof plane structures. However, a model trained on a combined dataset from
both study areas showed a superior performance once the models were tested in a different area, with a different
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roof structure than the training area. Visually, both models resulted in straighter edges and fewer missed detections,
but limitations such as incomplete region roof plane prediction were observed. Nevertheless, the model trained on
a combined dataset could detect building inner roof planes, even when vegetation obscures edges.

After delineation of the roof graph structure, post-processing was required to convert the planar graph structure
into inner roof planes in vector polygon format. Upon conversion, The situation was similar to the delineation
stage. The model trained on the combined dataset showed superior performance in the area, with a different roof
structure than the training area.

2. What are the strengths and limitations of the developed framework?

The strengths of the developed approach are given as followings:

Strengths:
1. The inner building roof delineation stage can be performed entirely using open—source tools.
2. Using the based HEAT model as starting point for training, it was possible to harness previous knowledge

of the roof structure of the models. This optimizes the training in requires less training time in further
training sessions on different datasets.

The trained model from the selected deep learning demonstrated outperformance as the models could
delineate planes beyond the considered on-the-ground truth.

The model trained on a combined dataset could detect building inner roof planes, even when vegetation
obscures edges.

The model can perform roof structure extraction for multiple buildings in one image sample.

Compared with image segmentation, the developed approach can delineate and extract straight edges,
which derives into more regularized planar graph structures without extra post-processing,.
Transferability, the approach can be transferred to different areas, and the performance be improved by
executing a transfer learning on the new areas.

The generated LOD2 3D model showed a high visual similarity with the 3DBAG LOD2 3D model
which was built using LIDAR point cloud.

Nevertheless, the proposed method has several limitations:

Limitations:

1.

The selected deep learning approach (HEAT) can be computationally intensive to train and run, requiring
significant computational resources. Due to a lack of computing resources, only experiments with image
size 256x256 were performed.

Requites large and varied labeled training data to learn different complex geometry structures.

The approach faces challenges in delineating roof-building structures with complex shapes, such as roofs
with circular configurations or samples featuring densely packed roof structures.

Limited generalization, the performance of the deep learning approach may be limited to the specific
domains it has been trained on. Without further adaptation or training, it may not generalize well to other
domains or scenarios.

Lack of hyperparameter-tunning, different experiments varying different hyperparameters such as the
learning rate, optimizer, or the amount of regularization were not performed. This means that these hy-
perparameters must be carefully considered to improve the model's petrformance, often through trial and
error.

The 3D phase was performed using commercial software. This limited the application of the approach to
specific commercial software, ArcGIS, which could limit its applicability.

Lack of a metric that assesses the whole proposed approach. Even though some metrics to assess the
performance in different phases are presented (building inner roof delineation, vectorization, 3D model-
ling), there is a lack of more complete metrics for the vectorization phase and the 3D phase, and a metric
that could assess the effectiveness of the whole presented pipeline.
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In further studies, collecting more varied training data will improve performance. Besides, adding another dimen-
sion in the input architecture of the model is a suggestion that can be explored to improve the model's ability to
differentiate roof structures and the ground in the context of the image samples, as this could allow the use of the
nDSM as another dimension in the image sample. Moreover, the applicability of the presented approach could be
explored for building footprint extraction tasks and on-point cloud segmentations for 3D modeling using LIDAR.
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