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Abstract

In today's world, cities are rapidly expanding, and their populations are constantly
increasing. According to the United Nations' population division report, 55% of the world's
population lives in urban areas. This proportion is expected to increase to 68% by 2050.
As a result, there is an increasing demand for accurate, precise 3D city models to support

the sustainable management of the growing urban population.

To meet this growing demand, this dissertation aims to develop techniques to generate 3D
building models, which ultimately lead to a city model based on the CityGML 3.0!
standard. This standard defines a conceptual model and exchange format for the
representation, storage, and exchange of virtual 3D city models. According to this standard,
3D building models can be generated at four Levels of Detail (LoD), which progressively
increase the level of complexity and accuracy. In LoDO, buildings have a 2D representation
of their footprints, and in LoD1, they are modeled as block-shaped. In LoD2, buildings
have the roof structure, and, finally, detailed architectural elements such as windows,

doors, and a full exterior are included in LoD3.

This research focuses on the reconstruction of LoD2 building models. Generating these
models automatically from optical imagery is challenging because roof structures and types
must be correctly identified, while orthophotos often suffer from low contrast and shadows.
Height data can compensate for these limitations; however, optical and height datasets are

frequently spatially misaligned, which complicates reconstruction.

! https://www.ogc.org/standards/citygm]/
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The primary objective of this research is to develop a method towards automated LoD2
building reconstruction from bimodal data (RGB imagery and DSM) by detecting roof
structural components and types, and converting them into geometrically consistent 3D

models to be able to model all types of buildings.

To achieve this, the proposed methodology employs Artificial Intelligence (Al),
particularly Deep Learning (DL) techniques, with a focus on bimodal data and feature
fusion, and addressing data misalignment. These models are applied to high-resolution
aerial imagery and LiDAR point cloud data to extract building roof types and geometric
components, thereby generating large-scale 3D modeling of buildings. The resulting
models contribute towards the creation of an automated digital twin framework for urban

environments.
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Chapter 1: Introduction

This paper-based Ph.D. dissertation comprises three main parts: classifying roof types,
extracting roof geometrical components and converting them to vectorized format,
correcting the misalignment between the bimodal dataset, which are three important
components for LoD2 building reconstruction. The dissertation is presented through the

following papers:

Paper 1 (Published): Soleimani Vostikolaei, F., & Jabari, S. (2023). Large-scale LoD2
building modeling using deep multimodal feature fusion, in Canadian Journal of Remote

Sensing, 49(1), 2236243.

Paper 2 (Published): Soleimani Vostikolaei, F., & Jabari, S. (2025). Automated LoD2
Building Reconstruction Using Bimodal Segmentation, in IEEE Journal of Selected
Topics in Applied Earth Observations and Remote Sensing, vol. 18, pp. 23289-23305,

2025.

Paper 3 (Submitted): Soleimani Vostikolaei, F., & Jabari, S. (2025). Extracting Roof
Structures from Bimodal Datasets Using Deformable Convolutions and Graph Neural

Networks, ISPRS journal of photogrammetry and remote sensing, Submitted.

Figure 1 Illustrate the structure of the dissertation.


https://ieeexplore.ieee.org/abstract/document/11139121/
https://ieeexplore.ieee.org/abstract/document/11139121/

Dissertation Structure and background, Review of existing Solution, Problem

Statement, Research Objective, Overview of each Chapter (Chapter 1)

A 4

Roof type classification

Multi-object roof

Bimodal data

and LoD2 building component segmentation | misalignment correction,
modeling of non-complex | and 3D building feature fusion and
roof types modeling of all types of | wireframe modeling
(Chapter 2, Paperl) roofs (Chapter 4, Paper3)
(Chapter 3, Paper 2)
v 3 v
N
Conclusions
(Chapter 5)

Figure 1. Structure of this dissertation

1.1 Background and context

The growth of the urban population presents a wide range of challenges, including the need
for more housing, transportation, energy, and public services, as well as the need to use
resources more efficiently and sustainably. For the sustainable management of large cities
and their populations, 3D city models are needed. A 3D city model is a detailed digital
representation of the buildings and objects in an urban area [1], [2]. This model provides a
comprehensive understanding of a city's layout and infrastructure, empowering urban
planners and decision-makers to have a holistic and detailed understanding of the current
state of the city and make decisions that align with the city's long-term goals and objectives;

however, the applications are not limited to that. The model can support analysis for a range

of applications, as outlined in Table 1 [3], [4], [5]:




Table 1. Applications of the 3D city model

Use Case

Example of an application

Flight Simulation
3D cadastre

Climate Change

Tourism

Facility management

Radio-wave propagation

Routing and navigation

Disaster management

Flooding

Urban planning

Archaeology
Energy efficiency

Enhancing geo-visualization and visualization quality.
Registering property ownership and spatial boundaries.
Designing green spaces.

Determination of solar envelopes.

Modeling Urban Heat Islands

Providing virtual tours for communicating urban
information to the public.

Managing utilities.

Optimizing radio infrastructure.

Understanding accessibility within city.

Predictive modeling aids in evacuation planning and

identifies vulnerable areas.

Mitigating flood damage to utility management.
Predicting vulnerable buildings in a flood.

Studying volumetric density.

Detecting urban changes.

Estimating the population in an area.

Visualizing ancient sites.

Providing the areas in the building suitable for solar

panel installation

3D city models can be generated in different Levels of Detail (LoD) to address different

applications based on the CityGML 3.0 standard, which is an Open Geospatial Consortium

(OGC) standard [6]. This standard enables detailed building modeling at four LoDs—

LoDO0, LoD1, LoD2, and LoD3, as shown in Figure 2.



LoDO LoD1 LoD2 LoD3

Figure 2. Different Levels of Detail (LoD) in 3D modeling

These levels progressively increase the level of complexity and accuracy of the building
model. In LoDO, buildings have a 2D representation of the building's footprint, and LoD1
is a block-shaped model of buildings. In LoD2, buildings have the structure of the roof,
and, finally, detailed architectural elements such as windows, doors, and a full exterior are

included in LoD3.

The high amount of information in urban areas and the diversity of building roof types,
especially in cities, make the 3D modeling of roofs and further LoD2 city modeling an
active research area in photogrammetry, remote sensing, and computer vision. Although
3D city modeling algorithms have been developed, a robust method that can be created in
almost real-time, with minimal manual effort, is still a challenging task. The rapid
development of artificial intelligence, especially deep learning and high-performance
computers, can help with building geometrical components and roof type detection.
Therefore, the main goal of this research is to develop a method that moves towards the
automation of LoD2 city modeling of Atlantic Canadian-style buildings, which includes
single-house, condominium, and, in general, residential houses, through the combined use
of high-resolution orthophotos and LiDAR point clouds. An orthophoto is an aerial image
that has been orthorectified to eliminate geometric distortions, making it uniform from edge

to edge and allowing consistent distance measurements throughout.



1.2 Related works

3D building modeling techniques are typically classified as model-driven, also called

parametric or top-down methods, and data-driven methods [7].

Model-driven methods reconstruct 3D building models across a large area. This approach
relies on the predefined library to assign a roof model to each building block and create a
3D model of them [8]. Therefore, the type of building roof plays a crucial role in fitting an
appropriate 3D model to each building, and the accuracy in classifying roof types directly
affects the final precision of the LoD2 building model. Partovi et al. [9] and Huang et al.
[10] both developed model-driven frameworks that use digital surface models (DSMs) and
orthophotos for building reconstruction. DSM is a raster elevation model that represents
the elevation of the highest surfaces recorded by the sensor, including terrain features,

buildings, vegetation, and other objects above the ground.

Their methods begin with footprint decomposition, breaking down complex building
outlines into smaller sub-polygons that can each be approximated by primitive forms. In
Partovi’s approach, RANSAC, K-means clustering, and graph-based algorithms were used
to extract quadrilateral primitives and perform height analysis along the ridgelines to find
the roof types. A library of parametric roof models, including flat, gable, and hipped types,
is used to fit them to the detected roof and generate 3D buildings. Huang et al. [11]
proposed a generative modeling approach for building roofs using an assembly of
overlapping primitives with the Reversible Jump Markov Chain Monte Carlo method.
These approaches can effectively model buildings with specific roof types such as shed,
flat, cross-gable, pyramidal, pitched, gable, half-hip, cone, cross-gable, and dutch roofs

[12], [13]. Although the model-driven approaches can be used for large-scale 3D building



reconstruction, they are constrained by their parametric assumptions and limited template

libraries [12]. Figure 3 shows the different roof types.

Flat ‘ Shed 7 Gable ( Hp Pyramid

Cayy

Cross-gable Cross-hip | Half-hip Cone » . Dutch

Figure 3. Example of common roof types used in cities.

Unlike model-driven techniques, data-driven approaches rely on detecting geometric
components of roofs, enabling them to model various roof types, including complex
buildings. The geometrical roof components are roof planes, roof eaves and hip lines, and
the intersection of roof lines, which are roof junctions. These components are then extruded

to create building models [14].

For instance, Huang et al. [15] and Li et al. [16] proposed methodologies that segment
LiDAR point clouds into planar patches and then optimize them through topological
constraints to generate geometrically consistent building models. Similarly, Nex and
Remondino [17] developed a 3D building reconstruction workflow that extracts roof
outlines from photogrammetric DSMs generated through multi-view stereo imagery. Their
approach first smoothed the DSM and detected edges to identify roof discontinuities, then

refined linear roof boundaries using surface-normal and morphological filtering. The



detected outlines are then vectorized and simplified to reconstruct planar roof segments
and building footprints. Although this method successfully delineates roofs from image-
based DSMs without predefined models, its performance is highly dependent on DSM

quality.

Similarly, Arefi and Reinartz [18] introduced a learning-free LoD2 reconstruction
approach that combined DSMs with orthorectified aerial imagery. Their pipeline began
with ridge-based segmentation to rooftop structures, followed by edge detection to identify
roof boundaries. A RANSAC-based surface fitting step was then applied to extract planar
roof segments. Each plane was classified into parametric roof types, and the primitives
were merged to form complete 3D buildings. Likewise, Peters et al. [4] presented a region-
growing approach for reconstructing LoD2 models using LiDAR point clouds and building
footprints. Their algorithm grouped points with consistent surface normals and fitted planes
to these clusters. The intersections of planar segments were then computed to form the roof

ridges and edges necessary for complete 3D reconstruction.

Both model-driven and data-driven reconstruction techniques rely on detecting roof
components, such as roof types and geometrical elements, which are foundational steps
toward automating LoD2 building modeling [19], [20]. Roof geometrical components can
be extracted from different sources, such as orthophotos, satellite images, DSM, LiDAR
point clouds, and cadastral maps [21], [22], [23], and [24]. For example, Campoverde et
al. [21] introduced a method that combined CNN-based image segmentation with cadastral
maps to extract the roof planes and further utilized elevation models to convert 2D planes
into 3D structures. Sun et al. [25] proposed a CNN transformer-based network to extract

buildings and roads from images. Attention-based mechanisms in transformers, by



adopting multiscale features, provide a comprehensive understanding of the scene to better
segment buildings. Chen et al. [26] used a self-attention mechanism to extract semantic
segments of buildings from optical remote sensing images and enhance the feature

representation by focusing on important regions in the images.

CNNss effectively extract roof geometrical components from imagery; their pixel-based
outputs are inadequate for producing the vectorized rooflines needed for 3D reconstruction.
Graph Neural Networks (GNNs) address this limitation by modeling the connectivity
between roof lines and junctions, enabling the generation of structured vector
representations [27], [28]. For example, Nauata and Furukawa [27] applied GNNs to infer
roof topology through adjacency matrices encoding relationships among line segments,
while Fuyang Zhang’s ConvMPN introduced convolutional message passing to predict

valid building edges from 3D feature volumes.

1.3 Problem statement

From the literature, it can be inferred that developing a comprehensive methodology
capable of modeling all types of buildings, including complex structures, at a city scale

poses several challenges that need to be addressed, including:

e Multiobject bimodal segmentation: Conventional segmentation approaches often
focus on detecting one type of roof component, planes, lines, and junctions, using
one data modality; however, relying only on optical imagery or DSM data limits
performance in areas affected by shadows, occlusions, or low contrast, where
geometrical components may be missing or indistinguishable. This results in
inaccurate roof component extraction and consequently reduces the overall

precision of LoD2 building models.



e Data Misalignment: Combining RGB and DSM data introduces the problem of
spatial misregistration, which occurs due to differences in sensor geometry,
acquisition time, and errors in LiDAR or camera calibration parameters. This
misalignment causes roof component edges and junctions in the two datasets to be

spatially inconsistent, leading to feature mismatches during fusion

e Pixel-based roof geometrical components: Segmentation networks generate pixel-
level masks that represent roof elements as rasterized regions rather than as vectors
suitable for 3D reconstruction. These pixel-based outputs require additional post-
processing to convert them into vector format for accurate roof and building

wireframe modeling.

To overcome these limitations, this research has focused on a bimodal multi-object
segmentation framework that integrates orthophotos with DSMs to extract roof planes,
lines, and junctions within a single network. The proposed network uses both spectral and
elevation information. The framework compensates for spatial misalignment and converts
pixel-based segmentation results into vector-based representations to generate LoD2

building models across all types of roofs.

1.4 Research objective

The main objective of this research is to develop workflows that move towards the
automation of 3D building model generation at LoD2, encompassing different roof types,
including complex configurations, from LiDAR point clouds and high-resolution
orthophotos. In this research, automation refers to the ability of the proposed workflows to

generate 3D building models at LoD2 from orthophotos and DSM with minimal human



interaction and manual editing. This overarching objective is addressed through the

following three main objectives:
Objective 1: Automated roof type classification

e Develop a robust framework for classifying building roof types into nine
categories (flat, gable, hip, cross-hip, gable-flat, pyramid, cross-gable, gambrel,

and Dutch) using bimodal deep learning models.

e Increase the accuracy of building rooftop-type classification models using high-
resolution orthophotos and elevation data, with the aim of surpassing the
documented accuracy and Kappa coefficient levels reported in the literature, 95%

[29] and 77.5% [30], respectively
Objective 2: Automated extraction of roof geometric components

e Develop a multi-object instance segmentation network capable of extracting all
essential roof geometrical components, including planes, lines, and junctions,
from bimodal data (optical and DSM) within a unified framework, with the goal
of surpassing the documented Intersection over Union (IoU) and recall levels
reported in the literature, which stand at 88.86% [31] and 89.48% [32],

respectively.

e Design a new bimodal feature alignment and fusion pipeline to compensate for

spatial misalignment between optical and DSM data.
Objective 3: Automated generation of vector-based roof representations

e Design a new Graph Neural Network (GNN)-based optimization pipeline to

convert pixel-based roof geometrical components into vector representations of
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roof eave and hip lines required for 3D modeling and generate 3D wireframe

models of buildings.

Develop a new LoD2 building reconstruction pipeline capable of modeling all
building rooftops, including those with complex geometries, using deep learning

models.
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1.5 Thematic coherence and contributions

Chapter 1 is the introduction, which includes research background, problem statement,

research objectives, and dissertation outline.

Chapter 2 consists of a journal paper published in the Canadian Journal of Remote
Sensing. This paper developed a method to recognize roof types existing in the eastern part
of Canada and create a model-driven pipeline for large-scale coverage LoD2 building
modeling. The methodology can be further used to recognize the rooftypes for other parts
of the world. This work also published the rooftype dataset through the University of New

Brunswick data repository [33].

Chapter 3 includes a journal paper published in the IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing. Model-driven approaches are limited
to a pre-defined library of roof types and cannot model the building beyond their library.
Hence, this paper proposed a method to model all types of roofs, even complex buildings,
using a bimodal multi-object roof plane and line detection. The methodology presented in
this paper can extract all roof planes and line instances in a single network. This work also
created and published the roof geometrical components dataset, which includes roof

geometrical masks, orthophotos, and DSMs for each building [34].

Chapter 4 consists of a journal paper submitted to the ISPRS Journal of
Photogrammetry and Remote Sensing. This research proposed a new pipeline to extract
roof lines and junction masks from misaligned bimodal data and convert them to a vector

format, and building wireframes.
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Chapter 5 summarizes the research findings and contributions, highlighting advancements
in LoD2 building modeling through the proposed methods. It also presents some

recommendations for future research.
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Chapter 2: Large-Scale LoD2 Building Modeling Using Deep
Multimodal Feature Fusion?

Soleimani Vostikolaei, F., & Jabari, S. (2023). Large-scale LoD2 building modeling
using deep multimodal feature fusion. Canadian Journal of Remote Sensing, 49(1),

2236243.

The original text is modified for consistency in terminology and formatting. Revisions

are indicated in italics.

2.1 Abstract

In today's rapidly urbanizing world, accurate 3D city models are crucial for sustainable
urban management. The existing technology for 3D city modelling still relies on an
extensive amount of manual work, and the provided solutions may vary depending on the
urban structure of different places. According to the CityGML3 standard of 3D city
modeling, in LoD2, the roof structures need to be modeled, which is a challenging task due
to the complexity and diversity of roof types. While high-resolution images can be utilized
to classify roof types, they have difficulties in areas with poor contrast or shadows. This
study proposes a deep learning approach that combines RGB optical and height
information of buildings to improve roof type classification accuracy and move towards
automatically generating a 3D city model. The proposed methodology is divided into two
phases: (1) classifying roof types into the nine most popular roof types in New Brunswick,

Canada, using a multimodal feature fusion network, and (2) generating a large-scale LoD2

2 This chapter has been published in a peer-reviewed journal
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city model using a model-driven approach. The evaluation results show an overall accuracy
0f 97.58% and a Kappa coefficient of 0.9705 for the classification phase and an RMSE of

1.03 (m) for the 3D modeling.

2.2 Introduction

The United Nations' population division reports that 55% of the world's population lives in
urban areas (United Nations, 2018). Accurate 3D city models are crucial to sustainably
managing and planning the growing urban population. 3D city models provide a
comprehensive understanding of a city's layout, infrastructure, and resources, empowering
engineers, urban planners, and decision-makers to have a better understanding of the
current state of the city and make decisions that align with the city's long-term objectives.
3D city models can be used in different areas, such as smart city applications, disaster

management, urban planning, tourism, navigation, and facilities management [3], [4].

According to the Open Geospatial Consortium (OGC) standard of 3D city modelling,
CityGML 3.0, 3D city models can be produced in different Levels of Detail (LoD) to
address different applications. This standard allows for detailed modeling of buildings at
four LoDs, LoDO0 to LoD3. These levels progressively increase the level of complexity and
accuracy of the building model. In LoDO0, buildings have a 2D representation of the
building's footprint, and LoD1 is a block-shaped model of buildings. In LoD2, buildings
have the structure of the roof, and finally, detailed architectural elements such as windows,

doors, and a full exterior have been included in LoD3.

Hence, in LoD2+ models, buildings have adequately modeled roof structures and
thematically differentiated surfaces. The majority of the studies in the literature can be

divided into data-driven or model-driven approaches. Data-driven approaches extract
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geometric components from a building and use them to model the building. On the other
hand, model-driven approaches select the model that best fits the building data from a
predefined library of models [8]. Although data-driven approaches can be more flexible in
modelling the type of roofs, if the shape of the majority of roofs in an area follows basic
formats like gable and pyramid, model-driven methods can be a faster and simpler

implementation [9].

Thus, in model-driven LoD?2 city generation methods, the type of building roofs plays a
crucial role in fitting a 3D model to each building [30]. As a result, accurate estimation of
building roof types is a key step toward 3D city modeling in model-driven approaches. In
general, the accuracy of the roof type classification process directly affects the final

precision of the LoD2 building model.

Due to the high amount of information in urban areas and the diversity of building roof
types, the classification of building roof types is an active research area in photogrammetry,

remote sensing, and computer vision.

Although classification algorithms have been developed, creating a 3D city model based
on fully automatic roof-type classification is still a challenging task. With the rapid
development of big data and high-performance computers, deep learning, especially
Convolutional Neural Networks (CNNs), can help with classification tasks, e.g., image

classification, segmentation, and scene understanding [35].

High-resolution RGB optical airborne/satellite images provide rich information content
that can be used for roof type classification; however, semantic classification and extracting
3D information using 2D optical images suffer from difficulty in distinguishing objects in

areas with poor contrast and shadows. Digital elevation models can overcome this
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limitation since each type of roof has its own height pattern. Flat roofs, for example, have
a constant height across their surface, while gable roofs have a decreasing height from the
peak to the bottom. 3D point cloud data containing elevation and intensity measurement
information can be used as an independent source of information for roof-type

classification.

To improve the accuracy of recognizing roof types and generating a large-scale LoD?2 city
model, we propose a multimodal network that combines deep optical and height features

of each building.

The presented methodology consists of two phases. The first phase focuses on building
roof type classification by fusing the RGB optical features extracted from high-resolution
orthophotos with height information of buildings extracted from LiDAR data. The
concatenated features are fed to a fully connected classifier to recognize the roof types.
Existing CNN-based roof classification datasets, such as [22], [30], [36], included up to
seven roof types, namely flat, hip, half-hip, pyramid, gable, and complex. The study area
for this work includes Fredericton and Moncton, which are major cities in New Brunswick,
located in the Atlantic region of Canada. In New Brunswick, like many other
urban/suburban areas in Canada, the majority of rooftops can be classified into nine groups,
namely flat, gable, hip, cross-hip, gable-flat, pyramid, cross-gable, gambrel, and dutch. As
the existing dataset could not classify roof types specific to this area, it was necessary to
develop a roof type dataset that included common roof types in Eastern Canada. A small
number of buildings do not fit into the aforementioned groups, which we classify as
complex roofs. We employed a tree decision method to recognize complex building roof

types from all the buildings. Then, the rest of the nine building roof types have been
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classified using the proposed deep feature fusion DL network. In this paper, we are able to

identify a total of 10 types of building roofs.

The second phase of this work focuses on large-scale 3D City Modeling using a mode-
driven approach by fitting a 3D model to the point clouds. This part can be divided into
two steps, including: (1) Extracting the eave and ridge heights of each building using the
digital elevation model and DSM. (2) Assigning a 3D model to each building using a pre-

existing roof type library.

In summary, this paper contributes to the literature in three respects:

e Designing a multimodal feature fusion solution to classify roof types. This solution
utilizes both RGB optical and LiDAR data features, which are fused through a
double deep learning network.

e Optimizing the fit of a 3D model to the building points in the point cloud by using
a model-driven approach.

e Creating a roof-type classification dataset using high-resolution orthophotos
(72mm) and LiDAR data (6 points/m2). The datasets will be published to be
accessed by others and can be employed in other CNN-based roof-type

classification applications.

2.3 Related works

There is extensive literature on building roof type detection and LoD2 city model
reconstruction. This section briefly addresses some of the related work in these two areas.
These works are dedicated to building recognition and roof type classification using

machine learning and deep learning approaches.
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Qian et al [37] proposed a deep learning network called Deep Roof Refiner to extract roof
structure lines (RSLs) from satellite imagery . They also proposed a synthetic strategy to
enhance training performance and robustness. They received the Fl-score of 60.89%.
Alidoost and Arefi [22] developed a model-based approach to automatic building detection
and roof-type classification using a single aerial image. They designed a CNN model to
first segment buildings and then detect the types of roofs using only image data. They
classified three different roof types, including flat, gable, and hip shapes, with an accuracy
0f 92%. Partovi et al [38] designed a VGG-based network to classify roof types from high-
resolution satellite imagery using patch-based classification, motivated by model-driven
LoD2 reconstruction workflows that require a discrete roof library. They classified roof
types into seven classes using WorldView-2 pan-sharpened multispectral satellite image
data with an Fl-score of 0.77. In another study, Bittner et al [39] proposed a multi-task
conditional generative adversarial network to refine low-quality spaceborne stereo DSMs
and produce dense rooftop labels at the pixel level. Their network aims to create DSM,
which is then used for dense pixel-wise rooftop classification, assigning object class labels
to each pixel in the DSMs with 80.03% precision. Buyukdemircioglu et al [30] built a roof-
type dataset from very high-resolution (10 cm) orthophotos and evaluated whether a
lightweight CNN can classify roof types effectively, especially when data are sparse *.

They compared their shallow CNN against fine-tuned VGG-16, EfficientNetB4, and

3 They designed an end-to-end, detail-oriented deep network targeting two key issues: (1) the large diversity
of roof scale, and (2) severe foreground—background class imbalance because roof lines occupy very few
pixels.

4 They curated around 10,000 roof images and classified six roof types (flat, hip, half-hip, gable, pyramid,
complex).
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ResNet-50 baselines. The result showed that after fine-tuning the network, the accuracy of
the model increased by 3% to 6%. Using the machine learning approaches, Assouline et al
[40] addressed rooftop characterization for large-scale photovoltaic deployment rather than
architectural roof modeling °. The reported roof shape classification accuracy was
approximately 67%, indicating that traditional machine learning methods can provide
geometric descriptions but are insufficient for the detailed roof modeling required in LoD2

reconstruction.

Conventional methods of 3D city model generation can be divided into three categories:

data-driven, model-driven, and hybrid techniques.

(1) Data-driven techniques, which are also called down-top approaches, are used to detect
the roof planes and extrude roof shapes based on geometric components such as lines,
edges, and points [14]. There are various methods for segmenting the LiDAR point clouds
and determining roof planes, including edge-based methods [41], region-growing methods
[42], random sample consensus (RANSAC) methods [43], and clustering methods [44], as
well as the combination of two or more algorithms [11], [45]. Huang et al [11] introduced
generative modeling of building roofs with an assembly of primitives, allowing

overlapping using the Reversible Jump Markov Chain Monte Carlo algorithm.

J. Huang et al [46] and [47] presented a methodology for reconstructing 3D models of
buildings from airborne LiDAR point clouds using a data-driven approach. In both works,

they segmented point clouds into planar patches. Then, a 3D optimization technique was

5 They extracted geometric and radiometric features from aerial data and applied a Random Forest classifier
to estimate multiple rooftop attributes, including slope, orientation, and simplified roof shape categories
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applied to create a topologically consistent 3D building model from its compositional

primitives.

(2) Model-driven approaches, which are known as top-down approaches. Lafarge et al [48]
and Huang et al [10] proposed a method to reconstruct buildings from a digital surface
model (DSM). This process involved breaking down the building footprints into
components, either manually or automatically, and then utilizing a Gibbs model to fit the
3D block models onto the building footprints. A Bayesian decision was taken to find the
most appropriate roof primitives from the pre-defined library that would represent the point

clouds by utilizing a Markov Chain Monte Carlo sampler and original proposition kernels.

(3) Hybrid methods were developed as a result of the inherent weakness of model-driven
approaches in modeling complicated buildings and the complexity of data-driven methods.
Model-driven and hybrid approaches are reviewed here, as they are related to the adopted
workflow. Pepe et al. (2021) and Tripodi et al. (2020) used stereo satellite imagery to build
the digital surface model and extract the height of each object using the DSM. The latter
used deep learning to extract the contour polygons of the buildings and then the digital
train model. Zhao et al. (2021) proposed a reconstruction framework to reconstruct a 3D
model containing a complete shape and accurate scale from a single image. The proposed
method involves using two convolutional neural networks to create watertight mesh models
and optimizing them using another CNN network. Krafczek and Jabari (2022) proposed a
decision-tree-based methodology for generating an LoD2 city model. They decomposed
the building footprints into building primitives to have a better estimation of height for

each building's parts.
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3D city models can be directly generated from 3D point clouds. These methods are based
on using terrestrial laser scanners [52], to generate dense point clouds from Terrestrial
Laser Scanners (TLS) and then perform segmentation to detect building facades and
features. Li et al [53] utilized deep learning to model building roofs from raw LiDAR data
automatically. They extracted PointNet++ deep features from the input building roof point
clouds to detect the roof corners. The corners are clustered to make a set of accurate
vertices. The vertices are fed to a graph algorithm to find the valid edges between vertices,
providing the results to make the final roof model. Similarly, Dehbi et al [54] presented a
new method for reconstructing 3D buildings from LiDAR data. They used an active
sampling strategy that combines a series of filters to focus on promising samples. The
filters are based on prior knowledge represented by density distributions. The method uses
surflets-3D points with normal vectors to provide parameters for model candidates, such
as azimuth, inclination, and ridge height. Building footprints are derived in a preprocessing
step using machine learning methods. Kada [55] also used LiDAR point clouds to
reconstruct a simple 3D model. He extracted geometrical features of buildings that are
needed for 3D modeling using a DL network. To the best of our knowledge, this is the first
study in the literature that fuses optical and height features for classifying roof types based

on the model proposed in

Figure 7.

2.4 Data Preparation

In this research, we developed a roof-type dataset consisting of 2483 buildings from nine
common roof types. To create this dataset, we used four input layers, and the details of the

input data are provided in Table 2.
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LiDAR point clouds were used to create a digital surface model (DSM), and high-
resolution orthophotos were mosaiced and used to manually digitize, modify, and label
building footprints. This process resulted in extracting nine groups of roof types from high-
resolution orthophotos and DSM images. Each dataset includes building images for each

class, along with its corresponding label.

Table 2. Specification of the data used in this study.

. . Data Source and Coordinate Number
City Data Resolution | Date System of
buildings

Orthophoto 72 mm 10/2015

Fredericton 1165
LiDAR 6 points/m? | 09/2019 | GcoNB

http://www.snb.ca/geonb

Orthophoto 72 mm 11/2016

Moncton 1429
LiDAR 6 points/m? | 09/2017

The training datasets were created using the DSM and orthophoto of Fredericton in the first
scenario. In the second scenario, the training dataset was created using the DSM and
orthophoto of Moncton. To evaluate the performance of the proposed model, separate
testing and validation datasets were generated by utilizing the DSM and orthophoto of
Moncton in the first scenario and Fredericton in the second scenario. For each scenario, the
whole city building data was used for training, and 25% of the test dataset was dedicated
to validating the model's performance, while the remaining 75% of the data was used to

test the model.
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Figure 4. Preprocessing and preparing the training and testing datasets.

The test and train datasets were then cropped and resized. Figure 4 shows the preprocessing
and preparation diagram. To reduce the over-fitting problem and address the class
imbalance in deep learning, the training data was augmented. The augmentation process
involved horizontal and vertical flipping of the training images, as well as rotations by 45,

60, and 90 degrees clockwise, generating multiple variants of the same roof instance.

Table 3. RGB optical and DSM sample images of the roof types.

Cross- | Gable- Cross-
Roof Types | Flat Gable | Hip Hri;ss Flit “ | Gambrel G;(l)aslse Pyramid | Dutch

RBG Optical & o
Data “

Number of

samples
(Fredericton)

Number of
samples 310 283 270 100 62 40 241 28 36
(Moncton)
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These augmentations ensured an equal number of images for each class. Augmentation was
applied until all roof classes contained an equal number of samples. As a result, there were
1000 samples for each class in the training datasets. A sample of the optical image and

height layer for each building is shown in Table 3.

2.5 Methodology

As shown in

Figure 5, this work is divided into two phases. Phase 1 focuses on the classification of roof
types. In this phase, we first determine complex roof types that have irregular geometries
that cannot be used in model-driven methods. We intend to detect these roof types and
mark them for data-driven 3D reconstruction. In the next step, we classify the roof types
of the rest of the buildings. Phase 2 of this work involves the reconstruction of a large-scale

LoD2 city model. The following subsections provide details about each phase.

2.5.1 Phase 1: Roof Type Classification Based on Multimodal Feature Fusion

Network

Recognizing Complex Roof Types

This type of building includes a multiplane roof structure with multiple peaks and edges.
We utilized a decision tree method, depicted in

Figure 5, to detect complex roof types. The first step in this process is to find out the number
of roof edges and planes for each building.

To calculate the number of edges, we simply counted the number of vertices for each

building footprint
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Figure 5. Overall workflow of the multimodal feature fusion network and 3D city model
reconstruction.
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To determine the planes of each roof, the RANdom SAmple Consensus (RANSAC)
method was used [56]. RANSAC is an algorithm used to identify and extract multiple
planes from a LiDAR point cloud dataset. The algorithm works by iteratively selecting a
random subset of points from the point cloud and using them to estimate a plane that fits
the data. The algorithm then uses a distance metric to evaluate how well the estimated plane
fits the remaining points in the point cloud. Points within a certain distance threshold from
the plane are considered inliers and assigned to that plane. Then, in a repetitive process,
new subsets of points have been selected and refitted to a plane, until a satisfactory number
of planes are found that explain the majority of the data. Once the RANSAC algorithm has
identified multiple planes, it can be used to classify and assign other points in the point

cloud to those planes. [56], [57].
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Figure 6. Complex roof type distinguishing using a decision-tree-based method.
Pretraining Baseline Networks

Residual neural network (ResNet) is a CNN architecture used for image classification with
the purpose of solving the vanishing gradient problem that causes the gradient to become
infinitely small during backpropagation due to sequential multiplication. ResNet is
composed of stacked residual blocks. The block consists of a sequence of convolutional
layers followed by batch normalization and non-linear activation operations, combined
with identity skip connections, allowing gradients to flow freely and lie on deep layers
before becoming attenuated to small values. These skip connections add the input of the
block to its output before the final activation layer. When the spatial or channel dimensions
differ, a projection mapping is applied to the skip connection to ensure dimensional
consistency. This formulation allows gradients to propagate through identity paths during
backpropagation, which enables stable optimization of deep networks. Different ResNet

variants are defined by the number of residual blocks and network depth, including ResNet-
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18, ResNet-50, and ResNet-101, which represent shallow, medium-depth, and deeper
architectures, respectively [58], [59]. In this study, ResNet is used as the convolutional

backbone for feature extraction in both the baseline networks and the proposed method.

Step 1. RGB Step 2. LIDAR DL g Step 3. Multimodal Feature
Optical DL Network Extraction and Fusion \
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Figure 7. Multimodal feature fusion framework. After generating two ImageNet-based
pretrained ResNet networks and fine-tuning them based on RGB optical and height datasets
in steps 1 and 2, the weight parameters of these two networks are fed to the proposed
multimodal feature fusion network in step 3.

Traditionally, CNNs are trained with a random initial set of weight parameters, but this
approach requires a large amount of training data and a significant amount of memory. In
this work, a pre-trained ResNet on the IamgeNet dataset is employed to avoid the
overfitting problem [60]. We utilized this pre-trained model as the baseline or starting point
for the classification task and then fine-tuned its parameters specifically for our target

dataset using transfer learning principles [61], [62].
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To customize the pre-trained ResNet for building roof type classification, we replaced the
last fully connected layer of these pre-trained models with a fully connected layer that is
relevant to the number of roof type classification problems. Additionally, we utilized
transfer learning techniques to fine-tune our model further and optimize its performance.
The rest of the models are used as a fixed feature extractor to extract features using our two
sets of datasets. The classifier layers were subsequently fine-tuned using discriminative
learning rates. The learning rate is a unitless coefficient that scales the gradient when
updating the network weights during training. It determines how much the model
parameters change at each iteration and therefore controls convergence behaviour. The
final layer uses a Softmax classifier, which interprets the network outputs as scores for
competing classes and converts them into a normalized probability distribution. This
formulation corresponds to multinomial logistic regression applied on top of deep features.
It is suitable for roof type recognition because each building instance must belong to
exactly one class, and therefore the classes are mutually exclusive. Unlike independent
binary classifiers, the Softmax layer explicitly models competition between categories and

penalizes ambiguous predictions.

Deep Feature Extraction and Fusion

After creating baseline networks that pertained to the ImagNet dataset, we proceeded to
develop the third network, which extracts meaningful RGB optical and height features of
each building. While the CNN's body of this network is ResNet, it is pre-trained based on
RGB optical and height datasets from the previous step (see

Figure 7). After feeding the weights parameters from the previous step to the multimodal
feature fusion network, the last layer of this network is replaced with a newly developed
classifier head with the roof type classes. The multimodal feature fusion network extracts
the RGB optical and height features of each building and then concatenates them. This
process results in a feature map, which is subsequently fed to the flattened layer.

Figure 7 represents a schematic diagram of the multimodal feature fusion network.
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2.5.2 Phase 2: Model-Driven 3D City Model Reconstruction

In Level of Detail 2 (LoD2), 3D building reconstruction using a model-driven approach
requires roof attributes such as roof type, ridge height, and eave height. Even though roof
types are recognized in phase 1, ridge height and eave height need to be retrieved from the
point cloud. To obtain the ridge height, the maximum statistics zone tool is applied on the
nDSM (Normalized Digital Surface Model), which calculates the maximum height for each
building. To generate the nDSM, the LiDAR point cloud data is first used to extract both
the Digital Surface Model (DSM) and the Digital Terrain Model (DTM), which represent
the terrain or ground surface. Next, the DSM is subtracted from the DTM, generating the

nDSM, which represents the height of buildings above the ground surface.

The eave height of a building is defined as the minimum height of its largest slope roof

plane. To determine this, the following steps are taken, as shown in Figure 8:

(1) Calculate the slope of each building and assign zero if it falls outside the minimum and

maximum slope range of each building.

(2) Create the minimum height threshold to find roof candidates as follows: if nDSM >=

Min Roof Height, nDSM is assigned 1 (roof candidate); else 0 (non-roof).
(3) Calculate the aspect of this layer.

(4) Reclassify the aspect map into directional classes.

(5) Convert the classes into polygons.

(6) Calculate the area of each polygon and use the one with the largest area as the dominant

roof plan.
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As a result of determining the dominant roof plan, the largest sloping roof plane was

obtained. The minimum height of this plane is considered the eave height. Then, the height

of roofs can be calculated by subtracting the ridge height and eave height of each building.

LiDAR point Slope ma Threshold
cloud P P DSM
Aspect map Reclassify agpect map .| Calculate the
and polygonise classes largest polygon

Calculate the slope
of this polygon

Figure 8. Flowchart of the eave height calculation process.

Key attributes, including ridge height, eave height, and roof type, have been acquired to fit

3D models to point clouds and reconstruct 3D buildings. Using a computer-generated

architecture (CGA) code, these attributes are utilized within the ESRI City Engine for 3D

creation purposes. Buildings are extruded to their eave height, then the roof shape and roof

height of each building are applied.

Table 4. Number of average edges and planes for each building roof types.

Roof
types

Flat Gable Hip

Cross- QGable-
hip flat

Cross-
gable

Pyramid

Gambrel Dutch
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Average
number of 13 7 5 9 10 5 12 11 5
edges

Maximum
number of 39 36 8 21 16 6 37 12 9
edges

Average
number of 1 2 4 6 3 4 5 4 4
planes

2.6 Experiments

2.6.1 Phase I: Roof Type Classification

Based on visual inspections of buildings in Atlantic Canada using orthophotos, it can be
observed that the majority of the buildings in Atlantic Canada comprise ten different types,
including complex, as specified earlier. Using the decision tree-based approach, building
footprints that have more than six planes and 13 edges have been classified as complex.
These thresholds have been obtained by trial and error according to the structure of

buildings in Eastern Canada (Table 4).

After recognizing complex roof types, we created two baseline deep networks to recognize
non-complex building roof types (see

Figure 7). The first network was based on high-resolution orthophotos, and the second on
digital surface models. To extract meaningful RGB optical and height features of each
building, we tested three pre-trained versions of ResNet-18, ResNet-50, and ResNet-101
as the backbone of our baseline networks. We were able to effectively transfer the
knowledge gained from training on the ImageNet dataset to our baseline models, resulting

in better accuracy for our specific classification tasks. Each network was trained for 200
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epochs. In the next step, we saved the weight parameters of the two baselines DL models
and later used them as initial weights for our proposed deep multimodal feature fusion
network. This approach allowed us to leverage the pre-existing knowledge of the baseline
networks trained on the roof type dataset, which is more relevant to our specific task of
classifying roof types and helped to ensure that the initial parameters of our fusion network

were related to the target domain.

Next, we extracted two sets of descriptors from these two DL baseline networks. These
descriptors are concatenated together using the proposed multimodal feature fusion
network, and the fused descriptors are fed into the SoftMax classifier head. This deep
feature fusion approach enabled the generation of more robust features [63]. We fine-tuned
the proposed network to adapt the initial weight parameters from the previous step to the
proposed classification network. For fine-tuning, all layers except the last fully connected
layer were frozen, and the network was trained for 100 epochs. Thus, the linear classifier
was trained from scratch. Then, all layers were unfrozen, and the network was trained for
100 epochs, and the RGB optical and height features of each building were extracted. To
find an optimal learning rate, we trained the network with a range of learning rates,
including 0.1, 0.01, 0.001, 0.0001, 0.00001, and 0.000001, each for just four epochs. The
learning rate that results in the minimum loss function is selected as the starting point, and
then we fine-tune the learning rate by exploring three decimal places below and above the
chosen value. The one that has the minimum loss function is chosen as the optimal learning

rate. The learning rates of these networks are shown in Table 5.

Table 5. Learning rate and epoch values.
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Learning

Scenario Network Pre-trained on CNN's Body Rate

ResNet-18 3e-5

DL network
ne W(.)I' (')n ImageNet dataset ResNet-50 le-2
RGB optical image

ResNet-101  3e-05

% ResNet-18 6e-5
(€]
2 DL network on
=3 ImageNet dataset ResNet-50  6e-5
3 DSM (height) data B0 CAASE esne €
ResNet-101  8e-05
ResNet-18 2e-6
RGB optical and height
Proposed network GB optical and heig ResNet-50 2e-7
datasets
ResNet-101  4e-06
ResNet-18 8e-05
DL network
ne W(.)r (.)n ImageNet dataset ResNet-50 6e-05
RGB optical image
ResNet-101  3e-05
% ResNet-18 le-04
[¢]
~ DL network on
o
=3 ) I Net dataset ResNet-50 le-4
f) DSM (height) data mageNet datase esNe e

ResNet-101  8e-5

ResNet-18 6e-03

RGB optical and height

ResNet-50 le-05
datasets

Proposed network

ResNet-101 le-2

Table 6. Training, testing, and validation datasets.
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Scenario 1 Scenario 2

Train Validation Test | Train Validation Test
RGB optical 1000 per 1000 per
. 386 673 377 783
image class class
DSM (height 1000 per 1000 per

386 673 377 783

data) class class

We employed two scenarios to ensure the reliability of the baseline networks and the
proposed method. In the first scenario, we trained the method on buildings in Fredericton,
New Brunswick, Canada, and tested it in Moncton, the largest city in the province. We
conducted a second scenario to further validate the proposed method's accuracy. In this
scenario, we trained the networks on buildings in Moncton and tested them on buildings in
Fredericton. Table 6 demonstrates the number of training, validation, and test data samples

for each scenario (individual building roof types).

To quantify the performance of the proposed network for roof type classification, we used
two metrics, namely Overall Accuracy (OA) and the Kappa coefficient. The Overall
Accuracy represents the proportion of correctly classified test samples to all the test
samples, and the Kappa coefficient determines agreement between two raters. The

formulas for the overall accuracy and kappa coefficient are presented in equations (1) and

2).
__ (X correctly classified roof types
OA _( number of buildings ) * 100 ) (1)
Kappa coefficient = ((1 - B,) /(1 - B,)), @)
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Where P, is the relative observed agreement among raters and P, is the hypothetical
probability of chance agreement using the observed data to calculate the probabilities of

each observer randomly seeing each category [64].

2.6.2 Phase 2: Model-Driven 3D City Model Reconstruction

After classifying the roof types and extracting building attributes such as eave height and
ridge height, we used this information in the City Engine program using the ESRI CGA
rule for 3D representation purposes. Next, we assigned the extracted roof types to the
corresponding buildings in the model, utilizing the ESRI buildings' library. Since the
library does not contain any models for complex and cross-hip roofs, we postponed
modeling those to another study. Therefore, a LoD2 city model of flat, gable, hip, cross-
gable, pyramid, gambrel, and Dutch roof buildings was created for city of Moncton and

Fredericton, using a model-driven approach.

It is essential to assess whether the proposed LOD2 city modeling method performs
properly over eave height, ridge height, and roof type detection tasks. Thus, we needed to
assess the final 3D model. The accuracy of the final 3D model depends on the accuracy of
the roof type classification and building decomposition steps. While CityGML-3 does not
prescribe any fixed values, according to the CityGML-2 standard, the geometric error of

3D models should not exceed two meters.

To evaluate the accuracy of the final 3D model, the generated 3D buildings were first
converted to multipatch format and then rasterized using the same spatial resolution as the

DSM (~ 41 cm). The digital surface model was used as the ground truth, and the root mean
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square error (RMSE) [65] was computed between each rasterized 3D building model and

the corresponding DSM. The RMSE formulation is given in Equation (3).

RMSE = 21, /(x; — %)%,

)

Where i is a variable, N is the number of buildings, x; is the DSM value of each building

and X; is the 3D model of the building.

Table 7. Overall accuracy and Kappa coefficient of the proposed method.

Scenario 1 Scenario 2
CNN's Overall Kappa Overall Kappa
Dataset ) ]
Body Accuracy coefficient | Accuracy Coefficient
RGB optical-based dataset 89.54%  0.8727 82.35%  0.7986
=
&
5 DSM (height)-based dataset 90% 0.8430 87.66%  0.8532
o
Proposed network 91.96%  0.9030 91.70%  0.8980
RGB optical-based dataset 91.74%  0.8996 84.04%  0.8039
g
f_% DSM (height)-based dataset 94.96%  0.9533 88.59%  0.8616
&
Proposed network 97.03%  0.9639 95.02%  0.9387
- RGB optical-based dataset 92.62%  0.9102 87.10%  0.8416
o
Z |
et DSM (height)-based dataset 95.26%  0.9426 94.89%  0.9371
S
Proposed network 97.58 0.9705 96.30%  0.9544

2.7 Results and Discussion

We report the results of each phase and discuss them in the following sections.
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2.7.1 Roof Type Classification

Previous datasets typically include up to seven roof categories (flat, gable, hip, pyramid,
gambrel, cross-gable, and dutch); however, in Atlantic Canadian residential architecture,
two additional roof structures, gable-flat and cross-hip, occur frequently. When these roof
types are not represented in the training labels, the network is forced to assign them to the
closest available category, most commonly hip or gable, which introduces systematic
confusion rather than random error. To overcome this limitation, we created the roof type
dataset based on nine common roof types existing in New Brunswick. This dataset can be
used for further CNN-based classification purposes and is published through the University

of New Brunswick library (https://dataverse.lib.unb.ca/dataset).

The quality indices for RGB optical-based and DSM (height)-based baseline deep learning
networks in each scenario are presented in Table 7. The numbers in ResNet-18, ResNet-50),
and ResNet-101 refer to the predefined depth of the network, which is the total number of
learnable convolutional and fully connected layers. Using multiple depths allows
comparison between shallow (ResNet-18), medium (ResNet-50), and deep (ResNet-101)
feature extractors, where deeper models can capture more complex geometric patterns but
may also require more training data. The evaluation was performed using a manually
labeled test dataset. For each building sample, the predicted roof class was compared with
its ground-truth label. In the first scenario, the OA of the proposed network with ResNet-
18, ResNet-50, and ResNet-101 is 91.96%, 97.03%, and 97.58%, respectively, while the
Kappa coefficient for the same network is 0.9030, 0.9639, and 0.9705 for ResNet-18,

ResNet-50, and ResNet-101, respectively.
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Plus, the overall accuracy of the first DL network on the RGB optical dataset with ResNet-
18, ResNet-50, and ResNet-101 is 89.54%, 91.74%, and 92.62%, respectively, while the
Kappa coefficient for the same network is 0.8727, 0.8996, and 0.9102, respectively. The
results also show the OA of the proposed method on the DSM (height)-based dataset with
CNNs of ResNet 18, 50, and 101 is 90%, 94.96%, and 95.26%, respectively, while the

Kappa coefficient for the same network is 0.8430, 0.9533, and 0.9426, respectively.

The proposed method employing ResNet-101 as the CNN body demonstrated a significant
increase of approximately 5% in OA and 0.06 in the Kappa coefficient compared to using
only RGB optical images. When compared to the height (DSM)-based network, the
proposed method shows improvements of 2.3% in OA and 0.03 in Kappa metrics. Further,
using ResNet-50 and ResNet-18 bodies enhanced the OA by approximately 6% and 2%,
respectively, compared to RGB optical networks, along with a Kappa enhancement of
approximately 0.06 and 0.03. Additionally, the proposed method using these two bodies
improved the accuracy of the height-based network, resulting in an increase in OA for
ResNet-50 and ResNet-18 of approximately 3% and 2%, respectively, and an improvement
in Kappa metrics of approximately 0.01 and 0.06 for ResNet-50 and ResNet-18 bodies,

respectively.

In the second scenario, the proposed network using ResNet-18 achieved an OA of 91.70%
and a Kappa coefficient of 0.8980, while ResNet-50 achieved an OA of 95.02% and a
Kappa coefficient of 0.9387. They were outperformed by ResNet-101, which had an OA
of 96.30% and a Kappa coefficient of 0.9544. On the RGB optical dataset, the overall
accuracy of the first DL network on the RGB optical dataset with ResNet-18, ResNet-50,

and ResNet-101 was 82.35%, 84.04%, and 87.10%, respectively, while the corresponding
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Kappa coefficients were 0.7986, 0.8039, and 0.8416. Moreover, using the DSM (height)-
based dataset, the proposed method has achieved OAs of 87.66% and Kappa coefficients
0f 0.8532, ResNet-50, with OAs of 88.59% and Kappa coefficients of 0.8616, and ResNet-

101 with OAs of 94.89% and Kappa coefficients of 0.9371.

We got a similar result in the second scenario. The result proves that the OA of the proposed
method utilizing ResNet-18, ResNet-50, and ResNet-101 has increased around 9%, 11%,
and 9%, respectively, compared to the RGB optical network and 4%, 7%, and 2%
compared to the height (DSM)-based network. In addition, the Kappa metrics of the
proposed method also improved around 0.10, 0.13, and 0.11 in these three ResNet 18, 50,
and 101 bodies compared to the RGB optical-based network and 0.04, 0.07, and 0.02

compared to the DSM (height)-based network.

Based on the interpretation of these numbers, presented in Table 7, the results can be

categorized into three main aspects:

(1) The multimodal feature fusion strategy has the highest quality indices in distinguishing
roof types compared to DSM or RGB optical-based features. Hence, combining the height
information with the RGB optical information of each building can compensate for the
limitations of RGB images, such as poor contrast and shadow areas, and improve the
accuracy of the roof type classification. Some snapshots of shadow areas are shown in
Figure 9. Our method, using both RGB optical and DSM datasets, shows higher accuracy
compared to studies using only airborne images [22], which achieved an accuracy of 92%
for classifying three different roof types, while Buyukdemircioglu et al. [30] got an
accuracy of 86% for six different roof types. In another study, Wang et al. [36] reported an

accuracy of 90% for five different roof types; however, it should be noted that these
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comparisons are for informational purposes only and are not completely equivalent to each
other. The referenced studies use different datasets, spatial resolutions, acquisition

conditions, and roof taxonomies.

(2) The increase in ResNet layers from 18 to 101 leads to an improvement of around 6%
in OA and 0.07 in Kappa metrics of the proposed network in the first scenario and 5% in
OA and 0.06 in Kappa metrics of our method in the second scenario. By increasing the
number of ResNet hidden layers, the OA and Kappa metrics of each baseline network are
also enhanced. The results also show that increasing layers of ResNet from 18 to 101 in
the first scenario leads to an increase of approximately 3% in OA and 0.04 in Kappa metrics
for the RGB optical-based dataset baseline network and an increase of around 5% in OA
and 0.10 in Kappa metrics for the DSM (height)-based dataset baseline network. As a result
of the second scenario, we have improved OA by 5% and Kappa by 0.05 for the RGB
optical-based dataset baseline network, as well as OA by 6% and Kappa by 0.08 for the

DSM height-based dataset baseline network.

While adding hidden layers to ResNet increases the complexity and capacity of the
network, it allows it to capture more complicated patterns and features in the data, leading
to more accurate predictions. Also, deeper networks contain more parameters and
convolution operations, which lead to longer training time, higher memory usage, and

slower inference.

(3) The analysis result also demonstrates that the classification of roof type based on
LiDAR data (height-based) performs better than RGB optical images; however, the
majority of the studies in the literature use RGB optical images for roof-type classification

purposes.
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Figure 9. Snapshots of the poor contrast or shadow areas in the optical image.

Figure 10 demonstrates the confusion matrix of the proposed network. As shown in this
figure, many of the misclassified roof types using ResNet-18 are related to the cross-hip
and gable, which are misclassified as hips and flat, respectively. The structure of these roof
types reveals some similarities between them, as shown in Figure 11. Hip and cross-hip
roofs, for instance, have similar edges, and even flat roof types have parts with different
heights, similar to gable roofs. ResNet-18 CNN's body network could not accurately
classify them, whereas both ResNet-50 and ResNet-101 achieved significantly higher
accuracy in classifying these two classes. This result proves that deeper networks can have

higher resolving powers for similar roof types.
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Figure 10. Confusion metrices of the proposed method.
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As shown in Figure 12, DSM (height)-based network performs better than RGB optical-
based network in most classes but struggles with classifying certain roof types such as hip
or dutch-gable. On the other hand, the RGB optical-based network shows better

performance in these classes.

(a) (b)

Figure 11. Most common misclassified roof types. Some cross-hip roofs have been
misclassified as hip roof tops, and this figure shows the similarities between them and the
hip roof top. (a) Samples of misclassified cross-hip roofs. (b) A sample of a hip roof.

Therefore, combining each building's RGB optical and DSM (height) features leads to

improved classification accuracy.
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(Actual)  (0.0) (0.0) (0.0) (0.0) (0.966) (0.0) (0.0339) (0.0) (0.0)
100
Gambrel 0 1 0 0 0 39 0 0 0
(Actual) (0.0 (0.025) (0.0) (0.0) (0.0) (0.975) (0.0) (0.0) (0.0)
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(Actual) (0.0133) (0.0) (0.0) (0.0133) (0.02) (0.0) (0.0) (0.0)
50
Dutch-Gable 0 0 4 0 0 0 0 36 0
(Actual)  (0.0) (0.0) (0.1 (0.0) (0.0) (0.0) (0.0) (0.9) (0.0)
Pyramid-Hip 0 0 0 0 0 0 o] 0 20
(Actual)  (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) (0.0) 1.0) 0

Figure 12. Confusion metrices of two baseline networks with the ResNet-101 CNN’s
body.

2.7.2 LoD2 Building Reconstruction

The final 3D city model is generated based on roof type classes extracted using the

multimodal proposed method.
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Figure 13. Snapshots of the 3D city model of Moncton.

Snapshots of the LoD2 model of the city of Moncton with these different roof types are
displayed in

Figure 13. The RMSE of the final 3D model and each roof type has been represented in
Table 8. As shown in the table, the RMSE of the large-scale 3D city model is 1.03 meters,
and the RMSE of individual roof types, such as flat, gable, hip, cross-gable, pyramid,
gambrel, and dutch, ranges from 1.02 to 1.86 meters. According to the CityGML 3.0

standard, the accuracy of the 3D city model should be better than 2 meters.

Table 8. RMSE result of the 3D city model of Moncton.

Roof Type Flat Gable Hip (;%Sl: Pyramid Gambrel Dutch Total
Numberof 515 2g3 270 241 28 40 36 1208
Buildings

RMSE (m) 1.02 1.06 0.95 1.05 1.86 1.54 1.16  1.03

The results demonstrate high accuracy for the presented model on 1208 buildings, though

its performance varies on different roof types (Table 8). Furthermore, for a better
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understanding of how the model correlates with the LiDAR point cloud, the overlay of the
LiDAR point cloud on the 3D city model is shown in Figure 14. We also brought the

Google Earth 3D representation of this building.

While the results demonstrate high accuracy in generating a 3D city model, there is still a
limitation in the proposed method regarding complex roof types. The challenge in the
large-scale 3D city modeling in this study is that buildings with complex structures cannot
be modeled using a model-driven approach. In future studies, we will develop a hybrid

method to construct 3D buildings with complex roof types.

Figure 14. Comparison of LiDAR point clouds to the LoD2 building model. (a)
Generated LoD2 building model. (b) LIDAR point clouds. (c) Overlay of LiDAR point
cloud on a building with a cross-hip roof type. (d) Google Earth 3D visualization.

2.8 Conclusion

In this study, we proposed a multimodal feature fusion deep learning-based network for
classifying roof types into nine standard roof classes and constructing a large-scale LoD2

city model.

The methodology inputs high-resolution orthophotos, LiDAR point cloud data, and a
building footprints layer and follows two different phases to create the large-scale 3D

model. In the first phase, a decision tree-based method recognizes complex roof types.
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Then, the roof types of each building are classified by fusing the RGB optical and DSM
(height) features through a deep multimodal feature fusion network. The initial parameters
of this network are from the DSM (height)-based dataset and the RGB optical-based dataset
baseline networks. In the second phase, the 3D model is fitted to each footprint using the
building's roof information, such as roof type, eave, and ridge heights. As shown in this
paper, our roof type classification network confirmed that utilizing the RGB optical and
height features of each building improves roof type classification accuracy, thereby

enhancing the overall accuracy of 3D building reconstruction.
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Chapter 3: Automated LoD2 Building Reconstruction Using Bimodal
Segmentation®

Soleimani Vostikolaei, F., & Jabari, S. (2025). Automated LoD2 Building Reconstruction
Using Bimodal Segmentation. IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, vol. 18, pp. 23289-23305, 2025, doi:

10.1109/JSTARS.2025.3602414.

The original text is modified for consistency in terminology and formatting. Revisions

are indicated in italics.

3.1 Abstract

LoD2 modeling of buildings has rapidly developed, especially in digital twin and urban
planning applications; however, the diversity of roof structures makes significant
challenges for 3D building modeling. While airborne images are a key data source for
capturing optical roof features, they often struggle in low-contrast areas or shadowed
conditions. LiIDAR data can provide height information to compensate for the occluded
areas; however, in current literature, particularly in existing deep learning models, the
integration of these bimodal data has not been effectively studied for segmentation and
modeling. This study proposes a novel multi-object instance segmentation framework that
jointly detects all geometrical roof components required for 3D building modeling, such as
planes, inlines, and outlines, in a single bimodal network. Our method uses a shared

ResNet-50 backbone with Feature Pyramid Networks (FPN) and introduces two novel

6 This chapter has been published in a peer-reviewed journal
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attention mechanisms: Inter-Modality Attention Blocks (IMAB) for fusing elevation and
spectral features, and Modality-Specific Attention Blocks (MSAB) for refining modality-
specific information. We also evaluate three fusion strategies, early, middle, and late, to
optimize bimodal integration. Extracted lines and planes are vectorized, combined with
height data from point clouds, and used to create 3D planes and lines. The final building
models and wireframes are constructed by intersecting these 3D components. To the best
of our knowledge, this is the first study to combine bimodal multi-object instance
segmentation with attention mechanisms to jointly extract all roof geometrical components
and create 3D building models. Our study demonstrates that combining the optical and
elevation features of each building improves the accuracy of building geometric component
segmentation and 3D building modeling. Experiments conducted with 1,488 buildings in
Fredericton, Canada, show a F2-score of 0.8620, F1-score of 0.8374, and IoU of 0.844 for

the segmentation step, and an RMSE of around one meter for the 3D modeling.

3.2 Introduction

LoD2 modeling of buildings is a key step towards 3D city modeling. These models provide
detailed information about cities, which helps city planners make informed decisions and
plans. 3D city models can be used in different areas, such as optimizing green energy and
climate change mitigation, disaster management and flood risk assessment, and
transportation analysis, by providing detailed information about buildings, such as building
footprints, heights, and roof structures [3], [4], [5]. The high amount of detail in urban areas
and the diversity of roof types make 3D modeling of buildings an active research area in

photogrammetry, remote sensing, and computer vision.
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One potential way to create 3D models of buildings is to extract roof geometrical
components from different sources, such as LIDAR point clouds and images [66], [67].
These components include roof panels and lines, categorized into inlines and outlines. Roof
planes refer to the flat or sloped surfaces of the roofs, while inlines are the intersections of
roof planes, which represent the roofs’ ridge and hip lines, and outlines represent the roofs’

edges.

High-resolution images are commonly used for 3D building modeling over large areas
because they provide rich spectral information about building geometrical components. For
instance, Alidoost et all. [19] used RGB images to extract roof lines and heights in two
distinct backbones of Multiscale Convolutional Neural Networks (MSCDN). The extracted
lines and heights are then used for 3D reconstructions. Also, Qin et al. used [68] high-
resolution images to create DSMs using the Multiview data and extract semantic segments

of buildings, which were then utilized for 3D modeling.

Although high-resolution airborne images provide detailed information on buildings, they
may not perform well in areas covered by shadows or having poor contrast. In contrast,
DSMs provide height information of the geometrical components but lack spectral details.
Bittner et al. [69] developed a new method for generating LoD2 models using deep learning
techniques, specifically conditional generative adversarial networks (cGANSs), to refine
building shapes directly from noisy DSM inputs. This approach enhanced roof ridges,
resulting in more realistic 3D building geometries. Relying only on the DSM to detect roof
geometrical components leads to significant challenges, especially in flat or low-slope

areas where different pixel heights are not sufficient to distinguish between various
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components. This limitation can cause inaccuracy in 3D building modeling and highlight

the need for additional data sources, such as optical images.

LiDAR and optical data sources are nowadays more widely available in different urban
areas, so exploring the joint effects could be a good opportunity to enhance the accuracy
of 3D building models. To the best of our knowledge, despite this potential, the integration
of optical images and DSM data has not been completely explored in existing research. To
address these issues, our study uses bimodal data—optical images and DSMs—to extract

geometrical components and reconstruct LoD2 building models.

The evolution of multi-object segmentation techniques has drawn significant attention to
these models, highlighting their efficiency in utilizing a shared backbone to extract critical
features. The shared backbone is then applied across various objects within the model. This
ability helps the model enhance the training speed by extracting and learning general

features like edges that are common to different objects [70], [71].

To the best of our knowledge, most existing methods extract different roof geometrical
components separately or focus on either optical or elevation data. Our study bridges this
gap by proposing a novel framework that jointly segments roof planes, outlines, and inlines
from bimodal inputs (RGB and DSM) within a single network. The proposed method
employs a multi-object instance segmentation backbone followed by two attention blocks
to enhance feature fusion. The model begins with a shared ResNet-50 backbone with
feature pyramid networks to extract shared features of lines and roof planes from
orthophotos and DSMs, which enable efficient learning of common features of object
classes. The shared features of these two modalities are passed through two attention

blocks: (1) Inter-Modality Attention Blocks (IMAB) that employ cross-attention to fuse
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multi-level optical and DSM feature maps, modeling inter-modal relationships to enhance
segmentation in shadows, low contrast areas; and (2) Modality-Specific Attention Blocks
(MSAB) that apply self-attention to focus key features, such as lines and nodes, before
concatenation. This fused representation is more informative regarding having both

modalities’ features than using either.

In the next phase, the detected roof geometrical components are converted into vector
format and simplified using the Douglas-Peucker algorithm. This algorithm was selected
because segmentation outputs produce pixel-level jagged boundaries with redundant
vertices that are unsuitable for geometric modeling. Douglas—Peucker removes small
irregularities while preserving the dominant edge directions, which is essential for
maintaining planar roof faces required for LoD2 building reconstruction Elevation data
derived from point clouds is used to transform 2D planes and lines into 3D ones, which are

then utilized in constructing building models and wireframes.

Our key contribution is using two-modality datasets and combining their features through
inter-modality and modality-specific attention blocks to detect all roof geometric

components in a single network.

In our previous work [72], we explored three levels of fusion— data-level fusion (early),
feature-level fusion (middle), and head-level fusion (late}—for building footprint
detection. In this paper, we investigate concatenation-based fusion by applying it at
different levels of the network, data, feature, and late fusion, where the RGB and DSM
representations are joined at the corresponding stage to have a single combined
representation. This enables evaluation of which fusion stage provides better performance

for multi-object segmentation within a shared backbone.
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In summary, the contributions of this study are as follows:

e Designing a unified multi-object building component segmentation framework
using a shared ResNet-50 + FPN backbone to jointly detect features of roof planes,
outlines, and inlines from bimodal data.

e Developing feature fusion blocks to fuse bimodal joint features. These blocks
combine the multi-level optical and height features of each roof component through
a shared backbone between different objects using an inter-modality attention
block.

e Designing the modality-specific attention block to refine the joint spectral and
elevation features.

e Investigating three levels of fusion, including early (data-level), middle (feature-
level), and late (head-level) fusion, to find the most effective multi-object fusion
strategy for geometrical component segmentation purposes.

e Developing a LoD2 and wireframe modeling pipeline for all types of roofs using
an instance segmentation approach by extracting all roof geometric components
required for 3D modeling.

e Creating a rooftop dataset consisting of orthophotos, DSM, and masks of roof

geometric components, available at https://dataverse.lib.unb.ca/dataset.
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3.3 Related Works’
Building segmentation approaches can be divided into three groups: traditional geometric-
based segmentation methods, machine learning—based segmentation methods, and

attention-based segmentation approaches.

3.3.1 Building Segmentation
Traditional Geometric-Based Segmentation Methods

Geometric-based segmentation methods rely on handcrafted features and geometric
constraints to segment roof geometrical components. These models include region-
growing-based approaches [73], edge detection-based solutions [74], [44], random sample
consensus (RANSAC) algorithms [43], [75], and hybrid approaches combining multiple
algorithms [45]. Vo et al. [73] introduced an octree-based region-growing approach for
segmenting surface from LiDAR point clouds. Their method operates in two stages: coarse
segmentation and region growing on an octree-voxelized representation, followed by fine-
level refinement. The octree structure accelerates neighborhood searches and enables

semantic feature integration.

Ansari et al. [74] provided a review of Canny, Sobel, and Prewitt edge detection to segment
roofs. These local gradient-based filters are used to extract building outlines and roof ridges
but often suffer from missing edges in low-contrast or noisy regions. Dal Poz and Yano

[75] developed a RANSAC-based method to detect roofs from LiDAR data. Their method

7 The related work section of 3D building modeling has been moved into Chapter 1, section 1.2 Related
orks.
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isolated each building’s point cloud and used RANSAC to extract dominant planar

segments.

Dorninger and Pfeifer [45] propose a hybrid method combining edge detection, RANSAC-
based plane fitting, and morphological operations for building extraction from airborne
LiDAR. This method segments point clouds into planar patches, fits geometric primitives,

and regularizes models using alignment operations.

Kada and McKinley [13] introduced a cell-decomposition approach that partitions building
footprints into non-intersecting concave polygons. Each cell is fitted with a roof
primitive—such as gabled or hipped—using LiDAR normal to detect the most plausible

orientation.

Machine Learning-Based Segmentation Methods

Traditional machine learning-based segmentation techniques, such as Support Vector
Machines (SVM) [76] and Random Forests [77], and K-Means clustering [78] classify
roof geometrical components using handcrafted features. For example, Lodha et al. [76]
used SVM to segment building footprints from optical imagery, while Chehata et al. [79]
applied Random Forests to classify LiDAR point clouds into building, ground, and
vegetation classes. Thottolil and Kumar [77] also used Random Forest classification on
feature vectors derived from grayscale, DMPs, and morphological building index (MBI)
maps to segment building footprints from Google Earth images, achieving 85.6% accuracy
via post-classification morphological refinement. Additionally, Santos and Galo [78] used
eigenvalues, linearity, and planarity features combined with K-Means to effectively

segment roof boundaries, achieving over 92% accuracy for non-edge points.
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Although these traditional machine learning techniques improve upon geometric methods,
they are still limited by manual feature extraction, especially for complex roof structures.
In contrast, deep learning segmentation methods, especially CNN-based segmentation,
provide end-to-end learning models. These methods, like PolyMapper [80], Approximate
Shapes in Images by Polygon (ASIP), frame field learning, and PolyWorld, have

significantly advanced building segmentation purposes.

PolyMapper, for instance, determines buildings and road networks. In this method, instead
of using conventional pixel segmentation, they extracted topological maps as a collection
of building footprints and road networks [80]. In contrast, the ASIP method begins by
segmenting images into the convex cells format to initialize polygons, then refines
polygons using an energy function method that balances image fidelity and model
complexity. It outperforms PolyMapper [81]. This method improves accuracy and reduces
the complexity of the resulting polygons. PolyWorld outperforms previous methods, such
as PolyMapper and Girard's frame field learning approach, by training layered models to
handle multiple building polygonization sub-tasks; however, PolyWorld struggles to

predict individual roof sections [82].

In two different works, Schuegraf et al. [31], [67] addressed this issue by first segmenting
satellite images into the background, building footprints, and touching borders using a fully
convolutional network, then modifying and converting the results to segments using a
learning-free morphology approach. Despite the progress in the building detection area, to
the best of our knowledge, no published method recognizes rooftops’ geometric

components, including lines and planes, within a single network.
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Although semantic segmentation can detect multiclass objects, no work in the literature

can distinguish between inline, outline, and instances of roof planes in a single network.

Attention-Based Segmentation Methods

In recent years, attention mechanisms have been widely used for image segmentation tasks
due to their ability to focus on the important parts of images. Sun et al. [25] proposed a
multi-resolution transformer architecture that uses an attention mechanism to segment
buildings and roads from images. The ability to use long-range dependencies and adopt
multiscale features in transformers provides a comprehensive understanding of the scene.
Chen et al. [26] used self-attention in optical remote sensing images to semantically
segment the buildings and enhance the feature representation by focusing on important

regions in the images.

Wang et al. [83] presented a hybrid model that uses CNNs to extract features hierarchically
with the transformer's global context modeling strengths. This hybrid approach efficiently
uses local and global information to improve urban scene semantic segmentation accuracy.
Dai et al. [84] introduced a multiscale location attention network (MSLANet) that
segments buildings and water body and improves their edge detail. The network uses a

location channel attention to focus on edges.

Pan et al. [85] proposed a generative adversarial network to segment buildings. This
network has spatial and channel attention mechanisms (GAN-SCA) that allow the model
to selectively enhance more valuable features in specific positions and channels by

emphasizing relevant features and suppressing irrelevant ones.
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3.4 Methodology

As demonstrated in Figure 15, the proposed methodology comprises three phases. Phase 1
investigates roof geometric component segmentation to detect instances of roof plane,
outline, and inline. Phase 2 focuses on the 3D wireframe generation, and phase 3 includes

3D building modeling. Details of each phase are provided in the following subsections.

3.4.1 Phase 1: Segmentation of Roof Geometrical Components

We designed a bimodal multi-object instance segmentation model to extract and fuse the
multi-level optical and DSM feature maps for each building. The primary objective is to
jointly detect all geometrical components of buildings needed for 3D modeling by
integrating information from both optical and DSM modalities. The model processes each
modality—optical and DSM—independently through two feature extraction branches, and

their outputs are combined using three proposed networks.

Feature Extraction

Optical Feature Extraction Branch: The optical feature extraction branch employs a
ResNet-50 backbone to extract hierarchical feature maps of roof geometrical components
from orthophotos (Figure 15, a). A feature pyramid network is employed to capture
multiscale feature representations. FPN produces feature maps at four levels. In earlier
layers, feature maps have a richer spatial resolution but less semantic detail of objects,
while in deeper layers of the network, feature maps have a lower spatial resolution but are
rich in semantic information. To create a multiscale representation, FPN uses upsampling
to increase the spatial dimension of feature maps created at deeper layers (those with more
semantic information but lower dimensions) to match the spatial resolution of feature maps

from earlier layers. This upsampling process doubles the height and width dimensions with
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each step. In this way, for each preceding level i, the upsampled feature map from i+1 is

combined with the feature map at i to capture multiscale features across layers.
The output feature map (F) at each level i of the FPN is computed as:
Fi = Convixi(pi) + Upsample(F+1)). (1)

where p € RB*CHW represents the feature map extracted from the ResNet-50 backbone at
level 1, B is the batch size, C represents the number of channels in the feature map, H is the

height of the feature map at a given level, and W is the width of the feature map at level 1.

The FPN progressively refines these feature maps through a combination of 1x1
convolutions, which reduce the number of channels, and upsampling operations, which
increase the spatial dimension of deeper feature maps. This allows the network to
effectively integrate detailed information from earlier levels with contextual information

from deeper layers.

i
IPHASE 1
Optical Feature n —
Y 2> Extraction Branch with + E g E
/. -1 ﬁ the shared ResNet backbone o -8 ‘= E
A = ::INE
£ f»:
. ) - =
W 4 DSM Feature Extraction 2 C: 23 i
f ‘f/—> Branch with the shared |+ E = é
¢ L) ResNet backbone &) P
oA ga\a
i 3955‘\* (a)
PHASE 2 i ] PHASE 3

| Inline and outlines | | Polygonised planes |
* 1

| Segments PCs based on planes |

| Calculate line segments’ height |

| Create 3D roof lines | | Assign a surface to each segment |

| Create walls | | Create 3D planes |

| 3D Wireframe Modeling

| 3D Building Modeling |
1

Figure 15. General workflow of the proposed method
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FPN computes the top-most level (level 4) and then progressively uses it to calculate the

lower levels (level 3 to level 1).

The Feature Pyramid Network (FPN) constructs a multi-scale feature hierarchy by first
computing the top pyramid level (P5) from the deepest backbone feature map and then
progressively generating lower pyramid levels (P4 to P2) through a top-down pathway
combined with lateral skip connections. At each level, the spatial resolution differs by a
factor of two due to stride-2 downsampling in the backbone, while FPN integrates high-
level semantic information into higher-resolution feature maps. Consequently, the spatial

dimensions of the pyramid levels follow:

fori=1 to 4: Fi+1 in level 1: Hi+1 = Ho Wit = o vie {1,2,3,4}. 2)

2i+1° 2i+1°

Where Ho and Wy are the image's width and height, respectively.

DSM Feature Extraction Branch: similar to the optical feature extraction branch, the DSM
feature extraction branch utilizes the same structure to jointly capture the height features
of all the roof geometrical components. This backbone is shared between all roof geometric

components to jointly extract the height features of inline, outline, and plane instances.

The extracted features from both modalities are combined to generate the final prediction
of the features required for constructing 3D building models. Three networks have been

proposed to fuse the multi-level features generated by each feature extraction branch.
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Modality Attention Blocks
Inter-Modality Attention

We developed a cross-attention mechanism termed Inter-Modality Attention Blocks to
effectively fuse the multi-level feature maps extracted from optical and DSM data. As
shown in Figure 16, in sections ¢ and d, the shared features from each modality are refined

using the weights derived from the other modality.
For each level of the feature map, the following steps are performed:

Linear projections: for each level of feature maps, a convolution operation is applied to
extract the query (Q), key (K), and value (V) matrices. The query (Qkgg € RHXWiXBXE)

is derived from the optical feature map, while the key (Kl gy € RHEXWDXBXEy anq value

(Vibsy € RHXWDXBXE) are extracted from the DSM feature map using a Conv2d layer:

Qkeps= Tai. Fira; Khsm= Tki . Fiosm; Vhgy= Tvi . Fipsm. (3)
F'rge and Fpswm are the feature maps from the optical and DSM backbones at level i, E is

the embedding dimension, H; is the height, and Wi is the feature map's width at level 1. Tq;,

Tki, and Tvi € REXCX1X1 gre Jearned projection matrices.
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Optical Feature Extraction Branch (a) | Multi-level optical feature maps  (c) (e)
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Figure 16. Inter-modality attention Blocks are the proposed feature fusion network. The
shared backbone (ResNet-50 followed by the FPN (a and b)) extracts the multi-level optical
and height features of roof geometrical components corresponding to different spatial
resolutions. The height and width of the feature maps at each level (i) are reduced by factors
of 21" relative to the original image size. Bimodal feature maps are combined using a cross-
attention mechanism (¢ and d) and fed to a convolution layer followed by a segmentation
head (e) to jointly extract all geometric components required for 3D modeling.

Attention Calculation: /n the attention module, the feature maps are first transformed into
query, key, and value using learnable linear projections. For each spatial location in the
query map, a dot-product is computed with all locations in the key map to obtain a
similarity score matrix. The SoftMax function normalizes scores to a probability
distribution, highlighting the most relevant features. Then, the attention probability weights

are multiplied by V), to combine the values weighted by these attention scores.
Attn (Qkgp » Kbsm, Vhswi) = SoftMax (QRG;%) Vbsm ()
Kbsm

where dK}) - is the vector dimension of the K. This results in attention weights with size

[B, C, (H; X W;)]. B is the batch size, and C is the number of channels in the feature map

Apply Attention: The output of the attention mechanism is then reshaped and passed

through a final linear projection to match the input dimensions.
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Flerr = Woi + Attn (Qkgg » Kbsm » Vhsm )- (5)

c RCXEXIXI

Where Fcrr is the cross-attention feature map and Wo; is a learned projection

matrix that brings the attended features back to the original dimension.

Refinement and Combination: The attended cross-attention feature map (F'crr) combines

each feature level's original RGB features.

p®

combined

=7; - Ficre + F'rea, Vi€ [1,4]. (6)

Where vi is a scalar learnable parameter that balances the contribution of the cross-attended
features and the original RGB features. The cross-attention mechanism is applied at each

of the four levels of the feature pyramid.

Channel Reduction: The cross-attention mechanism enriches the feature maps by
integrating information from both modalities, which can significantly increase the number
of channels. To reduce the number of channels of the combined feature maps, they are

passed through a convolution (Conv2d) layer.

Region Proposal Network (RPN): The combined features from the cross-attention blocks
are fed into the RPN, which identifies potential object regions by generating a set of object

proposals.

The RPN uses a sliding window approach to generate anchor boxes with varying scales
and aspect ratios over the feature map. These are then refined through convolutional layers
that calculate the objectness score and bounding box regression for each anchor, allowing

the network to identify regions likely to contain objects.
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Rol Heads: The proposed regions generated by the RPN are then processed by the Rol
heads, which refine these proposals and assign class labels and bounding box coordinates.
It utilizes Rol Align to extract fixed-size feature maps corresponding to each region
proposal, preserving spatial alignment and ensuring that the extracted features maintain

accurate object boundaries.

Loss Calculation: The model calculates two losses during training to optimize its
performance. The proposal losses measure the accuracy of the region proposals generated
by the RPN, considering both the abjectness scores and bounding box coordinates. The
detector losses measure the accuracy of the final predictions from the Rol heads, including

classification, bounding box regression, and mask generation for each detected object.

Modality-Specific Attention

The second proposed method to combine bimodal feature maps is called Modality Specific
Attention Blocks. As shown in Figure 17, this approach uses self-attention [86] to focus on
the important parts of images and suppress the irrelevant parts. The self-attention
mechanism is applied to each extracted feature from the ResNet backbone, followed by the
FPN to effectively capture the context and relationships within the features derived from
the RGB and DSM modalities. In the self-attention mechanism, each pixel compares its
feature with every other pixel and selectively gathers relevant information from them to
provide global context so the network can interpret a pixel using the surrounding scene

rather than only its local neighborhood.
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Figure 17. Modality-Specific Attention Blocks is the second proposed feature fusion
network. The shared ResNet backbone and FPN network extract the features of the roof's
geometric components. The self-attention technique is applied to each feature modality,
and these modalities' resulting shared optical and height features are concatenated.

Linear Projections: For each modality (RGB and DSM), linear projections are applied to
obtain the Q€ RHXWDXBXE g e RUHXW)XBXE = and ve RHXWIXBXE matrices. The
specific calculations are as follows:
Q'res = Wq. F're; K'ros = Wk. Firgr; Vires = Wv.Firc. (7)
Qipsm = Wq. Fipsm; Kipsm = Wk. Fipsm; Vipsm = Wy.Fipsw. ®)
Where Wq, Wk, and Wy € REXCX1X1 are Jearned projection matrices that map the input

feature maps to the query, key, and value spaces.

Self-Attention Calculation: The self-attention techniques compute attention weights by
performing the dot product of the query and key vectors [87] matrices, followed by a
SoftMax operation. These weights are then used to weight the value vectors, capturing the

most relevant features:

i i T .
Attention_rcs (Q, K, V) = SoftMax (%y Vigg. 9)
Kk
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i i T .
Attention_pswm (Q, K, V) = SoftMax (‘mﬂ%) . Vi (10)
k

Where dy is the dimension of the key vectors.

Self-Attention Output: The outputs of the self-attention operations are reshaped and

passed through a final linear projection to match the input dimensions:
Fsa-rgs = Wo - Attention_rcs (Q're, K'raB, V'RGB), Fsa-rgs € REXCHXWi —(17)
Fsa-psm= Wo - Attention_psm (Q'psm, Kipsm, Vipsm), Fsa-psm € REXC<HiXWi (1)

Where Wo € REXEX1X1 ig 4 Jearned projection matrix that brings the self-attended features

back to the original channel dimensions.

Concatenation and Fusion: The self-attended features from both modalities are

concatenated and further processed:
Fcombined = Concat (Fsa-rG, Fsa-psm). (13)

Channel Reduction and Fusion: To manage the increased number of channels resulting
from concatenation, a convolutional layer (Conv2d) is applied to reduce the dimensionality
and fuse the features effectively. The fused features are then passed to the RPN and Rol
heads to generate segmentation masks and bounding boxes for the detected roof

geometrical components.

Concatenation-Based Fusion

To investigate which level of fusion is the more effective in combining the data features,
we explored three concatenation-based levels of fusion, including early, middle, and late

fusion [72].
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Early Fusion: In the early fusion step, the inputs from different modalities—optical
images and the elevation model-—are combined into a unified dataset. The orthophotos and
DSM datasets are concatenated before being input into the model. This fused dataset is fed
into the ResNet backbone, followed by FPN layers, where the network learns to extract

building features from this combined input.
Fearly = OfthOphOtO + DSM, Fearly € RB x (CRGB + CDSM ) xHx W. (14)

Where B represents the batch size, Crg and Cpsm are the number of RGB and DSM data

channels, respectively. H is the height, and W represents the width of the input images.

Middle Fusion: In the middle fusion approach, the optical and DSM features are extracted
independently through their respective branches, ResNet backbones, followed by FPNs.
These extracted feature maps are fused before passing to the RPN and Rol heads. This
fusion allows the model to combine the learned features from both modalities, which leads

to enhancing the model’s ability to detect and segment roof geometrical components:
Friddie = Concat (FRGBmiddle, FDSMmiddle), Friddie € RBXCxH’xW" (15)
H'’ and W' represent the feature maps' height and width dimensions at the fusion level.

Late Fusion: In the late fusion approach, the optical and DSM data are processed
independently through their backbones, generating separate predictions for each modality.
The predictions, including the probability of each pixel belonging to specific classes, are

averaged at the output stage to make the final decision:
Pfinal = Concat (PraB, Ppsm)/2, Prina € RECHW, (16)
Prge and Ppswm are the probability maps generated in the RGB and DSM branches (Figure

16, section e), respectively. This fusion step uses each modality's prediction to create the
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final building components' segmentation mask. Combining predictions from both
modalities leads to the final output that benefits from both the RGB images' spectral details

and the DSM's height information.

3.4.2 Phase 2: Modeling of 3D Building Wireframes

The 3D wireframe modeling of buildings [20] consists of four steps as follows:

Vectorization: The initial step involves converting raster planes and lines into polygons
and polylines necessary for the level of detail 2 (LoD2) modeling. This process consists of
detecting pixels with a value of 1 and transforming them into LineString format. We traced
the boundaries or edges for each connected set of pixels to form continuous sequences of

points and sequentially connected neighboring pixels.

Simplification: The polylines and polygons from the previous step are then simplified by
the Douglas-Peucker algorithm, which recursively breaks a polyline into smaller segments.
It takes the first and last points of each line segment, finds the farthest points from each
line segment with the first and last points, and keeps them if the distance exceeds a

threshold. Removing the points helps reduce the line’s complexity [88].

Reconstruction of 3D line segments: To construct the 3D wireframe models of roofs from
2D polylines, it is necessary to convert them to 3D format by assigning elevation values to
each line segment's start and end points. This process comprises segmenting the point
clouds using 2D plane instances from the previous step. Then, a surface is assigned to each
point segment. The surfaces with a shared boundary in the 2D space are then intersected to
determine the parametric intersection lines between them. These parametric lines provide

height values for the start and end points of the line segments. These elevation values are
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assigned to the corresponding inline and outline segments, which convert them into 3D line

segments:

For each 2D polygon, all LiDAR points that fall within its boundaries are identified. A

surface is assigned to each segment using the RANSAC algorithm:
aix + biy + ciz + di=0. (17)

Where (ai, bi, ci) are the normal vector components of the plane for the i-th segment, and

di represents the distance from the origin.

The created surfaces with shared boundaries in the 2D space are intersected to find
parametric intersection lines. This involves solving the following system of surface

equations:

{a1X+b1y+ C1Z+d1 = O

aXx+by+tcz+d, =0 (18)

The direction vector § of the parametric line of intersection is given by:
bic; — byoy
$= [azcl - a1Cz]. (19)
a,b, — azby
The parametric equation of the intersection line is:
I(t) =pg + t.&. (20)

Where pg = [Xo, Yo,Zo]T, and t is a scalar parameter that defines specific points along the

line.

3D Wireframe Modeling: After identifying all roof line segments in 3D space, the initial

step in 3D wireframe modeling involves extracting the eave and footprint lines. The roof
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eave consists of multiple line segments; the corresponding footprint segments with the
exact XY coordinates are selected for each line segment to ensure that the vertical walls
are correctly positioned. After detecting matching segments, vertical lines are drawn
between the roof and footprint vertices that share the same x and y coordinates but differ
in z-values. These connected vertical lines between the roof and footprint edges create the
wall segments. Combining the building footprint, wall, and roof structure creates the

completed 3D frame of the building.

3.4.3 Phase 3: 3D Building Modeling

Conversion of 2D Planes to 3D Planes: The segmented 2D roof polygons are first used
to extract the corresponding LiDAR points within each plane. 4 planar surface is then
fitted to each point set, defining an infinite 3D plane. The boundaries of the roof faces are
not taken from the point cloud; instead, the 2D polygon edges are projected onto the fitted
plane. Adjacent 3D planes are intersected to obtain parametric rooflines. This process

creates the 3D roof planes and lines.

Extraction of Roof and Wall Geometry: Walls are the vertical extensions of building
borders to the building eaves. To create the wall polygons, first, each footprint line segment
whose XY coordinates start, and end are similar to the edge line segments is determined.
The roof eave elevations are obtained from the intersection of adjacent fitted roof planes
(eave height), while the footprint elevations come from DEM. Points with the same XY
location, but different Z values (ground and eave) are then vertically connected, and

adjacent connections form the three-dimensional wall polygons.
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3.5 Experiments

3.5.1 Data

While the accurate detection of building footprints is a key aspect of the 3D modeling of

buildings, it is not the primary focus of this study. Instead, we aim to differentiate between

inlines and outlines with the building footprints. To evaluate the performance of the

proposed methods, we used three different datasets in this study. The first dataset is the

custom rooftop data created to jointly extract all roof geometric components required for

3D building modeling. This dataset includes orthophotos, DSMs, and masks of roofs.

Pixels adjacent to roofs are whited out because we focus on the buildings, not the

surrounding area. Data collected from buildings in Fredericton, in the eastern part of

Canada, is available through the University of New Brunswick repository. The first returns

from LiDAR point clouds, featuring six points per square meter density, were used to

produce a DSM with a spatial resolution around 40 cm.

Table 9. Specification of the datasets used for roof geometric components extraction

tasks.
. Number of | Number of
. . Spatial .
Dataset City Modality . Date training test
resolution - .
buildings buildings
Rooftop Fredericton, | orthophoto | 72em | 11/2015
Fredericton 1048 450
Canada
LiDAR 6 p/m? 09/2015
Berlin, Aerial imagery | 30 cm 2023
Roof3D [89] - 100
Germany DSM 50 cm 2023
2016-
Orthophoto S5Scm
Potsdam 2017
Potsdam ’ - 100
- Germany 2016-
DSM
S 5cm 2017
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Additionally, high-resolution airborne ortho images with a spatial resolution of 7.2 cm
were used. The orthophotos were mosaiced and digitized to label the geometrical
components of the roof and create optical datasets for each building. The spatial resolution
of orthophotos and DSM is not the same; hence, to make the same pixel size, we resampled

the DSM to match the orthophoto resolution (7.2 cm).

Due to computational limitations, the data were processed on a building-by-building basis.
For each building, a patch centered on its footprint was extracted from the orthophoto and

DSM and resized to 256 x 256 pixels to match the network input size

Subsequently, masks for geometrical components, including inline, outlines, and plane
instances, were made using optical images and DSM datasets. This dataset comprises 1,488
buildings. 70% of the data was used for training and validation, while the remaining 30%
was reserved for testing the network. The training data was augmented to mitigate the over-
fitting problem in deep learning, which involved vertical and horizontal flipping of the

training data. Detailed information about the input datasets is provided in Table 9.

The second dataset is Roof3D, which includes orthophotos and DSM data of buildings
from cities in Germany. For our specific task of detecting roof inline, outlines, and plane
instances, we generated the necessary annotations for 100 roofs from this dataset that
distinguish roof lines and plane components. These two datasets are used as test cases only
to check the performance of the proposed method trained on the Fredericton dataset. The
third dataset is the ISPRS Potsdam dataset, which comprises 38 patches, each containing
orthophoto and DSM images. While the Potsdam dataset includes 2D semantic labeling to
distinguish buildings from other objects, it does not provide detailed annotations for roof

geometrical components.
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To ensure a consistent comparison, we manually labeled 100 randomly selected samples
from each of the Roof3D and Potsdam datasets and analyzed their roof-type distributions.
The Fredericton rooftop dataset included a diverse set of 1,498 buildings with the following
roof-type distribution: gable (23%), hip (17%), cross-gable (16%), cross-hip (10%), flat
(10%), pyramid (8%), gambrel (6%), complex (6%), and Dutch (4%). While we randomly
selected 30% of them for testing the model, with the distribution of 20% gable, 12% hip,
12% cross-gable, 10% cross-hip, 16% flat, 10% pyramid, 9% gambrel, 3% complex, and

&% Dutch roofs.

In the Potsdam dataset, the dominant roof types were flat (30%) and gable (19%), followed
by hip (17%) and cross-hip (15%). More complex structures, such as cross-gable (12%)
and complex roofs (7%), appeared less frequently. Similarly, in the Roof3D dataset, gable
(30%) and flat (18%) roofs were most common, followed by hip (15%), cross-hip (13%),

cross-gable (11%), complex (8%), and pyramid (5%).

To ensure that the sample distribution reflects the overall variety of roof types in the
complete test set, and to balance the considerable manual effort required for precise roof

component annotation, we selected 100 samples from Roof3D and Potsdam data.

This analysis highlights a clear class imbalance in all three datasets, with simpler roof types
such as gable and hip being more prevalent than complex or less common types. Such an
imbalance underscores the importance of careful dataset curation and model evaluation,

especially when assessing generalization across diverse roof geometries.

The roofs in the two new datasets were mostly flat and gable, while the Fredericton rooftop
dataset has mostly gable, hip, and flat roofs. To balance the types of roofs and make the

number of test samples closer to that of the Fredericton test set, we manually labeled 100
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samples from the two new datasets. The datasets were converted to individual tiles of 256

by 256 image size to be able to input to the network.

3.5.2 Network Details

We proposed three bimodal multi-object segmentation networks to independently extract
and merge optical and height features for each building, aiming to jointly detect all
geometric rooftop features necessary for 3D modeling. Our goal was to determine whether
using bimodal networks (combining optical features and DSM) produces better results than
unimodal networks that process each modality separately. Additionally, we investigated
whether segmentation accuracy is improved by increasing the number of detected objects.
We designed four different Baseline Networks (BN) to explore these hypotheses. Each BN
baseline network uses ResNet-50 as the backbone to extract features, augmented with a
feature pyramid network for generating feature maps at multiple scales, which is essential
for detecting roof geometrical components of varying sizes, ranging from large roof planes
to narrow outlines in sections a and b of Figure 16. The baseline networks are pre-trained
on the ImageNet dataset, which contains more than 14 million annotated images according
to the WordNet hierarchy. After the feature extraction, the RPN generates the region
proposals from them. These proposals are then refined through Rol Align, which ensures
spatial alignment and accurate segmentation of roof geometrical components. The four

BNis include:

Orthophoto-Based Baseline Networks:

e BNI1: network, trained on orthophotos to jointly extract two types of objects: line

and plane instances.

e BN2: network to distinguish between roof inlines, outlines, and plane instances.
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DSM-Based Baseline Networks:
e BN3: network, trained on DSM data, extracts line and plane instances, similar to
the first orthophoto-based network.

e BN4: network tailored to differentiate between roof inlines, outlines, and plane

instances.
Unlike traditional Mask R-CNN, which detects only one object class, our approach uses a
shared backbone and a multi-object head to detect three different geometric components—
roof planes, inlines, and outlines—within a single network. After training the baselines, the
learned weights from them were saved. These saved weights represent the pre-trained
knowledge from ImageNet, fine-tuned to our multi-object segmentation task, and serve as

the pre-trained weights for the proposed bimodal segmentation networks.
Proposed Bimodal Networks:

To extract DSM and optical features for each building, we employed two parallel branches,
each utilizing a ResNet-50 backbone followed by an FPN backbone, initialized with the
pre-trained weights from the corresponding unimodal baseline, which helps the model
converge faster. These branches independently extracted feature maps from orthophotos
and DSM data at four scales. The orthophotos branch captured local and global optical
information essential for accurately segmenting roof geometrical components. Meanwhile,
the DSM branch extracts height data critical for the areas in which optical images may
struggle, such as those affected by shadows or low contrast. Both branches shared their

feature maps across two and three different objects within the network.
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Inter-Modality Attention Blocks

These shared features were then fused using an inter-modality attention block applied at
four feature levels within the FPN. The cross-attention blocks operate by projecting the
optical feature maps into query vectors and the DSM feature maps into key and value
vectors using 1x1 convolutions. Attention weights were computed through the dot product
of the query and key vectors, followed by a SoftMax operation that allowed the network to
focus on the most relevant DSM features for each corresponding optical feature, which is
useful for areas with shadows or low contrast in optical imagery. The formulation is

explained in Equations (3)—(6), and illustrated in Figure 16.

The attention-weighted DSM features were combined with the original optical features and
passed through convolutional layers to reduce the channel dimensions, ensuring

compatibility with the network’s input dimensions.
Modality-Specific Attention Blocks

In the second approach, we passed these maps through modality-specific attention blocks
after extracting feature maps from the optical and DSM branches. These blocks were
designed to enhance the spatial feature of each modality before fusion by refining features
within each domain (Equations 7—13). This block computes the query, key, and value
matrices from the feature maps using 1x1 convolutional layers. The attention mechanism
then calculates spatial attention scores that enable the model to identify and take the most
relevant regions within the feature maps. The outputs from optical and DSM attention
blocks were concatenated and passed through a convolutional layer to reduce the number
of channels. The combined features are then used in the RPN and Rol heads to generate

proposals and perform final roof geometrical component detection and segmentation.
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We trained models using a multi-task loss function that combines the following

components:

¢ Bounding Box Regression Loss: This loss measures and penalizes the discrepancies
between the ground truth masks of the roof geometrical components and the
predicted bounding boxes, using a smooth L1 loss.

e Classification Loss: The cross-entropy loss function classifies each detected object
(planes, inlines, and outlines) into the correct class.

e Mask Loss: The pixel-wise binary cross-entropy loss is employed for the
segmentation masks, ensuring that the predicted masks align accurately with the

ground truth masks.

The total loss for the network is calculated as the sum of these individual losses:

Total Loss = Lpox + Leis + Limask. (21)

Early, Middle, and Late Data Fusion

To find which level of data fusion, early, middle, or late, performs better when working
with a bimodal data set, we conducted another three experiments to fuse optical
information with the height data of buildings. These experiments explored three different
fusion strategies: early or data level fusion, middle or feature level fusion, and late or
segmentation head fusion of DSM and optical data. In the proposed method, we used the
transfer knowledge ability to pass the knowledge obtained from training on the ImageNet
dataset to our proposed models, helping to attain higher accuracy for our multi-object

instance segmentation tasks.
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3.5.3 Network Parameters

The proposed model was implemented using PyTorch and trained on a system equipped
with a 12th Gen Intel(R) Core (TM) 19-12900K CPU and an NVIDIA GeForce RTX 3090
GPU with 24GB of memory. The model was trained for 600 epochs using a batch size of
2 due to the memory constraints of high-resolution inputs. We used Stochastic Gradient
Descent (SGD) as the optimizer with a learning rate of 0.005, momentum of 0.9, and weight

decay of 0.0005.

3.5.4 Evaluation Metrics

We used three key metrics, including Intersection over Union (IoU), Dice Coeftficient (F1-
score), and F2-score, to evaluate the performance of the proposed multi-object semantic
segmentation network. IoU is the overlap between the predicted roof component segments
and the ground truth, which is divided by the union of these two sets. It is calculated as

follows:

Area of Overlap

IoU = (22)

Area of Union ~

The Area of Overlap represents the pixel shared between the predicted segments of roof
geometrical components and the ground truth. In contrast, the Area of Union is all the
predicted building lines and planes combined with all ground truth geometrical

components, including correct and incorrect predictions.
The dice coefficient, also known as the F1-score, is an alternative to IoU by emphasizing
the intersection. It assigns double weight to the overlapping regions and is calculated as:

2x Area of Overlap
Total Pixels of Ground Truth+Total Pixels of Prediction’

Fl-score = (23)
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This metric balances precision, which measures the percentage of correctly predicted
building pixels among all predictions, and recall, which quantifies the percentage of actual

building pixels accurately identified.

The F2-score modifies the F1-score by placing greater emphasis on recall by adjusting the
beta parameter. This makes it particularly valuable in scenarios where missing parts of a
line or plane (false negatives) are more critical than incorrectly identifying non-line or non-

plane regions as part of a line or plane (false positives). The F2-score formula is:

F2_score = (1+22)*Precision*Recall' 24)

(22xPrecison)+Recall

Precision measures the proportion of pixels predicted as a specific roof component (plane,
inline, or outline) that actually belong to that component, while recall measures the
proportion of true component pixels that are correctly detected by the model. The accuracy
of the 3D building models depends on the precision of building geometrical components
detection and decomposition steps. We compared the final 3D models with the DSM
extracted from point clouds to evaluate that. The digital surface model served as the ground
truth, and we evaluated the accuracy by calculating the Root Mean Square Error (RMSE)
between each building model and its related DSM. The reconstructed LoD2 model is a
generalized model derived from LiDAR point clouds. Comparing the reconstructed model
with the DSM, extracted from the LiDAR point clouds, measures how accurately the model

represents the LiDAR data.

CityGML, an open standard for storing and representing 3D city models, specifies that the

geometric error of the final 3D model must not exceed two meters. Although CityGML-3
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does not define fixed accuracy thresholds, we referred to the CityGML-2 standard for this

evaluation.

.(h:i—h:)2
RMSE = M_ (25)
N

Where N represents the total number of pixels, i is the respective pixel, h; is the reference
elevation at pixel i extracted from the DSM and h; is the elevation of the 3D model at pixel

1.

3.6 Results and Discussion

The results of this work are categorized into three phases. The first phase focuses on
detecting the roof's geometric components, while the second phase includes generating 3D
wireframes and models of buildings. The results of each phase are presented in the

following sections.

3.6.1 Instance Segmentation of Roof Geometrical Components

Raster inline, outline, and plane instances resulting from the proposed network are shown
in Table 10. The performance analysis of the baseline segmentation networks trained on
custom orthophotos and DSM data for both the two-object and three-object detection tasks
is presented in Table 11. For the networks trained on optical data, the IoU, F1, and F2
scores for the two-object detection baseline are 0.7250, 0.7905, and 0.7851, respectively.
The three-object detection baseline shows slight improvements, with scores of 0.7318,

0.8023, and 0.7937, respectively.
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Table 10. Inline, outline, and plane instances extracted from the proposed inter-modality
attention network.

Models Lines Planes

Bimodal two-object proposed network

»

<Y
a

In the DSM-based networks, the baseline model for two-object detection achieved an loU

Bimodal three-object proposed network

0f 0.7369, an F1 score of 0.8069, and an F2 score of 0.8019. The three-object detection
baseline further improved these metrics, earning scores of 0.7614, 0.8081, and 0.8281,

respectively.

The results in Table 11 indicate that networks trained on DSM data consistently outperform
those trained on orthophotos. Additionally, the three-object segmentation networks
perform better than the two-object networks. This improvement is mainly due to a shared
backbone architecture that enables the network to learn common features between multiple
objects, like edges and shapes, leading to a more robust representation of these features.
Also, the shared backbone between different objects reduces computational costs and
memory usage by reusing feature extraction layers, making the model faster and more

efficient.

The performance evaluation of the fusion strategies—early, middle, and late—shows

varying impacts on the model's ability to segment roof geometrical components. As shown
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in Table 11, early fusion, where optical and DSM data are combined at the input stage,

resulted in an IoU of 0.7682, an F1-score 0of 0.8116, and an F2-score of 0.8102.

Middle and late fusion strategies demonstrated enhanced performance by allowing the
model to process and integrate features at more appropriate stages. Middle fusion, which
merges features before entering the segmentation head, improved the IoU to 0.7842, with
an F1-score of 0.8837 and an F2-score of 0.8365. The late fusion strategy, which combines
outputs, achieved an IoU of 0.818, an F1-score of 0.8305, and an F2-score of 0.8436. The
results show that integrating DSM data with orthophotos and using a shared backbone
across different objects enhances the segmentation model's performance. This approach
leverages shared inlines, outlines, and plane instances feature maps alongside the optical

and height features of each building.

Further, the modality-specific and inter-modality attention blocks mechanism combined
with the multi-object instance segmentation network significantly improved segmentation
accuracy. As shown again in Table 11, the modality-specific attention blocks achieved an
IoU of 0.8260, an Fl-score of 0.8370, and an F2-score of 0.8409. The inter-modality
attention network outperformed all other methods, achieving the highest IoU of 0.844, an

F1-score of 0.8374, and an F2-score of 0.8620.

The inter-modality attention blocks use the cross-attention mechanism between multiple
objects with shared optical and height features. This mechanism combines features from
the two modalities; this attention block ensures that the network can capture the most
relevant DSM features corresponding to the related optical ones. The inter-modality
attention enables the network to weigh the most relevant height features concerning the

optical ones. This cross-referencing of modalities at four levels of the feature hierarchy
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improves the accuracy of the segmentation results, especially where one modality alone
might not detect objects in occluded areas because of shadow or poor contrast; however,
the modality-specific attention blocks use self-attention mechanisms to capture the
dependencies and contextual relationships of each modality. These blocks can emphasize
the most relevant features within each modality. This approach is efficient in refining the
feature maps by considering the global context of the local features extracted from ResNet.
This self-attention mechanism improves accuracy as the network is not limited to local
features alone and can use broader features within each modality. This ability leads to more
precise segmentation and better overall performance in detecting and reconstructing the

building components.

In summary, the results demonstrate that the inter-modality attention blocks significantly
outperform the DSM-based three-object baseline network, achieving improvements of
approximately 0.826, 0.0293, and 0.0339 in IoU, F1, and F2 scores, respectively, for the
task of roof inline, outline, and plane instance segmentation. Additionally, compared to the
optical-based three-object baseline network, the inter-modality attention blocks show even
more significant improvements, with increases of 0.1122 in IoU, 0.0351 in F1, and 0.0683

in F2 scores.
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Table 11. Comparative performance evaluation of various models for roof geometrical
component segmentation tasks on the Fredericton rooftop dataset.
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Moreover, the inter-modality attention blocks also perform better than the modality-
specific ones. In the literature, achieving an accuracy of approximately 80% in complex
segmentation tasks, such as roof component extraction from imagery, is considered a
strong performance. For example, similar studies on 3D building modeling and roof
segmentation, such as [67], [89], have reported IoU and F1 scores in a comparable range,
highlighting the challenges of differentiating between roof geometrical components,

especially in urban environments with diverse roof types and occlusions.

Table 12. Comparison of roof geometrical component detection algorithms on three
different datasets

F1-
Dataset Method Modality IoU F2-score
score

MSAB RGB + DSM | 0.7576 | 0.8155 0.8202

Potsdam
IMAB RGB +DSM | 0.7843 | 0.8163 0.8370

MSAB RGB +DSM | 0.7719 | 0.7892 0.8199

Roof3D
IMAB RGB + DSM | 0.8043 | 0.8391 0.8459

MSAB RGB +DSM | 0.8260 | 0.8370 0.8409

Rooftop Fredericton
IMAB RGB +DSM | 0.844 | 0.8374 0.8620

3.6.2 Generalization

To evaluate the generalization capability of our roof geometrical segmentation network to
adapt to a completely new location with different lighting conditions and architectural
designs, we tested it on two publicly available datasets- Roof3D and Potsdam- as
summarized in Table 9. These datasets were not used during training; they were utilized as

a test set to evaluate the performance of our models trained on the Fredericton rooftop

86



dataset. The results, presented in Table 13, show the capability of our model in other
datasets. On the Potsdam dataset, the MSAB model achieved IoU, F1, and F2 scores of
0.7576, 0.8155, and 0.8202, respectively, while the IMAB model obtained 0.7843, 0.8163,
and 0.8370. Similarly, on the Roof3D dataset, for the MSAB method, we achieved the Iou,
F1, and F2 scores of 0.7719, 0.7892, and 0.8199, whereas IMAB outperformed it with
0.8043, 0.8391, and 0.8459. The results show that the IMAB performs better than the
MSAB network. The Fredericton rooftop dataset achieved the highest loU and F2-scores

compared to the other two datasets, which is expected since the model was trained on them.

3.6.3 3D Building Modeling

The final 3D models of buildings are constructed using roof geometric components
extracted through the proposed bimodal multi-object semantic segmentation approach. In
this approach, we classify the 3D point cloud using 2D roof plane masks to isolate points
belonging to each plane. Then, using RANSAC, we fit a plane to each segment. Based on
the 2D plane boundaries, we cut the RANSAC-fitted surfaces to define 3D roof polygons.
To refine ridge heights, we calculate the height of intersections between planes and use
that to modify the corresponding ridge elevations. Some snapshots of the 3D models and
wireframes of buildings are presented in Figure 18. Additionally, to provide a clearer
understanding of the model's correlation with the LiDAR point cloud and orthophoto,

Figure 18 presents an overlay of the LiDAR point cloud on 3D building models.

In our previous model-driven approach, we detected nine roof types—flat, gable, hip,
cross-hip, cross-gable, pyramid, gambrel, and Dutch—and modeled each except for

complex roof types. These complex roofs, characterized by structures with more than six
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planes and thirteen edges, were beyond the scope of that approach [92]. In contrast, as
highlighted earlier, the current method enables modeling all building types, including
complex roofs. To calculate the RMSE of the 3D models with the digital surface model,
we converted the 3D models to multipatch and then to the raster format. Using equation
(25) presented in the experiment section, we calculated the RMSE between these two
rasters. The RMSEs of 32 buildings modeled in 3D with different roof structures, including
complex roofs, are shown in Table 13. CityGML an open-standardized data model format,
is used to evaluate the accuracy of the 3D wireframe. Since the latest version (CityGML

3.0) does not define specific accuracy standards, we referred to version 2.0.

(e) LiDAR point
clouds overlay
on the 3D model
Figure 18. Wireframe (c), 3D models of buildings (c), and overlaying the LIDAR point
clouds to the 3D models (e).

P o

) Orthophot (c) Wireframe (d) 3D model



According to this version, the accuracy of the 3D building model must be within 2 meters.
Table 13 shows that the RMSE of the 3D models, even for buildings with complex roof
structures, is below 1 meter, demonstrating the high accuracy of the presented method. All
the created 3D models are based on test areas where roof geometrical components were
detected in Phase 1. Thus, the accuracy of Phase 1, which involves detecting these roof
geometries, directly impacts the overall 3D modeling accuracy. In future studies, this
method could be combined with the model-based approach from our previous work to

create large-scale 3D models of all kinds of roofs.

Table 13 . RMSE results of the 3D wireframe modeling of 32 buildings with different
roof types.

Roof Type Number of RMSE (m) Standard Deviation
Buildings

Complex 5 0.69 0.295
Cross-hip 5 0.54 0.226
Cross-gable 5 0.32 0.131
Pyramid 4 0.29 0.179
Hip 2 0.23 0.168
Flat 2 0.16 0.15
Dutch 3 0.32 0.142
Gable 3 0.31 0.181
Gambrel 3 0.19 0.138

3.6.4 Comparative Study

To evaluate the effectiveness of our proposed networks for roof geometrical component
segmentation and 3D modeling, we conducted a comparative study against three state-of-

the-art methods for each phase.
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Roof Geometrical Component Segmentation

In the first phase, we implemented PLANES4LoD2 [67], UResNetl8 [90], and
UMobileNet [91] to segment the roof geometrical components of the Fredericton rooftop

dataset. The evaluation results are presented in Table 11 and Table 12.

PLANES4LoD2 uses a U-Net with an EfficientNet-B3 encoder and a depth attention
module at the bottleneck to combine height features from DSM with RGB information.
The model used the Binary Cross-Entropy and Dice loss to train the model with a batch

size of 4, a learning rate of 3e-4, and 120 epochs.

We implemented PLANES4LoD2 on Rooftop Fredericton, NB, samples. This model
achieved IoU, F1, and F2 scores of 0.7875, 0.8135, and 0.7963, respectively, as shown in

Table 11.

UResNet18 [90] is the second method evaluated in this study. This model presents an
enhanced U-Net architecture by replacing the traditional encoder with backbones such as
ResNet and EfficientNet. To better preserve spatial details during upsampling, the decoder
incorporates refined residual blocks. Furthermore, the skip connections are improved by
integrating feature re-weighting mechanisms to important features. The study trained the
model with a hybrid loss function that considers area, arithmetic, shape, spectral, and
texture discrepancy. Training was implemented for 50 epochs with an initial learning rate

of le-5.

The implementation of this work on the Fredericton rooftop dataset achieved IoU, F1, and

F2 scores of 0.7788, 0.8011, and 0.7859, respectively.
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UMobileNet [91] is the third method implemented to evaluate our proposed segmentation
method. This work presents a two-stage framework for detecting building footprints from
aerial imagery. The first stage employed a lightweight Mobile-UNet model, which
MobileNetV2 encoder and the U-Net decoder to perform semantic segmentation on 600
RGB-NIR image patches. The network is trained using a cross-entropy loss function and
optimized with the Adam optimizer. In the second stage, maskst are refined using a
Conditional GAN (cGAN) with a U-Net-based generator. The generator takes the building
masks concatenated with the original image as input and produces sharper and more
accurate masks. We implemented the UMobileNet combined with a GAN for multi-object
semantic segmentation. The resulting scores were 0.7605 (IoU), 0.7958 (F1), and 0.7844
(F2). All experimental results are presented in Table 11. As this table shows, the

Planes4L.oD2 method showed improved accuracy over the previous two approaches.

Compared to semantic segmentation networks such as UResNet18 with F1-score: 0.8011,
UMobileNet with Fl-score: 0.7958, and PLANES4LOD2 with Fl-score: 0.8135, our
instance segmentation baselines (BN1-BN4) achieve F1-scores, ranging from 0.7905 to
0.8081. The largest F1-score difference is 0.023 between BN1 and PLANES4LOD2. This
gap is expected, as semantic segmentation focuses on classifying pixels without
distinguishing instances, while our baselines perform instance segmentation, enabling the
identification of individual roof planes, outlines, and inlines; however, these semantic
segmentation methods require post-processing, including watershed and region-growing,

to distinguish individual roof planes.

In our proposed methods, after extracting the optical and height features of roof

geometrical components, we combined them through the MSAB and IMADb networks,
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which outperformed both the baseline and existing semantic segmentation models in terms

of IoU, F1, and F2 scores.

3D Modeling

In the second phase, which is 3D modeling, we implemented Sat2L.oD2 [93], Planes4LoD2

[67], and one model-driven approach [8] to the Fredericton rooftop dataset.

As described by Schuegraf etal. [5], the PLANES4LoD2 solution begins with roof
segmentation masks. A watershed transform is applied to distinguish roof plane masks.
Then, each segmented mask is vectorized using polygon fitting and then simplified by the
Douglas-Peucker algorithm. For flat planes, the height is computed as the median DSM
value within the polygon. For the flat roofs, the median DSM value across the polygon
interior is used as the height of that plane; however for roofs with two or more planes, fit
planar surfaces using least-squares on DSM samples, then compute intersection lines of
adjacent planes using their normal vectors. Those lines split the roof polygon, aligning
ridge elevations between planes. This line is used to split the roof polygon and ensure

consistent ridge heights.

The SAT2LoD2 method reconstructs 3D roofs from the predicted segmentation masks

through a sequence of processing steps:

(1) The network first predicts roof plane masks for each building.

(2) Then, raster masks are converted into vector format using the contour tracing algorithm.
The method identifies the boundaries of each segment by extracting the pixel boundaries

and finding the ordered sequences of points to form polygons.
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(3) When the contours are extracted, the Douglas-Peucker algorithm is applied to simplify

the lines.

(4) The polygons are then partitioned using the grid-based decomposition strategy, which
involves overlaying a uniform grid on each building footprint to divide it into smaller cells

aligned with the resolution of the DSM and segmentation mask.

(5) For each partition, parametric roof primitives are fitted by optimizing geometric

parameters and height based on DSM values.

(6) For the complex footprints, DSM elevation values and masks are used to triangulate

the surface method and create meshes for them.

Table 14. Comparison between different LoD2 building modeling on the Fredericton
rooftop dataset.

Modal able Roof Types RMSE

Planes4LoD2
All types of roofs 1.69 m

[67]
flat, gable, hip, pyramid, mansard, and decomposable
Sat2LoD2 [93] 432 m
roofs

Model-driven [8] flat, gable, and hip 1.12m
Proposed method All types of roofs 0.69 m

In the work by Krafczek et al. [8], roof types were first identified using a decision-tree-
based methodology. The approach extracted the aspect and slope values from the DSM,
then used a decision tree-based method to recognize roof privities and further roof types.

The heights of each roof primitive were computed using the nDSM. These extracted
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building features, including footprint, roof type, and height, were then input into Computer

Generated Architecture (CGA) rules in CityEngine to generate LoD2 models.

After implementing the 3D reconstruction model, the results are presented in Table 14. As
shown in this table, not all methods can model the whole types of roofs. Although
Planes4LoD2 can model all roof types, it also outperforms the other two methods; however,
in our proposed 3D reconstruction method, we achieved an RMSE of less than 1 meter

even for the LoD2 reconstruction of the complex types.

3.6.5 Challenges

Orthophotos, obtained from aerial photogrammetry and DSM data, are from two sources
that are often not perfectly co-registered and there is misalignment between these two
datasets. To be able to combine optical and height features on the same pixel location,
accurate pixel-wise alignment is essential. Hence, misalignment between datasets is one of
the key challenges when working with bimodal data. We address this by manually
registering DSMs with orthophotos on a building-by-building basis to create a well-aligned

rooftop dataset.

On the other hand, our orthophotos are captured at a much higher resolution than DSMs.
To ensure compatibility and preserve detail, we resample the DSMs to match the resolution

of the RGB images before model training.

Although certain roof geometrical components might be more distinguishable in one
modality than the other (e.g., ridge lines in DSM vs. outline edges in RGB, as DSM is noisy
in the borders of roofs). This imbalance makes it difficult for the model to perform equally

well across all types of roof geometrical components.
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3.6.6 Ablation Study

To better understand the impact of different components in our network, we ran six ablation
experiments. First, we tested the model without the inter-modality and modality-specific
attention blocks and tried out three different fusion strategies for combining RGB and DSM
data. The results, presented in Table 11, showed that adding attention mechanisms led to a
significant improvement in segmentation performance. We also trained the model
separately on RGB and DSM data to compare their performance. As shown in Table 11,
DSM performed better compared to RGB. In another test, we evaluated the single, two,
and three object segmentation models. As shown in Table 11, increasing the number of
objects enhances segmentation performance because the shared backbone allows the
network to learn common features, such as edges and shapes, between different objects,
resulting in a more robust feature representation. Hence, the model performed better when

trained to detect all three components jointly.

Moreover, we tested ResNet-18 and ResNet-50 as the residual layers of the backbones.
While ResNet-50 provided a performance increase of 1.5% in Fl-score compared to
ResNetl18, it required an additional 8 to 12 hours of training time based on the number of
objects on a system equipped with a 12th Gen Intel(R) Core (TM) 19-12900K CPU and an

NVIDIA GeForce RTX 3090 GPU with 24GB of memory.
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Figure 19. Training loss curve for IMAB and MSAB networks.

Finally, to compare the IMAB and MSAB networks, we plotted their training loss curves
over 600 epochs. As shown in Figure 19, IMAB starts with an initial loss around 2, and it
converges around 0.4, where MSAB’s initial loss is around 2.5 and converges around 0.6.
Also, both curves show improvement in early stages, the IMAB model has a more

consistent decrease in training loss, which confirms its better performance.

3.7 Conclusion

In this study, we proposed a bimodal instance segmentation approach to jointly extract all
roof geometrical components, planes, inlines, and outlines required for 3D reconstruction
from a single network. Using a single optical data source for roof geometric component
segmentation may struggle to detect roof geometrical components in areas with shadows
or having poor contrast. We introduced RGB optical data integrated with height
information to overcome this limitation. The network uses a shared ResNet-50 + FPN

backbone to extract different levels of optical and height features of objects. The extracted

96



features are then combined using two different attention-based blocks: Inter-Modality
Attention and Modality-Specific Attention. While modality attention blocks focus on
enhancing the joint spectral and elevation features of roof geometrical components before
concatenating them, the modality attention block fuses the features by receiving the query
from one modality and key and values from the other modality. After applying the
attention, the cross-attention feature map combines each feature level's original RGB
features to have a robust feature map. The feature map is then fed to the segmentation head
to extract multi-object segments. The integration of DSM data with optical imagery enables
the model to capture spatial relationships and optical and height geometrical features of
buildings, leading to more accurate and topologically consistent 3D wireframes and

models.

Phase 1 of the proposed workflow was validated on a dataset of 1488 buildings from
Fredericton, New Brunswick, Canada, demonstrating that the inter-modality attention
mechanism outperforms others by integrating and refining features from both modalities,

thus producing the most precise and reliable results.

Furthermore, in the second and third phases of our framework, detailed 3D wireframes and
building models are generated using the geometric information derived from segmented
roof lines and planes. Raster masks are vectorized into 2D polygons and polylines, which
are converted into 3D by assigning elevation values extracted from LiDAR point clouds.
The generated 3D models show an RMSE of less than 1 m, which can meet the CityGML

2.0 standard, demonstrating its effectiveness in reconstructing complex roof structures.
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Chapter 4: Extracting Roof Geometrical Components from Bimodal
Datasets Using Deformable Convolutions and Graph Neural Networks?®

Soleimani Vostikolaei, F., & Jabari, S. (2025). Extracting Roof Structures from Bimodal
Datasets Using Deformable Convolutions and Graph Neural Networks, ISPRS journal of

photogrammetry and remote sensing.

The original text is modified for consistency in terminology and formatting. Revisions

are indicated in italics.

4.1 Abstract

Extracting roof geometrical information, such as roof lines and junctions, is essential for
accurate 3D building reconstruction. While roof lines are defined as the intersection of
different roof planes, junctions refer to the points where these roof lines meet. These
geometrical components serve in many applications that require knowledge of the roof type
and geometry, such as in urban planning and architectural modeling. Due to shadows,
occlusion, and the complexity of roof geometries and types, extracting roof lines and
junctions from orthophotos remains a challenging task. Digital elevation models serve as
complementary data sources that can compensate for occluded regions. In real-world
applications, even a slight spatial misalignment between bimodal datasets complicates this
task. To address these challenges, we propose a novel two-phase framework for alignment
correction and extraction of vectorized rooflines and building wireframes. In the first

phase, we introduce an alignment correction architecture that integrates deformable

8 This chapter has been submitted in a peer-reviewed journal
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convolutions to align DSM features with optical imagery. A Cross-Modal High-Level
Attention Fusion (CMHAF) module is developed to adaptively combine texture and height
information using cross-modal, channel, and spatial attention mechanisms, enabling the
extraction of roof lines and junction points. In the second phase, a Graph Neural Network
(GNN) is used to find the topological connections between roof geometrical components
and convert pixel-based lines and junctions into vectorized rooflines. Junctions are
modeled as nodes and lines as edges, with edge weights derived from the learned features
of the first phase. We evaluated the proposed model on two datasets covering 450 buildings
in Fredericton and Moncton, both located in Canada. The model was trained on the
Fredericton dataset and tested on both Fredericton and Moncton. In Fredericton, it achieved
an Fl-score of 0.8804, a recall of 0.8649, and a precision of 0.8905. On the Moncton
dataset, the model reached an F1-score of 0.8637, a recall of 0.8108, a precision of 0.8842,
and an overall accuracy of 0.979. These results show that the model adjusts the
misalignment between datasets and extracts roof geometrical components within a unified
segmentation framework. GNN-based vectorization produces accurate polyline
representations, achieving vector accuracy and F1 scores of 0.8983 and 0.8861,

respectively.

4.2 Introduction

3D city models are functional aspects of urban environments and provide analytical values
for digital cities. These models are key assets in geographic information databases and have
various applications, including urban expansion [94], disaster warnings [95], urban

planning and construction [96], and solar potential analysis [97].
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In high levels of detail (LOD) models, roofs represent a complex and essential geometric
component, serving as a key component of building infrastructure. Accurately modeling
roofs is the key step towards 3D city modeling. Roofs can be represented using their
geometric components, which are roof lines and junctions. Roof lines are the boundaries
of planar surfaces, such as ridge and hip lines, while junctions represent the intersections
of these lines. The accurate and rapid extraction of these components from a single dataset
is challenging due to several factors: diverse roof materials and types, complexity of roof

geometrical components, and poor visual contrast caused by shadows.

To address the limitations of using a single data modality, Digital Surface Models (DSMs)
serve as a complementary dataset [72], [92], [98], [99]. By providing height information
and accordingly defining slopes and aspects of the roof-sides, DSMs help detect
geometrical components even in areas where optical images are occluded or shadowed.
Combining these two data modalities allows models to utilize visual color and textural
information from optical images as well as height information from DSMs. Hence, fusion
of optical images, elevation information, and geometric reasoning has great potential for
extracting scalable, accurate, and efficient data of roof geometrical components [98]. A
major challenge working with bimodal datasets, i.e., orthophotos and DSMs, is the accurate
alignment of these two information layers produced by different sensors [100], [101].
Misalignment can happen mainly due to differences in acquisition time, errors in LIDAR
or camera calibration parameters, as well as random errors [67], [100]. Slight

misalignments between the modalities can result in inaccurate 3D modeling [102], [103].

Despite advances in deep learning, the existing research on this topic has not completely
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addressed this issue [93]. In several existing studies, such misalignment needs to be

manually adjusted, which is not practical when working with large datasets [104].

In this paper, we address the misalignment issue between two datasets by developing an
alignment correction segmentation network. The proposed network uses deformable
convolutions, introduced by Dai et al. [105], with a non-fixed kernel size in the DSM
branch. The proposed network processes DSMs independently and is guided by optical

edge information through an offset loss function. The network consists of:

o Deformable Convolutional Network to modify the sampling positions of the
convolution kernel, allowing it to align DSM features to the optical image features.

o Offset Prediction Layers, which are a convolutional layer that predicts spatial
offset maps for each position in the DSM feature. These offsets determine how the fixed
sampling grid of a convolution kernel should be deformed for accurate alignment based on
optical features. This layer is trained using guidance from optical edge features.

o Offset Alignment Loss to enforce alignment and penalize differences between the

gradient magnitude maps extracted from the DSM and optical branch.
The learning process of offsets for each kernel position allows the convolution operation
to adapt its receptive field dynamically.

A Cross-Modal High-Level Attention Fusion (CMHAF) module is developed to combine
optical and aligned height features using cross-modal, channel, and spatial attention

mechanisms to extract roof lines and junction points.

Furthermore, for applications such as 3D reconstruction, pixel-based segmentation outputs

must be converted into vector representations, which is a high-level reconstruction task.

101



Motivated by [98] and [104], we developed a graph neural network to find the topological
relationships between roof geometrical components and reconstruct vector-based roof
geometrical components. To the best of our knowledge, this is the first study that integrates
a deformable convolution network to align height features based on optical images,
multimodal attention feature fusion to combine the aligned DSM with optical features, and
a graph attention network to vectorize the roof geometrical elements from bimodal data

(optical images and DSM).

The proposed network consists of two main phases. First, roof geometrical components,
which are roof lines and junctions, are extracted using a deformable-based convolutional
network. Optical and height features are then combined using a cross-modal high-level
attention Fusion module. Finally, the pixel-based segmentation is converted into a vector

format through graph neural network reasoning.

4.3 Related works
4.3.1 Extraction of the primary components of the roofs

Recent advancements in deep learning, particularly convolutional neural networks
(CNNs), have enabled more precise extraction of building footprints and roof geometrical
components from various types of remote sensing data, including orthophotos, satellite
imagery, and elevation models such as DSMs extracted from LiDAR point clouds [21],

[24].

Early work in this field focused mainly on identifying building footprints using CNNs on
high-resolution satellite and airborne imagery. Methods developed by [45], [72], [106],
[107], [108] demonstrated better results in detecting building footprints using neural

networks rather than traditional rule-based techniques. LiDAR point clouds or digital
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surface models are another source of data explored in the literature for extracting building

blocks [106], [107], [109].

In recent years, research has increasingly focused on recognizing more detailed
information about roof geometrical components, including edges, planes, and junction
points. For example, Campoverde et al. [21] introduced a method that combined CNN-
based image segmentation with cadastral maps to extract the roof planes and further
utilized elevation models to convert 2D planes into 3D structures. Schuegraf et al. [67] also
developed an optical-based method to detect roof segments and produce LoD2 building
models. In another example, Soleimani Vostikolaei & Jabari [20] employed a U-Net to
predict roof outlines and plane masks from imagery and then linked these masks with

LiDAR data to build geometric 3D wireframes.

To compensate for the gap between raster outputs and structured vector data, several
approaches have explored multi-task learning and geometry-aware segmentation. Zhao et
al. [98] proposed extracting planar shapes using multi-task CNNs and then applying
Attraction Field Maps (AFMs) to translate the segmentation into vector polygons. They
extracted roof lines and junctions using CNNs, followed by a trainable Hough Transform

to enhance the geometric feature extraction.

Relying solely on mono-datasets, such as optical images, presents limitations in regions
with shadows, occlusions, or low contrast [22], [110]. To mitigate these issues, a bimodal
framework that integrates deformable CNNs with supplementary DSM data has been
introduced. This method extracts and fuses optical and height features of roof primitives,

enabling the enhancement of roof geometrical component segmentation.
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4.3.2 Feature Fusion

Feature fusion is one of the inevitable steps when working with bimodal datasets. Several
studies have explored early, middle, and late fusion strategies. Early fusion merges raw
input data, while middle fusion combines deeper features, and late fusion usually fuses
segmentation heads [111]. For instance, Soleimani Vostikolaei & Jabari [72] proposed a
dual-stream CNN with parallel optical and DSM branches, followed by a concatenation
layer to extract and further combine data features for building footprint segmentation.
Similarly, Liang et al. [112] used the multi-layer concatenation fusion strategy that extracts
hierarchical features from input images and merges them through the different levels of
abstraction. These concatenated features are then progressively combined through skip

connections and fed into a decoder network for reconstruction of the fused image.

Despite this, direct concatenation can be limited in handling spatial misalignment or
modality imbalance. To address this, advanced attention-based fusion methods have been
proposed. The EMSNet architecture [113]used two symmetric encoders, one for optical
and one for DSM, to extract each modality's features. A Modality Fusion Block (MFB) is
further introduced at each encoder level to fuse optical and DSM features using attention
mechanisms. Then, the fused features from all levels are passed to a lightweight decoder,
which combines high-level semantic features and low-level spatial details using skip
connections. Likewise, Zhang et al. [114] proposed a network called Differential Feature
Attention Fusion (DFAFNet) for segmentation using multi-source remote sensing data.
Their approach uses two separate CNN backbones to extract features from each modality.
To combine the two features, the authors used DFAFNet, which compares the feature maps

from both sources and learns where the differences are most important. The network then
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applies attention mechanisms in both the spatial and channel dimensions to focus on the
most relevant areas in images. This fusion is done at multiple levels in the network, helping
both low-level details and high-level features. Similarly, He et al. [99] proposed a real-time
semantic segmentation framework for optical-D imagery. The network employs two
ResNet-18 encoders to extract both modality features. These features are then fused using
a Feature Propagation Module (FPM), consisting of Cross-modal propagation. A Fusion
Refinement Module (FRM) is introduced to exchange features in both directions, thereby
enhancing the optical and depth features. Despite these advances in multimodal
segmentation, to the best of our knowledge, no prior work has directly addressed the spatial
misalignment that commonly occurs between modalities such as optical and DSM. In this
study, we propose a novel framework that extracts all roof geometrical components while

correcting the misalignment between these data sources.

4.3.3 Graph Neural Network Geometric Reasoning

While CNNs can extract roof geometrical components, their pixel-based outputs make it
challenging to directly generate vectorized rooflines required for 3D building
reconstruction. Graph Neural Networks (GNNs) provide a strong framework for reasoning
connectivity between the roof lines and junctions. Some works used GNN to find the
relation between roof junctions and connect them in order to construct the vector line
format and further roof models [98]. Similarly, Nauata & Furukawa, (2019), applied the
concept of graphical relation to detect building roof topology by constructing adjacency
matrices that encode the connectivity between line segments. These methods demonstrated
the potential of GNNs for roof reconstruction but often relied on multi-stage pipelines and

man-made constraints. Fuyang Zhang [115], proposed Conv-MPN, a GNN where each
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node, which is a candidate edge, holds a 3D feature volume rather than a 1D embedding,
and message passing is implemented using convolutional operations instead of fully
connected layers. After the message passes, each node's volume is decoded into a

confidence score predicting whether it is a true building edge [115].

Amrullah et al. [28] also proposed a network that begins with a ResNet-based encoder
enhanced with attention modules to extract optical features. Using the detected corners and
edge scores, a fully connected graph is constructed where each node represents a detected
junction. An edge prediction GNN is applied to learn the relationship between nodes and
to predict the edges that form the final roof polygon. This approach used GNN to model
roofs; however, our method enhances the edge features by incorporating the CMHAF

weight parameters and the angle between lines, along with optical and DSM values.

In this study, we focus on the automatic extraction of vector-based roof geometrical
components from misaligned bimodal data, where the misalignment can be up to
approximately 8 pixels. This method does not require building footprints; instead, it
directly predicts vectorized roof geometrical components in a fully learnable way. The key
contributions of this paper are the following:

. Introduced a learnable deformable convolution-based architecture to align DSM
and optical features, addressing spatial misalignment between two modalities acquired
from different sources.

o Developed a Cross-Modal High-Level Attention Fusion (CMHAF) module that
adaptively combines optical and elevation features using channel, spatial, and cross-modal

attention to segment roof lines and junctions from complex structures.
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. Proposed a GNN-based vectorization framework that converts the pixel-based
instance masks into polyline roof geometrical components by modeling geometric

relationships between line segments and junctions.

4.4 Methodology

This study proposes a two-phase end-to-end framework for extracting roof lines and
vertices and consequently, roof wireframes, thereby wireframes, from misaligned
orthophotos and DSM in the first phase. Roof primitive masks are then vectorized in the

second phase. The overall workflow of the proposed method is shown in Figure 20.
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Figure 20. Overall workflow of the proposed method.

4.4.1 Phase 1: Instance Segmentation with Attention-Based Deformable Convolution

In the first phase, we developed a customized Mask-R-CNN [116] with a ResNet-50
backbone to extract roof lines and vertices from misaligned orthophotos and DSM data.
The framework uses a deformable convolution network to align DSM features with optical,
followed by optical feature extraction with ResNet-50 backbones, and fusion via a Cross-
Modal High-Level Attention Fusion (CMHAF). The proposed network can correct
misalignments of up to 8 pixels. To determine this number, we manually aligned a set of

DSM and optical image samples and then incrementally introduced controlled
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misalignments to evaluate the maximum misalignment the network could resolve. Figure

21 shows the overall workflow of the roof geometrical component segmentation.

Optical Feature Extraction

To extract the optical features, the ResNet-50 backbone has been used to extract multiscale
optical features. The output multiscale feature maps at the spatial position (i, j) in the output

channel c’are;:

For(i,) = Xo1 Bimt Zyai(Wer W) Xe(i+ (= 8) s, j+ (v=8)s)) + by (1)
Where u and v are kernel indices, each ranging from 1 to k, and k is the kernel size, 8 =
% is the offset to center the kernel window and s is the stride. X € RP*N2%3 ig the input

image with the size of (h1, h2), for each optical band ¢ € {1, 2, 3}, and X. denotes the c-th
input channel (2D). W € R&*K is the 2D weight with the total number of ¢ x ¢’ with the

size of k xk. b, is the bias term for each output channel.

Gradient Magnitude Map

The DSM deformable network needs an offset map to extract the DSM features of each
building. To guide the offset prediction layer to be matched with the optical features, we

computed the gradient magnitude maps for both the optical and the DSM layers.
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These gradient magnitude maps are then incorporated into a offset alignment loss, which
enforces the predicted DSM offsets to match the building geometrical component edges

visible in the optical data.
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Figure 21. Roof geometrical component segmentation workflow.

Deformable Feature Extraction Network

To extract the DSM features and align them with optical features, a deformable network

has been proposed, which consists of a deformable convolutional network, offset

prediction, and offset alignment loss.
Deformable Convolutional Network

A deformable convolution uses learnable offsets that shift the kernel’s sampling locations.
Instead of sampling only on a fixed, regular k X k grid around pixel (i, j), each location is
adjusted by a learned displacement. The output feature map is computed by interpolating

values from these shifted positions.

For a 3 X 3 kernel (k = 3), the sampling positions are pg € {(-1, —1), ..., (1,1)}, g =
1, ...,k2. For each location (i, j), the offset prediction layer produces a vector O (i, j) that

contains two-dimensional offset vectors (Axq, Ayq). The adjusted sampling position is:
Pqa(i,j) = (i,)) + pq + (Axq (L, J), Ayq (i, j)) 2)
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Since these offsets are real-valued, the updated sampling location pg (i, j) usually does not

fall exactly on an integer pixel. Therefore, interpolation is used to estimate the feature value

at the fractional sampling location.

Sampling the input at the shifted locations pg(i, j) allows the network to adaptively align

DSM features with optical features, even in cases of geometric misalignment. The

alignment is performed at the feature level rather than the raw pixel level.
Offset Prediction

The offsets (Axq, Ayq) are predicted by the offset prediction layer, which is defined by a
standard 2D convolutional layer. This layer learns, for every pixel location (i, ]), a set of
18 values corresponding to nine pairs of 2D displacements for a 3 X 3 kernel. For each
pixel location (i, j), 1 =1, ..., hl; j=1, ..., h2, the predicted offset vector is O (i, j) = [Ax1,

Ay1, ..., Axo, Ays], where O (i, j) € R!8,
Each of the 18 offset components is obtained via convolution:

Or (i, ) = Xin= -1 Zn= -1 Ve(m,m)XPM (i + m,j + n) + b, 3)

Where r =1, ..., 18, V. € R** is the 2D learned kernel weight corresponding to the r-th

output channel, XPSM g phixh2 o the DSM layer, b € R'® is the bias.

After the offset map O(j, j) is obtained, the kernel sampling locations are updated from the
fixed grid positions to the shifted positions pg (i, j). The updated positions determine where
the deformable convolution extracts feature from the DSM input. The shifted values are
then combined with the kernel weights in the same way as a standard convolution,

producing the output feature map. The deformable convolution output is computed as:
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Fer' (1) = =1 P g X" (04 (1) + ber 4
Where @, is the learned weight associated with the g-th sampling location for output

channel ¢’.
Offset Alignment Loss

The offsets are learned in the training step by minimizing an offset alignment loss,
computed as the mean squared error (MSE) between the gradient magnitude maps (Vf) of

optical and DSM data:

1 .. .
Loftset = —— 1y 202 (IVErge (L DI = 1 VEpsm (G, D11 (5)

The loss of the proposed method enables gradients from Loret to be backpropagated,
updating the weights, and biases of the offset prediction layer to adjust the offsets and

minimize the loss.

Future Fusion Using Cross-Modal High-Level Attention Fusion (CMHAF)
We developed a CMHAF block to fuse DSM features with optical features, using the cross-
modal attention network. It further implies channel attention to refine feature channels and

spatial attention to enhance spatial features.
Cross-Modal Attention

The shared line and junction features from each modality are modified using attention
weights obtained from the other modality. At each feature map level 1, separate linear
projections generate the query, key, and value. Ficp and Fhgy are the optical and DSM

feature maps at level I, where h; and wi the spatial dimensions and ¢ is the number of
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channels. The spatial dimensions are first reshaped into a single dimension n; = hywy and

so the feature maps are changed into Frgp, Fhgy € R™M*C,

Linear projections are then applied to create query, key and value. The query Qksg ER™*C
is extracted from the optical feature map Figp, the key (Khgy € R™*€) and value (Vg €

R™*¢) come from the DSM feature map Flygy:
Q{%GB = W(IQ l:“111(;13; K})SM = WII( F]I)SM; V]I)SM = W\Iz FII)SM (6)

Flcp and Flgy, represent the feature maps at level I, ¢ denotes the number of channels, h;
and wi are the height and width at that level I, and ‘-’ indicates the dot operation. The

projection matrices Wé, Wi and WY are learned during training [117].

These components are then utilized to calculate attention weights:

Qkeg . (K! T
Flross = Fhop + Vhsu - (ADT, A= SoftMax (e {Kos) ™

Where FL,.qs is reshaped from the flattened output.
Channel Attention

To improve the fused optical and height features, especially for the occluded and shadowed
areas, the channel attention block has been used. This block assigns higher weights to

channels that extract structural features, as follows:

1 h ..
21(0) = e i 2 Fhross (01,0) ©=1,1,C, Whhanna =0 (WIS(WJZD)  (8)

hI- W1

C C
Where C is total number of channels, WlI € ]R?XC, WZI € RCX?, 0 is Rectified Linear Unit
activation (ReLu), o is the standard logistic sigmoid activation function, and r is the

1 e RhIXWXC

reduction ratio [118]. Features, Fi 116 , are calculated as follows:
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F<I:hanne1 (1,),0)= Wghannel (©) Ftl:ross (i,j,¢) )
Spatial Attention

To further refine the fused features, a spatial attention mechanism is applied to emphasize
critical spatial regions of the fused features. This block computes a spatial attention weight
map by first applying average and max pooling along the channel dimension of the fused
feature (Fipanne1) and then concatenating the pooled maps. A 7x7 convolution followed by

a sigmoid activation is used to generate a single-channel spatial attention map:

Wslpatial =0 (Conv7><7([maxpOOI(Féhannel)' anpOOI(Fihannel)])) (10)

Where conv,y; produced a single-channel map, and ois a standard logistic sigmoid

activation function. The final feature map is calculated as follows:
l:"%used (i' jl C) = Wslpatial (i' ]) . Féhannel (i' j' C) (1 1)

The enhanced fused features are fed to the Region Proposal Network (RPN) to generate
potential object proposals. The regional proposals are bounding boxes that contain roof
lines and junctions. The proposed region is then pooled and passed to the segmentation
head of the Mask R-CNN to perform pixel-wise classification to produce a binary mask for
each line and junction instance. The total loss of Phase 1 combines the segmentation loss

(Lseg) with the offset alignment loss (Logfset):

L =Lseg + Loffset (12)
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4.4.2 Phase 2: Roofline Vectorization with Graph Attention

In the second phase, we propose a graph-based method to transform pixel-wise roof
component masks into vectorized rooflines using a Graph Neural Network (GNN). The

general overview of the proposed method is shown in Figure 22.

Roof geometrical masks are converted into a graph G = (V, E), where junctions serve as

nodes V, and roof lines are modeled as edges E connecting pairs of nodes.

Nodes: Junction proposal vq
o Frode: =D vifl : 7,/
Geometric features :

. o '
B - 5 Apesrance festures "
P _\f"' el

Edges: Line proposal

"Graph Neural Vector-based

Fedge.i; = [ By o Xi, X, Vi il Network roof lines

Figure 22. General overall view of the roofline vectorization

Graph Construction

Each node vj is derived from the segmented junction in the predicted mask, where 1 denotes
the node index. The centroid of each junction mask is computed to define the spatial
location (xi, yi) of the node. In addition to geometric coordinates, the fused optical and
DSM features from the CMHAF block are captured for each junction location. The final
node feature vector is created by concatenating the spatial coordinates with the CMHAF-

derived feature embedding:
Frode,i = [Xi» ¥i» Fi], Fi € R?0x2% (13)

In FPN, all pyramid layers are converted to 256 X 256 to have the same feature dimension,

and F; represents the fused feature vector for node vi.
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Each candidate's edge e;; is represented by geometric and appearance features that encode

relationships between its two endpoints. These edge features include the following:
Geometric Features:

e Euclidean distance between nodes v; and v;

e Direction angle from v; to vj computed as arctan2(Ay, Ax).

e The smallest angle between the candidate edge and other edges connected to v; and
vj, which captures angular continuity.

e spatial locations of two endpoints for each edge

Appearance Features:

e Fused CMHAF features along each edge.

The final edge feature vector is:
Fedgeij = [dij ,0i, ij, Xi, Xj, ¥i, ¥, Fij] (14)

where djj is the distance, 0 is the orientation, oij is the min_angle, and Fjj € R?*® is the mean

of sampled features along the edge.

Graph Neural Network Architecture

To find the connection between nodes, we developed a classification graph neural network
that processes the constructed graph G = (V, E). The network uses a multi-head Graph
Attention Network (GAT) as the node encoder, followed by a Multi-Layer Perceptron
(MLP) for final edge classification. Two GAT convolution layers with multi-head
attention, each followed by ELU, are used to capture structural context from neighboring

junctions:
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H® = ELU (GATConv (Fpoqe > N(i)))
H® = ELU (GATConv (H, N(i))) (15)

Where ELU is the exponential linear unit activation function, and N(i) denotes the

neighborhood of node vi.

The concatenated edge feature vector Fegoe i is passed through a three-layer MLP with

dropout and ReLU activations:
¥ij = MLP(Feqge,)
MLP(e;;) = o (F3(ReLU (F;(ReLu (F; (Feggei)))) (16)

where Fy,F,, F; are linear layers and ¢ denotes the standard logistic sigmoid function
producing a probability score. To learn the connectivity of rooflines, we formulate the edge
classification task as a binary prediction problem. The objective function is defined using
a weighted binary cross-entropy loss, which mitigates the imbalance between positive and

negative edge samples.
Lonn - X Wii[yilogys + (1 — yip) log(1 =yl (17)

where yij € {0, 1} is the ground truth label, yiA]- is the predicted probability, and wij;j is a class-

balancing weight.

Wireframe Reconstruction

After extracting the rooflines, they were connected to form roof planes. Roof planes then
merged to create building footprints. To reconstruct 3D building wireframes, the
methodology introduced in our previous work [104], was employed to reconstruct building

wireframes. In this process, first LIDAR point clouds were segmented using each 2D roof
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plane, then using the RANSAC algorithm [56], a plane was fitted to each point segment.
For every pair of adjacent planes sharing a boundary in the 2D space, their corresponding
3D planes were intersected to derive a parametric line of intersection. These intersection
lines represent the true 3D location of the shared roof lines. For each roofline, its endpoints
were matched to the corresponding intersection line based on their XY coordinates, and
the Z-values (elevations) were obtained by evaluating the intersection line equation at those
XY locations. These calculated elevations were then assigned to the endpoints of each
roofline, converting them from 2D to 3D. Finally, rooflines sharing the same XY

coordinates as the footprint edges were vertically connected to generate wall segments.

4.5 Experiments
4.5.1 Data

We created a custom roof geometrical component dataset to jointly extract roof line and
junction instances required for 3D building modeling. This dataset includes orthophotos,
DSMs generated from LiDAR point clouds, and masks of roof geometrical components.
The data were collected from Fredericton and Moncton, in New Brunswick, in eastern
Canada. The DSMs were derived from the first returns of LiDAR point clouds with a
density of approximately six points per square meter, producing a DSM with a spatial
resolution of around half a meter. High-resolution orthophotos, with a spatial resolution of

7.2 cm, were also acquired. The dataset specification is presented in Table 15.

These images were mosaicked and manually digitized to annotate the roof geometrical
components. The spatial resolution of the orthophotos is approximately six times higher
than that of the DSM, which posed challenges for pixel-wise alignment. In particular, DSM

data often suffer from poor edge definition due to the low resolution and double reflections.

117



These issues can lead to pixelated, jagged, or blurry edges, which reduce the geometric
accuracy of building outlines. This edge inconsistency further complicates the fusion of
DSM and optical features. To address this, we used a super-resolution Residual-in-Residual
Dense Block Network (RRDBNet), originally proposed in [119], and designed for
enhancing three-band optical images. Although RRDBNet was pretrained on optical
images, we adapted it for single-band DSM data by creating a single-band DSM training
dataset and saving the weight parameters. To fine-tune the model on DSM data, we first
downsampled the original DSMs to generate low-resolution versions and created training
samples. The network was then trained on our DSM data. After training, the learned weight

parameters were saved and used to enhance the resolution of the DSM images.

Table 15. Specification of the roof segmentation dataset.

Dataset Modality Spatial Collection Number Training Test and
resolution date of samples before validation
(GSD) samples and after samples
augmentation
Orthophoto 7.2 cm 11/2015 400 280, 1120 120
Fredericton ~0.5 m (point
Point cloud density: 6 09/2015 400 280, 1120 120
p/m?)
Orthophoto 7.2 cm 11/2016 50 - 50
Moncton ~0.5 m (point
Point cloud density: 6 10/2017 50 - 50
p/m?)

This approach upsampled DSMs to match that of the orthophotos. Each of the images had
a different width and height and needed to be resized to 256 x 256 pixels to match the
network’s input size requirements. To preserve the aspect ratio during resizing to 256x256,

we first calculated the dimensions of each image. Then, we created a square bounding box
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around the image by expanding the smaller side, either width or height, to match the larger
one. After that, depending on whether the resulting square was smaller or larger than
256%256, we either scaled it up or down to reach exactly 256x256. Using the ortho and
DSM images, we generated masks for roof lines and vertices. The final dataset consists of
400 building instances. Around 70% of the Fredericton data was used for training while
the remaining 30% of the Fredericton data and all the Moncton data were utilized for testing
and validation. To address potential overfitting, we applied data augmentation techniques

during training. Specifically, we performed random rotations and vertical flips.

4.5.2 Network Details
Roof geometrical component segmentation

To correct local misalignment between DSM and optical, we apply a deformable
convolution layer to the DSM branch. For each spatial location and each kernel ina 3 X 3
window, the layer learns a 2D offset and samples the DSM at the shifted coordinate. The
output features are then computed from these adaptively sampled values. This method
achieves feature-level alignment, and the receptive fields locally shift toward geometrical

roof structures.

Figure 23 illustrates the orthophotos and corresponding DSM with building boundaries
overlaid, along with the learned deformable convolution receptive fields. When the DSM
features are extracted using a regular CNN, the sampling positions fall on locations that do
not align well with the optical and mask boundaries. In contrast, the deformable
convolution layer adaptively adjusts its sampling positions; the regular CNN grid is shown
as orange dots, and the learned deformable CNN grid is shown as blue dots, while the green

arrows indicate the offset vectors Ap,, learned for each kernel position. As shown in Figure
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22, the deformable sampling positions shift adaptively toward the roof boundaries,
allowing the DSM branch to extract features that are spatially aligned with the optical edges

and more consistent with the true building geometry.
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Figure 23. Orthophoto and DSM with building boundaries overlaid, along with the

receptive fields.

The module is based on a customized Mask R-CNN for the orthophoto branch. The optical
backbone consists of the ResNet-50 with a feature pyramid network (FPN) to extract four

levels of optical features. The ResNet-50 was pretrained on the ImageNet’ dataset, which

% https://www.image-net.org/
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contains over 14 million annotated images organized by the WordNet hierarchy. For the
DSM branch, a deformable convolutional block with a ResNet-50 backbone is designed to
align the geometric feature difference between orthophotos and DSMs (Figure 21). The
deformable block first predicts an offset map using a 2D learnable convolutional layer with
kernel size 3 and stride 1. For each pixel, it outputs 18 values, 2D offsets (Axk, Ayk) for k
=1, ..., 9, corresponding to the 9 sampling points of a 3x3 kernel. These offsets determine
how the deformable convolution layer shifts the sampling points to sample the DSM at

locations that align with optical features.

To guide this alignment, a gradient magnitude map of optical and DSM are calculated. The
offset alignment loss is defined as the mean squared error (MSE) between their
corresponding gradient magnitude maps. This loss provides an indirect supervision effect

for the deformable convolution.

The optical FPN generates four levels of feature maps; DSM features are resized to match
these resolutions. After extracting features and adjusting DSMs, the feature fusion and
enhancement network is developed to fuse the aligned DSM and optical features. The
fusion module includes cross-modal attention to integrate optical and DSM features,
channel attention to emphasize informative feature channels, and spatial attention to

highlight important regions within the feature maps.

The segmentation network was trained for 200 epochs to extract roof line and junction
instances, utilizing an AdamW optimizer [120] with an initial learning rate of 0.0001. A
step learning rate scheduler reduced the rate by a factor of 0.1 every 50 epochs. Other
hyperparameters included a weight decay of 1e—4 to prevent overfitting and a batch size

of 4.

121



To investigate whether segmentation accuracy improves through DSM feature alignment
or through enhanced fusion, we designed two baseline networks. The first baseline used
two parallel ResNet-50 backbones to extract modality-specific features, which were
concatenated and fed into the segmentation head to predict junction and line masks. The
second baseline used an attention mechanism to combine optical and DSM features without
additional enhancement. All baseline networks were pre-trained on the ImageNet dataset.

The quantitative results of these experiments are presented in Table 16.

Vectorization with GNN

After segmentation, the masks for rooflines and junctions are converted into a vector graph
structure. Where nodes are the centroids of predicted junction masks with the joint optical
and DSM features extracted from the CMHAF feature map at the same location. Edges are
defined as candidate lines connecting node pairs. the length, orientation, and CMHAF
feature are calculated for each line. To optimize computation and memory usage, instead
of extracting the CMHAF features along the entire line, we randomly select 50 points along

each candidate edge and extract the CMHAF for just those points.

These sampled descriptors are then aggregated to form the optical-DSM fused feature
representation for the edge, which is concatenated with its geometric attributes to form the
edge embedding. Two graph neural networks are used to find the relationship between
nodes, which are graph neural attention GAT [121] and GCNConv, which is a graph
convolutional operator [122]. While GAT uses a Multiple attention GCNConv, it is based
on just a convolutional layer. Both models predict edge existence probabilities and node
confidence scores. GAT weighs the importance of neighboring nodes when updating a

node’s representation using multi-head attention. This attention mechanism allows the
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model to selectively focus on relevant node-edge relationships based on learned attention
scores. The GCNConv performs two convolutional layers to update node embeddings,
followed by an edge classification head. Two experimental scenarios were considered: (1)
building footprints were available as prior input, and (2) building footprints were extracted
in the network. Models were trained for 150 epochs using the Adam optimizer with a
learning rate of 0.0005. The final graph produces a vectorized format of the roof as a set of

connected line segments and junctions, required for 3D modeling.

Evaluation Metrics

We evaluated the proposed two-phase framework, roof component segmentation, and
roofline vectorization, using Precision, Recall, Fl-score, and Accuracy metrics. The
precision metric measures the proportion of correctly predicted positive pixels of roof lines

and junctions among all predicted positives:

. TP
Precision = (18)
TP+FP

Recall measures the proportion of correctly predicted positive pixels of geometric

components between all actual positives:

TP

Recall = TPIFN (19)

Fl-score provides the mean of precision and recall, while emphasizing the intersection
regions:

__ 2 XPrecision XRecall

Fl Precision+Recall (20)
Accuracy measures the proportion of correctly predicted pixels among all pixels:
Accuracy = S ik — (21)
TP+TN+FP+FN
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Where TP, FP, TN, and FN show the true positives, false positives, true negatives, and

false negatives, respectively.

For roofline vectorization, the same metrics were applied, but at the edge level instead of
pixels. In which a predicted edge was considered a true positive if its endpoints matched
ground-truth junctions within 3 pixels, and the connecting segment corresponded to a

labeled roofline.

4.6 Results and Discussion

The results of the segmentation phase, with emphasis on aligning DSM data with optical
images, are shown in Table 16. As shown in this table, the proposed method achieved a
precision of 0.8905, a recall of 0.8649, an F1-score of 0.8804, and an accuracy of 0.982.
To better understand how the proposed method improves the accuracy of the segmentation,
we implemented five baseline networks and two state-of-the-art segmentation methods.
The comparison and results of the baseline networks are presented in Table 20 as an

ablation study.

The proposed network uses a deformable ResNet-50 backbone for DSM alignment and a
cross-attention feature fusion module with channel and spatial attention for feature
enhancement. The UResNet model, based on a U-Net architecture with a ResNet-18
encoder and concatenation-based fusion, achieves a precision of 0.7668, recall of 0.7513,
Fl-score of 0.7649, and accuracy of 0.978, while the UMobileNet model, a lightweight
model using MobileNet as the backbone and concatenation fusion, achieves a precision of
0.7603, recall of 0.7332, F1-score of 0.7412, and accuracy of 0.980. Although UMobileNet

and UResNet have better performance compared to the baseline networks, they result in
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semantic segmentation of rooflines that requires further postprocessing to convert them

into instance segmentation.

To evaluate the generalization capability of the proposed network, we trained the model on
the Fredericton dataset and tested it on another city, Moncton, New Brunswick. Even
though Moncton and Fredericton have different image conditions, the model still performs
very well in the new city. It achieves an F1-score of 0.8637 in Moncton, which is slightly
lower than the 0.8804 achieved in Fredericton, and the overall accuracy remains almost the
same, 0.979. The results show that the proposed network generalizes effectively to new
areas. Because lines and junctions are thin and small structures, two-pixel buffers were
applied around all their boundaries during metric computation to reduce penalization from

slight boundary misalignment.

Table 16. Evaluation results of the proposed segmentation network.

Method Dataset Backbone Precision | Recall | Fl-score | Accuracy

Unet with ResNet-18

UResNet[90] | Fredericton 07668 | 0.7513 | 0.7649 | 0.978
encoder
Hgg}bﬂeNet Fredericton | MobileNet 07603 | 0.7332 | 0.7412 | 098
Moncton Deformable Resnet- | ) eo > | 0.8108 | 0.8637 | 0.979
50
Proposed
network

Fredericton ?gformable Resnet- | 005 | 0.8649 | 0.8804 | 0.982

These results demonstrate that aligning DSM with optical data and enhancing fused
features enhances the segmentation results to detect roof lines and junctions, especially in
precision and Fl-score. Figure 24 shows the extracted roof geometrical components,
including line and junction, from the proposed network compared to the two baseline

networks.
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Orthophoto and DSM of the roof

Baseline network (i) Baseline network (ii) Proposed network

Figure 24. Roofline and junction segments extracted from the proposed network and

baselines

To assess the network’s ability to handle spatial inconsistencies between the two
modalities, we manually aligned 20 DSM samples with respect to their corresponding
optical images and added controlled shifts and rotations to them. The DSMs were displaced
in both the x and y directions by incremental shifts ranging from 1 to 12 pixels and
separately rotated by angles between 0° and 25°. The proposed trained model was applied
to each transformed pair, and the Recall and F-score metrics were computed to evaluate

segmentation performance. The results are shown in Table 17.

Table 17. Model performance under varying DSM spatial shifts relative to optical
imagery.
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The results show that the proposed deformable fusion network can compensate for
misalignments up to approximately 8 pixel shifts in x and y directions, and rotation up to
20 degrees, maintaining stable recall and F-score values within this range. Beyond this
threshold, the model’s ability to realign the DSM features with the RGB data gradually
decreases. At a shift and rotation of 0, the accuracy of roof geometrical component
detection is higher than the overall performance of the proposed method. This improvement
is because of the fact that, for these 20 samples, the DSM data were manually aligned with
the corresponding RGB images, providing near-perfect registration. Because the data have
no misalignment, the model performs better on these samples compared to ones with
spatial offsets. In other words, the improved performance is expected, since the network
does not need to compensate for misalignment errors in these manually corrected

examples.

After the multimodal segmentation stage, which detects roof outlines and junctions from
the bimodal dataset, the proposed graph-based vectorization converts the pixel-level masks
into a vector representation. The performance of the proposed approach was evaluated
using two graph convolutional architectures: GCNConv and GAT. Table 18 summarizes

the quantitative results for both methods.

To demonstrate the effectiveness of our proposed methodology, we also applied a pixel-
to-vector conversion algorithm based on Suzuki et al. [124] work on our segmentation
masks. The instance segmentation masks are first converted to binary masks, then the pixel-
to-vector algorithm traces connected pixels along object boundaries to generate polygonal

representations; however, it relies on complete pixel connectivity and cannot properly
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vectorize objects when some pixels of edges are missing. The results of this algorithm are

shown on Figure 25.

Figure 25. Examples of roof line vectorization results. The red lines show the vectorized
boundaries extracted from the conventional pixel-to-vector method.

As shown in Table 18, the GCNConv network achieved an accuracy of 0.8205, a precision
of 0.7820, a recall of 0.8166, and an F1-score of 0.7660. The results show that the most
correct roof line connections were identified; however, some false positives and missed
connections remained. When replacing GCNConv with GAT, accuracy improved to
0.8983, precision increased to 0.8398, recall reached 0.8297, and the F1-score jumped to
0.8861. The higher metrics in GAT show that this network has better performance
compared to GCNConv in correctly identifying valid roofline connections while reducing
false detections. This improvement can be related to the attention mechanism in GAT,
which allows the model to focus on the most informative relationships between line
segments. The performance of the pixel-to-vector method [124] shows the accuracy of
0.6512, a precision: 0.6020, a recall: 0.5671, and an Fl-score: 0.6223. These results
indicate that, while the traditional method can extract building boundaries, it struggles in

areas where pixels are not connected.

128



Table 18. Evaluation metrics for the graph neural network-based vectorization.

GCNConv GAT Pixel to vector[124]
Accuracy 0.8205 0.8983 0.6512
Precision 0.7820 0.8398 0.6020
Recall 0.8166 0.8297 0.5671
Fl-score 0.7660 0.8861 0.6223

Figure 26 shows the vectorized lines extracted from the GAT network, besides some false

positive and negative samples. While the results prove the strong performance in

converting pixel-based results into vector format, there are still instances of false positives

and false negatives. In some cases, the network identifies roofs that do not exist in the

reference data (false positives), while in other cases, existing roofs are missing entirely

(false negatives). Figure 26 shows examples of these cases.
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Figure 26. Vectorized rooflines resulted from the GAT network.
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The 3D wireframe models of buildings are constructed using roof geometric components
extracted through the proposed bimodal segmentation and vectorization approach. Some

snapshots of the 3D wireframes of buildings are presented in Figure 27.

(a) (b) (c)
Figure 27. 3D wireframes. (a) orthophoto, (b) DSM, (c) wireframe
To evaluate the accuracy of the reconstructed 3D models, the roof wireframes were first
converted into roof polygons by connecting roofline segments. These roof polygons were
converted into multipatch and then raster formats. The RMSE between the generated raster
surfaces and the DSM was computed [104]. The evaluation, conducted on 30 buildings

with varying roof structures, is summarized in Table 19.
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Table 19.RMSE Results of the 3-D Wireframe Modeling

= —
Roof type . % % o % ‘S; § _d,é é
= |8 |58 8§ |g§ |5 | & | & &
Number
of 5 3 3 4 4 3 2 3 3
buildings
RMSE 0.21 | 0.42 0.76 0.84 0.63 | 0.72 0.42 0.26 0.39

As Table 19 shows, all reconstructed models achieved RMSE values below 0.5 m. To the
best of our knowledge, existing LoD2 building reconstruction methods generally achieve
accuracy above 0.5 m. For example, Modeling Complex Building Structures (LoD2) Using
Image-Based Point Cloud [125] reported errors between 0.5 m and 1.5, respectively, while
PLANES4LoD2: Reconstruction of LoD-2 Building Models Using a Depth Attention-
Based Fully Convolutional Neural Network [67] achieved RMSE values of 3.34 m and
1.39 m on the Roof3D and Braunschweig datasets. In contrast, the proposed method
consistently attains sub-meter RMSE across various roof types. This accuracy is directly

affected by the precision of roof geometry detection and vectorization in Phase 1 and 2.

4.6.1 Ablation Study

To have a better comparison of how each module contributes to the final performance, we
designed a series of ablation experiments. The goal was to examine how DSM feature
alignment, feature enhancement, and fusion mechanisms affect instance segmentation

accuracy.

The first baseline uses the ResNet-50 backbone to extract optical and height features with

the concatenation method for feature fusion, without any alignment. The DSM data are not
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enhanced using the super-resolution RRDBNet blocks in the first baseline. In the second
baseline, we upsampled and enhanced the DSM using RRDBNet blocks. The results show

that enhancing the DSM can help to improve the segmentation performance.

We also used attention-based fusion on misaligned DSM and optical features in the third
baseline study. As shown in Table 20, the segmentation results improved from the second
experiment because the fusion strategy had been changed. We also evaluated both ResNet-
18 and ResNet-50 as backbone architectures with residual layers. ResNet-50 achieved a

2% improvement in F1-score over ResNet-18.

In the fourth baseline, we incorporated deformable convolution and the Cross-Modal
Hierarchical Attention Fusion (CMHAF) module. Instead of computing separate offsets
for each of the 3x3 kernel positions (18 offset values per pixel), this version predicts only
one pair of offsets (Ax, Ay) for each pixel. The goal was to test if the optical and DSM
images differ by one overall shift instead of many small local ones. If that were the case, a
single pair of offsets could be enough to align the features. In our dataset, however, there
is no consistent global shift between the two modalities. While this configuration still
improved the results compared to the non-deformable baselines, using only one offset pair

reduced local flexibility since all kernel points had to move in the same way.

The fifth baseline explored the idea of replacing the Mean Squared Error (MSE)-based
offset consistency loss with a cross-correlation loss between optical and DSM gradient
magnitude maps. The motivation was to better capture similarity between local edge
patterns even when their absolute positions differ slightly. In theory, cross-correlation can
detect consistent edge orientations or shapes, even if they are not perfectly aligned pixel

by pixel; however, in practice, the MSE-based “soft alignment” loss performed slightly
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better. One possible reason is that cross-correlation emphasizes structural similarity but is
less sensitive to small local misalignments. the MSE-based offset consistency loss
penalizes differences softly: if an edge exists in the optical image but not in the DSM, the
loss increases only slightly.
This avoids over-penalizing edges caused by shadows or illumination changes that are not
present in DSM data. The results, shown in Table 20, prove that adding alignment, feature
enhancement, and fusion blocks led to a significant enhancement in roof geometric

component segmentation.

Table 20. Ablation studies

Feature
Backbone Fusion Precision Recall | Fl-score | Accuracy
Method
Baseline ResNet-50 without the
RRDBNet to enhance | Concatenation | 0.6802 0.6887 | 0.6912 0.968
(1
DSM
ga;seh“e ResNet-50 Concatenation | 0.6821 0.7079 | 0.6947 | 0.977
Baseline Cross-
ResNet-50 . 0.7150 0.7086 | 0.7092 0.979
(3 attention
Deformable CNN +
Baseline CMHAF with a pair Cross-
4) (Ax, Ay) per cach 3x3 | attention 0.8773 0.8517 | 0.8714 0.965
kernel
Baseli Deformable CNN + C
ASelN® | CMHAF with cross ross” 0.8894 0.8570 | 0.8801 | 0.9809
®) . attention
correlation loss
Proposed | Deformable CNN + Cross-
network CMHAF attention 0.8905 0.8649 | 0.8804 0.982
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4.7 Conclusion

In this study, we proposed a deep learning framework for automated roofline and junction
extraction that combines deformable convolution-based alignment, cross-modal high-level

attention fusion (CMHAF), and graph neural networks to produce vectorized roof outputs.

One of the main challenges in working with bimodal data is spatial misalignment caused
by differences in acquisition time and sensor geometry. To handle this, the segmentation
stage uses a deformable convolution module that learns pixel-wise spatial offsets to align
DSM features with optical features, guided by an offset alignment loss. After alignment,
the Cross-Modal High-Level Attention Fusion (CMHAF) block combines the features
from both modalities. This block includes three main components: cross-modal attention,
which allows the network to learn how optical and DSM features interact; channel
attention, which highlights the most informative combined feature channels; and spatial

attention, which focuses on the most relevant geometrical regions within each feature map.

Pixel-based segmentation masks can identify rooflines and junctions but are not directly
usable for 3D modeling. To create 3D building representations, these pixel-level results
need to be converted into vectorized formats. The vectorization stage in our framework
converts the segmentation outputs into roof graphs, where junctions are treated as nodes
and rooflines as edges connecting them. Graph neural networks are then applied to find the
connectivity between these components using the spatial and visual features extracted from
the segmentation backbone. This helps the model learn which rooflines and junctions

should connect to create complete roof structures.

The results show that integrating deformable alignment, attention-based feature fusion, and

graph-based vectorization creates a robust and interpretable solution for extracting roof
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geometries from bimodal data. This step bridges the gap between pixel-based segmentation
and vectorized roof geometrical components, marking a key step toward 3D building

modeling.
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Chapter 5: Conclusions

This chapter summarizes the research conducted in this dissertation. It begins with the
outline of the research drawn from Chapters 2 to 4. The contributions of this research are

then presented. Finally, some suggestions for future work are provided.

5.1 Summary of Research

In this dissertation, we investigated LoD2 building modeling by focusing on using bimodal
data, orthophotos and DSMs, and feature fusion techniques. We strived to facilitate the
automation of the LoD2 building modeling process through deep learning-based
frameworks that integrate multi-object instance segmentation networks for roof
geometrical component detection, deformable convolutional networks for modality
alignment, cross-modal attention for feature fusion, and graph neural networks for vector-
based roof geometrical component generation. Then we evaluated the accuracy using
metrics such as IoU, Fl-score, F2-score, precision, and accuracy, comparing the predicted

roof structures with ground-truth data.

This work proposed three complementary studies, each improving upon the limitations of
the previous one and collectively advancing toward a more robust, scalable, and automated
3D building modeling framework. Robustness was demonstrated by the proposed
network’s consistent performance in datasets with varying illumination conditions, urban
densities (Canada and Germany), and sensor alignments, as well as through comparative
experiments, in which other methods in the literature were applied to our dataset and our
methods were tested on external datasets. Scalability was validated by evaluating the

framework’s performance on multiple datasets. This work established a framework that
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bridges multimodal data fusion, deep learning, and vector-based geometric reasoning for

3D building reconstruction.

5.2 Contributions To The Field

This section will discuss how the achievements from previous chapters contribute to

addressing key challenges in LoD2 building modeling.

5.2.1 Classifying Roof Types and 3D Building Modeling

Traditional approaches in 3D city modeling, whether model-driven or data-driven, have
long been limited by their reliance on either optical imagery or elevation data. Hence, the
first part of this research introduced a multimodal deep learning framework that
concatenated the optical imagery and DSM data to classify ten roof types and generate
corresponding LoD2 models. The classification framework used a modified ResNet-101
backbone pretrained on ImageNet, followed by a fully connected classification head.
optical images and DSM channels were passed through two parallel feature extraction
networks, and then the optical and height features were combined. The fused feature is then
fed to the two convolutional blocks with batch normalization and ReLU activations before

the final SoftMax classifier. The output was a vector representing roof type probabilities.

In addition to the classification task, we produced LoD2 models using the predicted roof
types. The height of the roof, the ridge, and eave heights are then calculated from DSM
data, and wusing a rule-based strategy, LoD2 building models are created.
The proposed network achieved 97.58% accuracy in roof classification and produced 3D
models with an RMSE of 1.03 meters. To the best of our knowledge, there is no study that

detected 10 types of roofs using a bimodal dataset. This work proved that the joint use of
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optical and DSM data can significantly enhance classification and reconstruction accuracy,

especially in areas where one modality is weak due to shadows or occlusions.

This research produced a new dataset for roof type classification, published as the Roof
Types Dataset through the UNB library data repository!®, which can be used for further

CNN-based models.

5.2.2. Modeling Complex Roof Types

While the first study modeled specific types of buildings, the second study shifted to
extracting all roof geometrical components, planes, inlines, and outlines to model all types
of buildings. We proposed a multi-task instance segmentation model using a shared
ResNet-50 + FPN backbone and two novel attention-based modules: the Inter-Modality

Attention Block (IMAB) and the Modality-Specific Attention Block (MSAB).

These blocks fused the optical and DSM features by learning how to focus on informative
regions within each modality and across modalities. The network jointly segmented
multiple roof geometrical components in a single forward pass and achieved high

performance: an F2-score of 0.8620 and IoU of 0.844 across 1,488 buildings.

The segmented masks were used to generate wireframes and LoD2 building models, thus
completing the full modeling pipeline. This research not only refined the feature fusion
from simple concatenation to attention mechanisms but also highlighted that joint learning
of multiple geometrical objects (planes and lines) leads to better performance compared to

the single object detection task. As shown in the ablation study in Chapter 3, Section 3.6.6,

19 https://doi.org/10.25545/GPFIGQ
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the DSM-based network improved from an IoU of 0.7369, F1-score of 0.8069, and F2-
score of 0.8019 in the two-object setting to 0.7614, 0.8081, and 0.8281, respectively, when
trained for three-object (planes, inlines, and outlines) detection. Similarly, in the optical-
based networks, the IoU, F1, and F2 scores increased from 0.7250, 0.7905, and 0.7851 to
0.7318, 0.8023, and 0.7937, respectively. These results confirm that using multiple roof
geometrical components in a shared learning framework enhances the segmentation

performance.

5.2.3 Bimodal Dataset Misalignment Correction

One of the challenges in LoD2 reconstruction from bimodal data is to align the spatial
misalignment between datasets and convert the pixel-based roof geometrical components
to a vector format. The third study in this dissertation investigated this need by integrating
deformable convolution networks and graph neural networks into the reconstruction

pipeline.

The feature-level alignment module, based on deformable convolutions, learns offsets in
DSM features guided by optical features through an edge alignment loss, which corrects
misalignments during training. Following the alignment step, we designed the feature
fusion and enhancement block, Cross-Modal High-Level Attention Fusion (CMHAF), to

refine feature fusion using spatial, channel, and cross-modal attention strategies.

The outputs, which are junction and line masks, were converted into graph structures where
nodes represented junctions and edges represented lines. We extracted geometric features
such as length, orientation, CNN-based features from the previous step, and spatial
coordinates, and assigned them to each node and line. The graph was constructed as a fully

connected node graph, and our GNN used three layers of GCNConv with ReLU

140



activations, followed by a sigmoid classifier on each potential edge. The graph network
predicted which lines should be connected, generating topologically correct roof graphs.

The final vectorized models achieved an F1-score of 0.8801.

This vectorization step was a key advancement, allowing structured 3D roof models to be

produced from raster-based data with minimal postprocessing.

5.3 Suggestions for Future Work

Moving forward, future research should focus on enhancing multimodal segmentation
techniques to extract finer roof details, such as chimneys, dormers, HVAC, and roof

materials, to achieve more geometrically and visually accurate 3D building models.

The integration of oblique imagery should be explored to extract the location of fagade
elements such as windows and doors, to extend LoD2 reconstructions toward LoD3

models.

The proposed segmentation and feature fusion model should be tested under a wider variety

of conditions and sensors, such as airborne cameras, sensors, and different satellite data.

Additionally, 3D-aware neural rendering techniques such as Neural Radiance Fields
(NeRF) could be used to reconstruct building facades from oblique images and add them

to the 3D building models.
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Appendix

This appendix summarizes the specifications of the geospatial datasets used in Chapter 3
and Chapter 4 of this dissertation. Two primary datasets were used: airborne LiDAR and

digital orthophotography, both provided by Service New Brunswick (GeoNB)'!.

Both datasets use the same horizontal coordinate reference system (CRS):
NADS83(CSRS) / New Brunswick Double Stereographic (EPSG:2953), based on the
GRS80 ellipsoid. The LiDAR elevations are referenced to the Canadian Geodetic Vertical

Datum of 2013 (CGVD2013).

Because the LiDAR and orthophoto datasets use an identical CRS, no reprojection or
datum transformation was required. The detailed specifications of each dataset are

provided in the following table.

Table 21. Detailed Specifications of the Airborne LiDAR and Orthophoto Datasets

Data Resolution/ GSD | Coordinate System Data accuracy Year of
acquisition

Horizontal Accuracy
Orthophoto | 72 mm Horizontal datum: =7-14 cm 2015/2016
NADS3

Vertical datum:
CGVD2013

Horizontal accuracy:
Map projection - NB

. ) -
LiDAR 6 points/m Stereographic Double RMSE = 0.26 m (lo), 2019

(EPSG 2953) Vertical accuracy:
RMSEz =0.140 m

' https://www.gnb.ca/en/campaign/geonb/data-catalogue.html
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