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SEMANTIC SEGMENTATION OF HISTORIC DOME SYSTEMS
CONSIDERING PART-WHOLE RELATIONS

SUMMARY

This research investigates the usage of different deep learning methods of semantic
segmentation in the context of classifying the parts of the historic domes of Anatolian
monumental architecture regarding part-whole relations. Documentation of cultural
heritage is a detailed process that focuses on recording the state of the items with high
accuracy and all the required information. However, manual documentation
techniques are error-prone that lead the human-caused inconsistencies in the collected
data. Even though photogrammetry and laser scanning-based tools supply three-
dimensional data, the workflows that use the collected data just as a reference for
human-involved, re-drawing projects such-as ortho-photo drawings are both time-
consuming and error-prone. Particularly, in the Heritage-Building Information
Modeling context scan-to-HBIM tasks that focus on modeling the architectural
elements with different layers of information by preserving unique shapes and
deformations, transferring detailed and unique elements requires precise solutions.

The presented study provides a semi-automatic, deep learning-based, as-is modeling
workflow that interprets the semantic relations of the structural parts of the domes of
historical Anatolian buildings. Deep neural network-based semantic segmentation
algorithms can examine the given data and learn the generalized relation of the parts
in the scenes. Effective usage of the networks relies on the existence of variants and
numerous instances of models in the data set to train. However, the collected real-
world data is limited due to the impossibility of capturing the multiple variations of
different architectural elements. A synthetic data set, namely, Historic Dome Data
Set(HDD) including 1537 models, is created to address this constraint by using the
parametric modeling tools referring to the simplified definitions of the four parts of
the historical Anatolian domes. The models include only position and normal values
without color definition. Four types of deep neural networks are trained using the
created data set to examine the results of different data processing approaches.

The part-whole relations are usually well defined in the design, construction, and
documentation tasks for humans. There are usually sequential but interrelation
connections of the architectural units on different scales. However, the definition of
the relations is based on the identified instances of the architectural elements. On the
other hand, deep neural networks investigate the contextual, part-whole relations of
the different classes to extract semantic information using relatively ambiguous
patches and interpret the link between them in various ways. The presented study
examines the outcomes of the direct implementation of multi-layer perceptron, graph,
sequential, transformer-attention-based semantic segmentation algorithms into the
historic dome system documentation process.

To evaluate the semantic segmentation outcomes both visual and numerical results are
provided and discussed. In addition to HDD, eleven real-world dome system models

xx1



from the Anatolian Seljuk period are collected using photogrammetry tools to assess
the proposed methods.

To sum up, the presented research examines different deep learning-based semantic
segmentation methods to acquire meaningful and accurate results based on the
relations of the architectural elements. Also, a synthetic data set and an adaptive
parametric modeling method for dome systems are provided that can be adapted into
similar research. The results show that even if the trained networks perform well in the
synthetic data set, and the real-world data includes all the parts of the dome systems,
the exceptions in the real-world examples, such as sparsity of the points, noise in the
collected data, unseen parts, and unlabeled elements confuse the segmentation process.
Further studies might implement unlabeled objects, train the deep learning models with
partial models, and focus on a unit-based investigation that focuses on creating the
different sizes of patches on the point clouds to examine the relations of the part in the
point clouds in an architecturally meaningful way.
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TARIHI KUBBE SiISTEMLERININ PARCA BUTUN ILISKILERI
GOZETILEREK ANLAMSAL BOLUTLENMESI

OZET

Bu ¢alisma Anadolu’da bulunan tarihi yapilarinin kubbelerini olusturan ve destekleyen
yapisal elemanlarin parca biitiin iligkisine gore anlamsal boliitlenmesi baglaminda
farkli derin 6grenme yaklagimlarinin etkilerini incelemektedir. Kiiltiirel mirasin
belgelenmesi, mimari elemanlarin yliksek dogruluk oraniyla ve gerekli olan tiim
bilgilerle kayit altina almaya odaklanan detayli bir siirectir. Bununla birlikte,
geleneksel belgeleme yontemleri calisilan geometrilerin diizensizligi, 6zgilnliigii,
kullanilan araglarin veya yontemlerin hata payina izin verir olmasi ve insan kaynakl
olusabilecek aksakliklardan 6tiirii hataya agiktir. Fotogrametri ve lazer tarama tabanh
araglar, belgelenen pargalarin ti¢ boyutlu temsillerini ¢ok diisiik hata payiyla dijital
ortama aktarsa da elde edilen verinin dolayli kullanimlar1 is akisini aksatmakta ve elde
edilen modellerin gercege yakimligim bozmaktadir. Ozellikle Miras Yap: Bilgi
Modelleme (MYBM) kapsaminda, mimari elemanlarin farkli bilgi katmanlari ile essiz
sekilleri ve deformasyonlar1 korunacak sekilde modellenmesine odaklanan taramadan-
YBM’ye aktarilmasi ¢alismalar yiiksek dogruluk orani gerektirmektedir.

Nokta bulutu olarak taranmis kiiltiirel miras eserlerinin YBM ortaminda temsili
sirasinda elde edilen veriyi farkli sekillerde islemek miimkiindiir. Ilk olarak, ii¢ boyutlu
veriyi belirli diizlemlere yansitarak perspektiften arindirilmig referans imajlar
geleneksel ¢izim yontemlerine benzer bir yaklasim sunmaktadir. Bu metot, elde edilen
verinin oldugu haliyle islenmesi yerine is akisina kullanict kontroliinde ek adimlar
eklemektedir. Dolayisiyla, is akis1 insan emegine dayali olmasi sebebiyle hataya
aciktir. Ek olarak, dogrudan ii¢ boyutlu modellerin kullanilmas1 adina kullanict odakli
etiketleme ve gruplama islemleri gerceklestirilmektedir. Ancak, bu yontem de
kullanict odakli is akisi sebebiyle emek-yogun bir siire¢ olusturmaktadir.

Gergek diinyadan toplanan verilerin islenmesi adina yiiksek kaliteyle ve istenen bilgiyi
koruyacak sekilde siireci standardize etmek adina farkli yaklasimlar denenmistir.
Geleneksel yoOntemlere benzer sekilde elde edilen verinin belirli diizlemlere
yansitilmasi sayesinde fotograflarda oldugu gibi iki boyutlu otomatik siniflandirma
islemleri uygulanabilmektedir. Ancak bu yaklagim kaydedilen yapinin {i¢ boyutlu
iligkilerini géz ardi etmektedir ve sadece derinligi sinirli olan diizlemsel alanlarda ya
da ylizeylerde anlamli sonuglar vermektedir. Diger bir yandan, siireci anlamli1 sekilde
otomatize etmek adma farkli makine 6grenmesi algoritmalar1 ii¢ boyutlu nokta
bulutlarmin siiflandirilmas1 amactyla kullanilmustir. Ozellikle bazi uygulamalar
noktalarin birden ¢ok geometrik 6zelligini islenebilecek istatiksel bir bilgi olarak
kullanmaktadir ve kaydedilmis olan nokta bulutlariin kullamish sekilde
boliitlenmesine imkan tanimaktadir. Yine de siireci yar1 otomatik duruma getiren bu
yaklagim genellenebilir olmaktan uzaktir. Belirli bir kiiltiirel miras belgelemesi
problemi baglaminda ¢oziimiin genellenebilir olmasi; ayristirilmas: ve taninmasi
gereken mimari elemanlarin iliskilerinin anlamli sekilde islenebilir ve desifre edilebilir
olmastyla ilgilidir. Makine 6grenmesi algoritmalarinin daha 6zellesmis bir grubu olan
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derin 6grenme algoritmalari insanlardaki sinir aglarina benzer sekilde birbirine bagh
biitiinlesik islemler yaparak kendilerine sunulan 6rneklem kapsamindaki anlamsal
bilgiyi ¢ozlimleyebilmektedir. Nokta bulutlarinin baglamsal iliskiler géz Oniinde
bulundurularak anlamli simiflandirilmalari, kiltiirel miras eserlerinin farkli mimari
elemanlara ait noktalar1 tamiyarak YBM’ye gecis siirecinin otomatiklestirilmesi
acisindan dnemli bir potansiyel barindirmaktadir.

Bu aragtirma, tarihi yapilarin oldugu gibi modellenmesi kapsaminda, yar1 otomatik bir
is akis1 igerisinde, Anadolu cografyasinda bulunan tarihi kubbelerinin yapisal
elemanlarinin iligkilerinin desifre edilmesi ve farkli 6rneklemlerde bu bilginin
kullanilmas1 amaciyla derin 6grenme aglarindan faydalanmaktadir. Derin sinir aglari
tabanli anlamsal bdliitleme algoritmalari, egitim i¢in kullanilan verileri inceleme ve
modellerdeki pargalarin genellestirilmis iliskilerini 6grenme yetenegine sahiptir.
Aglarm etkin kullanimi egitilecek veri kiimesinin igeriginin ¢esitliligine ve 6rneklerin
cokluguna dayanmaktadir. Ancak, tarihi yapilardan toplanacak orneklerde yeterli
varyasyonun bulunmamasi, kayit altina alma isleminin ekonomik agidan masrafli
olmasi ve uzun siire almasi bir kisit olusturmaktadir. Bu kisit1 asmak i¢in Anadolu'daki
tarihi orneklere dayandirilarak, kubbe, ge¢is elemant, kemer ve duvardan olusan dort
sinif yap1 eleman1 barindiran 1537 adet kubbe sistemi modeli parametrik modelleme
araclart kullanilarak Tarihi Kubbe Veri Kiimesi (HDD) kapsaminda olusturulmustur.
Modeller kubbe sistemlerinin zemindeki merkezinden fotograf cekilerek olusturulan
nokta bulutlarini referans alacak sekilde olusturulmustur. Calisilan detay diizeyinde,
renk ve malzeme bilgisinin parametrik modelleme sirasinda gercek¢i ve dogru
uygulamasinin zorlugundan 6tiirii yalnizca noktalarin uzaydaki pozisyonlar1 ve normal
bilgileri temsil edilmistir.

Olusturulan veri seti kullanilarak, farkli veri isleme yaklasimlarinin kubbe sistemi
elemanlarinin anlamsal boliitlemesine etkilerini degerlendirmek amaciyla dort ayri
tiirden toplamda alt1 derin 6grenme ag1 egitilmistir. Parca biitiin iligkileri, belirli
elemanlarin benzer iliskiler i¢erisinde diizenli kullanimi, tasarim, yapim ve belgeleme
sirasinda net sekilde gozlemlenebilir. Ozellikle farkli mimari birimlerin genellikle
siral1 ya da birbirine bagh iliskileri vardir. Bu diizenli iligkiler mimari elemanlarin
birbiriyle olan baglarma dayanmaktadir. Ornegin tarihi yapilarda tugla birimlerinin
belirli geometrik diizenlerde kullanilmasi farkli yilizeylerde hem fonksiyonel hem de
estetik sonuglar olusturmasm saglamistir. Ote yandan, ¢ogu derin sinir ag,
anlamlandirilmaya caligilan sahnelerde nispeten belirsiz sinirlara sahip birim parcalar
kullanarak anlamsal iligkileri ¢oziimler ve geneller. Bu iliskiler, baglam farkindaligi
olan bolgesel ve genel iliskiler olarak tanimlanabilir. Yani, kiicliik 6l¢ekte nasil bir
ortamda bulunuldugu ve genel iliski kurallar1 tanimlanirken biiyiik dl¢ekte parcalarin
birbiriyle olan detay iligkileri incelenir.

Sunulan ¢alisma ¢ok katmanli algilayici, grafik-tabanli, ardisik ve transformator
boliitleme algoritmalarinin tarihi kubbe sistemi belgeleme siirecinde dogrudan
uygulanmasinin sonuglarini incelemektedir. Anlamsal boéliitlemenin sonuglarini
degerlendirmek amaciyla hem gorsel hem de sayisal sonuglar sunulmakta ve
tartisilmaktadir. Elde edilen sonuclar arasinda karsilastirma yapabilmek adina
birlesimlerin kesisimi, dogruluk, kesinlik, duyarlilik ve F1 skoru kriterleri
kullanilmaktadir. Bunlara ek olarak birbiriyle karisan nokta siniflarinin takibini
yapabilmek adma karisiklik matrisi kullanilmistir. Elde edilen goérsel sonuglar
sayesinde referans modellerle tahmin sonucu iiretilen modeller karsilastirilarak
niteliksel degerlendirmeler gergeklestirilmektedir.
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Bu kapsamda, degerlendirme 6rneklemini genisletmek amaciyla HDD’ye ek olarak
Anadolu Selguklu donemi eseri olan on bir ger¢ek kubbe sistemi modeli, fotogrametri
yontemiyle olusturulmustur. Olusturulan ger¢ek nokta kiimeleri biitiin modeller ve
par¢ali modeller olmak iizere iki alt-kiime altinda incelenmistir. Biitiin modeller,
tanimlanan dort sinifin da biiylik eksik parcalar olmadan temsil edildigi, noktalarin
goreceli olarak dengeli dagildigi 6rneklerden olusmaktadir. Parcali modeller ise,
tanimlanan dort smiftan bir kismini igeren, noktalarin uzayda standart olmayan
yogunluklarla yerlestigi, belirli yapisal elemanlar1 temsil eden noktalar bulunsa bile
alan ya da fotogrametrik modelleme yoOntemlerinin kisitlarindan 6tiirii parcalarin
biitliniiniin temsil edilemedigi, bos bolgeler iceren nokta bulutlarini temsil etmektedir.

Ozetle, sunulan arastirma, mimari elemanlarim iliskilerine dayali olarak anlamli ve
dogru sonuglar elde edebilmek i¢in farkli derin 6grenme tabanli anlamsal boliitleme
yontemlerini anitsal Anadolu mimarisi kubbe sistemleri 6zelinde incelemektedir. Ek
olarak, arastirma kapsaminda, benzer problemlere adapte edilebilecek kubbe sistemi
veri kiimesi olusturulmus ve arastirmanin kapsamina gore 6zellestirebilir parametrik
modelleme yontemi sunulmustur. Sentetik veri ile egitilen aglar ayni kiimenin test
boliimiinde ve yiiksek kalitedeki biitiin modellerde olduk¢a basarili yakin sonug verse
de gercek fotogrametrik verilerle yapilan degerlendirmelerde sonuglar farklilik
gostermektedir. Bu farkliliklar temel olarak, gercek verilerdeki nokta bulutlarinin
yogunlugunun tutarsizligi, farkli siniflara sahip noktalarin dengesiz dagilimi, parcal
modellerin par¢a biitiin iligskinin yeterli bigcimde desifre edilememesi, kap1 boslugu,
pencere boslugu gibi detaylarin sentetik veri kiimesinde tanimlanmamis olmasi, veri
kiimesinin sadece kare tabana oturan kubbe sistemlerini referans almasi, egitim
kiimesinin sinirli ¢esitte 6rnek barindirmasi, gibi etkenlerden kaynaklanmadir.

Devam eden calismalar, ger¢ek modellerde karsilagilan ve yapisal siniflardan birine
ait olmayan elemanlar1 da barindirabilir, herhangi bir sebeple parcali olarak elde edilen
modellerin anlamlandirilabilmesi i¢in egitim veri kiimesine parcgali veriler de
eklenebilir. Bir kubbe sisteminin daha genis bir baglamda incelenmesi i¢in eyvan ve
tonoz geometrileri plan semalarina uygun sekilde caligmaya dahil edilebilir. Calisma
kapsaminda tercih edilen detay diizeyine istinaden kullanilmayan renk ve doku
bilgisinin parametrik modellere, tarihi yapilardaki bilgiye uygun olacak sekilde
islenmesi calisilabilir. Ek olarak, mimari elemanlarin birimlerinin biiyiikliikleri ve
caligilan detay diizeyleri goz Oniine almarak derin 6grenme aglarinda kullanilan
orneklem birimleri lizerinden detayli analizler gerceklestirilebilir. Bu tez kapsaminda
gerceklestirilen analizler kullanilan aglarin dogrudan uygulamasini icermektedir ancak
gercek verilerde karsilasilan problemlerin giderilebilmesi i¢in sunulan modern
aglardan bir tanesi secilerek detayli bir ince ayar ¢aligmasi yliriitiilebilir. Bunlara ek
olarak, bu calisma, taramadan Miras Yap1 Bilgi Modellemesi’ne gecis kapsaminda
anlamsal boliitlemeye odaklansa da siniflandirilan nokta bulutlarinin kiimelenmesi ve
mimari elemanlarin YBM ortaminda yeniden olusturulmasi nihai sonug iiriin hakkinda
yonlendirici ¢iktilar sunabilir.
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1. INTRODUCTION

Traditional methods of documentation of architectural cultural heritage are usually
error-prone and do not benefit from the advantages that modern tools bring. Even
though the use of photogrammetry and laser scanning-based data capturing tools
provides mostly accurate three-dimensional data, there are some steps to be improved
to record different architectural elements as a part of a whole with high accuracy using
their semantic relations. This research focuses on the impacts of different types of
three-dimensional semantic segmentation networks on historic dome systems
regarding the part-whole relations of the structural elements. The study investigates
the parts of domes systems in the context of historic Anatolian architecture referencing
the buildings constructed between the 13" and 15% centuries. Even though the research
addresses a specific geography and period, dome systems used in this thesis could be
adapted to benefit from any style and design approach of multiple architectural epochs
and communities. The definitions do not target one specific design approach but
instead offer a generic and limited solution for multiple and related historic Anatolian
domes. Dome systems that are examined in the process and share a simple square floor
plan, which defines the dimensions of shapes and sets the boundary of a geometry to
be investigated. Also, the proposed procedure can be implemented in different kinds
of domes of different eras in the Cultural Heritage context, and investigated areas and

elements can be extended.

Parametric modeling methods are used to create simplified synthetic versions of the
monumental Anatolian domes that serve as a collection of photogrammetric dome
system models. Subsequently, deep neural networks specialized in classifying the
points of the models by predicting the structural part. The presented study investigates
explicitly the networks that interpret data in 3 different strategies. Even though the
data is expressed as low-detailed synthetic models, the performance of the deep
learning models is tested in various real-world examples with different types of
structural elements. The results are evaluated quantitatively and qualitatively

considering the usability of documenting historical buildings in a scan-to-HBIM



process. Finally, contributions and limitations are discussed, and future studies are

declared.

Cultural heritage studies include documentation tasks that are the main part of the
initial steps. However, conventional methods such as manual drawing and measuring
are extremely time-consuming and labor-intensive (Malinverni et al., 2019; Anil et al.,
2013). To address these drawbacks, recent studies profits from digital tools that can
collect information quickly and with precision. Various studies investigated the usage

of photogrammetry and terrestrial laser scanning (TLS).

Photogrammetry is a method that combines a set of images and yields a three-
dimensional point cloud that keeps position and color values at acceptable levels.
Similar to modeling from one-by-one images, some studies focus on creating models
from video capture (Kadi & Anouche, 2020). Similar to modeling from one-by-one
taken images, some studies focus on creating models from video captures (Nagakura
et al., 2015). Additionally, some studies use unmanned aerial vehicles, using both the
video and photo capturing methods in favor of collecting the details from hard-to-reach
spots (Sestras et al., 2020). On the other hand, TLS is a method that registers geometric
shapes with a very low level of deviation because of the high accuracy of measuring
using laser beams. It is also preferred due to the high accuracy and detailed results that
it provides in the documentation process of cultural heritage (Andriasyan et al., 2020;
Quattrini et al., 2015). Additionally, combining both methods is used to improve the
overall quality and enrich the information by adding new layers with additional sensors
such as infrared (Khalil & Stravoravdis, 2019). Consequently, while TLS offers
precise and dense models in return for expensive and specialization-required
processes, photogrammetry provides low-cost, easy-to-produce, and quick results in

exchange for lower quality.

Even though point clouds store specific local information per point, they would be
meaningful when they retain required information to be used by humans or algorithms
in the documentation process. While manually segregating the architectural elements
in the collected points is one of the first methods, it creates an error-prone, labor-
intensive, inefficient bottleneck in the documentation process (Xiong et al., 2013; Anil
et al., 2011). This research addresses automating the segmentation processes by using
deep learning tools regarding the required precision of the segmented outputs that will

be used to build Historic Building Information Modeling (HBIM) geometries.



Scan-to-Building Information Modeling (Scan-to-BIM) or as-is modeling concentrates
on transforming collected point cloud data into meaningful building information
models that contain required information embedded in geometries. In the Cultural
Heritage Domain, Scan-to-Heritage BIM (Scan-to-HBIM) represents an end-to-end
workflow starting from point clouds to semantic architectural element representations.
Various studies focus on documenting the cultural heritage buildings with distinct
workflows corresponding to their focus. Nevertheless, in general, the process starts
with data collection and continues with segmenting point clouds regarding the
definitions of the architectural elements, creating the HBIM objects. The presented
study focuses on the segmentation step vital for accurately modeling the parts of the

historical buildings.

There are three types of approaches to segment the required data. The initial approach
is using the images directly to identify the elements on them. The second method is
using a point cloud to represent the architectural elements but projecting them to ease
the segmentation process skipping the complexities of the third dimension brought in.
Last and the most realistic solution is interpreting the properties of the points in the
point clouds in three dimensions. To extract required semantic information from the
images, Pavoni et al. (2020) and Oses et al. (2014) investigated the segmentation
problem of the different types of masonry walls. They used deep neural networks to
segment colored wall images accurately. Similarly, Loverdos et al. (2021) identified
the masonry elements and the mortars in between them to semantically run a structural
analysis on the acquired information and analyze the possible deformations in different
situations. Even though the studies show that segmentation results provide the
expected solutions, this approach is unsuitable for a three-dimensional workflow
where the representation of the elements in different directions is needed. Also, it is
limited to color values that might be misleading in extreme cases. Thus, since it is
particularly efficient for analyzing plain surfaces such as walls but not in scenes with

curvilinear objects with depth and depth.

Point clouds provide additional information such as the neighborhood in three-
dimensional space, and normals of the values in addition to color values. Yet in some
cases, a combination of images and point cloud properties gives accurate results. Since
the data processing includes the characteristic of both of the representations this

method is called 2.5D to emphasize the correspondence between three-dimensional



and two-dimensional data. For example, Valero et al. (2018) segmented stone blocks
and mortars using the point clouds as raw input but projecting the point clouds onto a
planar surface to a well-defined skeleton-like network of mortars. Embedding depth
values into the points provided additional information on image-like analysis. This
method addresses a specific type of problem in the cultural heritage domain. However,
analyzing curvilinear shapes with different details or spherical geometries might be
error-prone and constraining. Therefore, segmentation of the elements of the dome

system may not be optimal due to complex three-dimensional characteristics.

Lastly, as a consequence of advantages brought by improvements in hardware and
algorithms, some studies concentrated on directly segmenting the historical elements
of the cultural heritage using point clouds. To illustrate, Kadi and Anouche (2020)
used point clouds as a basis of parametric models of different parts of the historic
elements. Even though they represented the recorded elements in the BIM
environment, their method relies on a large amount of manual process and is far from
being automated. Yet, they create a grammar-like library that can be used in future
studies using a python script to generate models corresponding to the collected models.
Tiberti and Milani (2020) dealt with complex masonry wall analysis problems using
three-dimensional point clouds. Apart from the previous masonry wall cases, this
research considers the behavior of the materials in three dimensions and investigates
the multi-leaf walls regarding the shapes of the units. Khalil and Stravoravdis (2019)
fused both point clouds with infrared data to evaluate the thermal performance of the
building. Their study shows that multiple sensors might be used simultaneously to
gather additional information to be used in the documentation and analysis steps.
However, this research lacks automation of the segmentation of the elements and

parametric representation of the elements.

Regarding the automation of the segmentation process, Teruggi et al. researched
(2020) the hierarchical segmentation procedures using the multiresolution approach.
Using Random Forest, a machine learning algorithm serves to interpret geometrical
features of the points; hence, they acquire semantic information on different scales.
Their ontological investigation is valuable for dealing with multiple levels of details
in one model. Yet, semantic understanding of the method can be improved to validate
the robustness of the method. By defining objects in the BIM environment at different

levels, the workflow would offer an end-to-end process. Similarly, Croce et al. (2021)



inspected dividing different architectural elements of historical buildings using
machine learning tools and reconstructing them in BIM environments by extracting
required parameters. They use algorithms that use additional geometric features such
as eigenvalues, planarity, and linearity as input. Also, the study manages to handle
labeling seventeen architectural classes. Barontini et al. (2021) document different
elements of a historic building regarding their damage states and shapes as BIM
objects. This particular use case is vital in the cultural heritage domain for integrating

recorded data, the state of the structure, and the geometric model.

Lately, some studies have focused on processing the raw point clouds with deep
learning tools and extracting semantic information regarding the expected properties.
Some studies (Pierdicca et al., 2020) label the points considering the semantic
relations of the architectural elements using deep neural networks. Examining three-
dimensional data and learning from examples is promising because most of the
documented architectural elements are meaningful in a context. The parts are usually
nested into each other, and to disseminate the points with semantic information, an
examination of the general and local context is required. Since deep neural networks
used for point cloud semantic segmentation interpret the local and global features in
addition to color location and surface normal values, deep neural networks can learn
how to identify the class points of the architectural models. To generalize the seven
examples, deep neural networks require extensive data. Nonetheless, documenting the
buildings which have similar characteristics is laborious and unaffordable. Despite the
technical limitations, the study shows that it is possible to adapt deep-learning

networks to documentation tasks and classify the parts of the buildings.

Moreover, some research focuses on the problem of limited data in the cultural heritage
domain. For instance, Pierdicca et al. (2019) model different types of columns with
various details using the Blender platform and python programming language. They
designed an algorithm that can generate a number of synthetic column models. Yet the
usage of the interface and adaptability of the workflow to other cultural heritage
problems might be challenging. Morbidoni et al. (2020) used individual models
acquired from online resources to expand the coverage of the training dataset.
Consequently, to overcome the limited amount of data problems in the cultural
heritage context, synthesizing relevant models and implementing them into the

semantic segmentation offers significant potential. Regarding the documentation of



the historic dome systems of Anatolia, this method is preferred due to the shortage of

data in that specific context.

Furthermore, parametrization and reconstruction of BIM objects are vital steps in as-
is modeling. Andriasyan et al. (2020) examined the parametric reconstruction of the
architectural elements that were collected as points clouds using different methods and
platforms. Similarly, representation of the mesh geometries in BIM environments is
another essential point in the workflow due to challenges in representing geometric
models with their details (Yang et al., 2019). In a standard scan-to-HBIM process, the
objects need to be represented in standardized formats containing all the acquired
information, especially extracting the dimensions automatically, representing
deformations, and keeping data to the original scan as much as possible are essential
concerns. Thus, to model and represent the required data, we need to segment the point

clouds as precisely and accurately as possible.

Representations of architectural elements have multiple circumstances regarding the
scale of the project and the inspection problem. Similarly, the elements are not always
modeled with an exact detail level in as-is models. Instead, we might require different
types of information for different purposes. Several studies examined the
reconstruction and documentation of architectural objects with different specifications
in the BIM environment (Banfi, 2020; Brumana et al., 2019). In order to standardize
the workflow, BimForum (2021) defined the Level-of-Development that determines
the geometric quality and embedded information in the models. The higher level of
details is represented starting from LOD100 and goes down to LOD500 for simplified

approximate geometrical representations with optional embedded information.

This research discusses the semantic segmentation of the historic dome systems
regarding the diverse methods that evaluate raw point clouds data. This research uses
a synthetic data set of monumental Anatolian domes to train deep neural networks.
The work advances in extracting semantic information and preserving the part-whole
relations of the elements. Principally in design and construction processes,
architectural objects get nested with each other in a predefined order. However, even
though the relationship is linked, it is not always sequential, and different elements in
different stages create bases for the elements connected to it. Considering the
correlation between the architectural units and the way of data depiction, the preferred

methods impact the outcome. Thus, this research will discuss the consequences of



interpreting raw point cloud data with the Historic Dome Data Set (HDD) of the

historic Anatolian architecture case.

HDD is a synthetic parametric dome data set that includes four elements called a dome,
transition element, wall, and arch under a category called ‘dome system’ that
represents fundamental structural elements of the dome and its supporting element.
The data set involves 1536 point cloud models that are created, defining variations of
the elements, defining parameters, and combining them respecting the real-world
examples. Even though the exported data set is narrowed down to the style of
monumental Anatolian architecture, it is a tool that any researcher can contribute by
tweaking some points of the workflow and implementing it in their unique generation,
documentation, or segmentation problems. The HDD synthesizer algorithm is not only
capable of generating monumental Anatolian domes but also adaptable to different

types of styles such as Persian, Byzantine, Roman, and Seljuk.

As mentioned earlier in as-is recording and scan-to-BIM workflow, geometries are
represented in a specific detail level or a multi-level of details. This research focuses
on segmenting parts of the dome systems by not relying on their color information and
surface details that can be defined by material characteristics. Instead, it evaluates the
positions and normals of the points. BIMForum (2021) defined the grade of the
implemented information on geometries by the notion of Level-of-Detail. Considering
the detail level of the represented dome systems, the examination gets shaped in levels

of detail 200 (LOD 200).

To sum up, in the context of documentation of cultural heritage, this thesis examines
the results of different deep learning approaches to semantic segmentation of point
clouds using photogrammetric models. This research offers an end-to-end scan-to-
HBIM process but focuses on semantic segmentation. The study exemplifies the
reconstruction of a sample model to prove that the investigated methods provide

valuable results that will be used in further steps (Figure 1.1).
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Figure 1.1 : A regular Scan-to-HBIM process. This research study investigates
the semantic segmentation problem. Revised from (Giines et al., 2021).






2. METHODOLOGY

In a proposed scan to BIM workflow, this work has several sub-steps and attention
points that define the research process. First, the documentation problem in the cultural
heritage context will be examined. Subsequently, the usage of photogrammetry and
photogrammetric data in historic dome systems of the historical Anatolian architecture
context is defined by referring to the simplified definitions made for Anatolian Seljuk
and early Ottoman periods. Next, data synthesizing for creating a data set is explained.
Then, semantic segmentation approaches of the deep neural networks are discussed
regarding the relationship between the data processing method and architectural
elements. The methods in each step are discussed in detail, and the acquired results of

the methods are evaluated in the following evaluation section.

2.1 Modern Documentation Methods in Cultural Heritage

Documenting existing buildings and artifacts and their parts has always been an
important task that requires high precision. The traditional workflow includes manual
measuring using the measuring instruments, draft sketches, photographs, and
computer-aided drawings. It consists of an un-coordinated, error-prone, discontinuous

transfer of knowledge in multiple steps through different mediums.

Recently, advancements in technology made the processes more accurate and
organized, by using new data acquisition methods such as photogrammetry and laser
scanning. Both data acquisition methods record the real-world as-is data as accurately
as possible. While photogrammetry provides more user-friendly, economic, and quick
results but sacrifices the resolution of the result, laser scanning registers the scale with
reliable and very high accuracy despite the requirement of expensive equipment and

specialized users.

Regarding the cost-effective and simple workflow of the process, photogrammetry is
being largely used for capturing objects at different scales. The process starts with

taking photos with the same setting to merge them easily later in the process. After



acquiring enough photos of the objects with different angles and frames
photogrammetry software merges them to export a three-dimensional model as mesh

or point cloud.

In the photogrammetric data acquisition process, in the first step, photos can be
collected with a professional camera or any device that can use the same settings
consistently with high resolution. So the opportunity of using personal cameras,
including modern smartphones, gives users freedom in the recording stage. Also,
digital model making has several options concerning the priorities of the user, such as
rapidness, a fee of the usage, and being error-prone. There are a couple of commercial
products such as Metashape Agisoft (2022), Capturing Reality RealityCapture (2022),
Autodesk ReCap Pro (2022), 3DFlow 3DF Zephyr (2022), and open-source
photogrammetry software COLMAP (Schonberger & Frahm, 2016), AliceVision
Meshroom (Griwodz et al., 2021) that return valuable results. Inherently, paid software
presents a more user-friendly and automated user interface for a limited period or
limited usage scenarios. Conversely, free and open-source are flexible and permit
limitless tries with excessive parameters. On the other hand, a laser scanning workflow
usually not only requires professional settings and tools that collect data but also a
professional user who has prior knowledge of using the tools. In both methods, the
software outputs textured mesh or point clouds with positions of points, color values,

and normal values if required.

In the cultural heritage field, taking photos or scanning objects using a tripod and
moving inside or around the architectural objects is a common practice. Terrestrial
Laser Scanners (TLS) are used for collecting information while ensuring that the
recording device is steady (Quattrini et al., 2015). However, some elements such as
domes, ceilings, pediments, minarets, and ornaments are usually higher than the eye-
level, so to capture the details of all the elements, unmanned aerial vehicles (UAV) are
being used. To illustrate, Murtiyoso et al. (2016) examined documentation of a
historical facade while acquiring all the required information. Primarily, they focused
on capturing the details from close range. Similarly, Murtiyoso et al. (2017) investigate
the photogrammetric modeling using close-range photos acquired from historical
building exteriors. These studies emphasize the potential of using the UAVs in the
documentation process for accessing all visible parts of the building and creating a

model with a minimum amount of data loss. Moreover, Croce et al. (2019) exemplified
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the usage of UAVs in a large-scaled area, including architectural elements on different
scales in the scan-to-HBIM process. To sum up, these studies show a significant
potential of the photogrammetric data acquisition using the UAVs to enrich the quality

and amount of the data by close-range recording from different angles.

In addition to using photogrammetric data acquisition using UAVs, some research uses
Aerial/Airborne Laser Scanning (ALS) for capturing information directly from laser
scanning devices. Kedzierski & Fryskowska (2014) investigated a case of combining
TLS and ALS to enhance the overall quality and capture the models without missing
details of the Urban modal. Correspondingly, this method is promising in gathering a

data set with minimum detail loss and a holistic meaningful model.

Moreover, instead of using singular images acquired from the cameras, some research
extracts photogrammetric models directly from videos. Especially when capturing
larger areas that do not require superior precision and do not get impacted by weak
lighting conditions, this approach provides quick and high-quality outcomes. For
instance, Xu et al. (2016) integrated the results of TLS and a photogrammetric model
acquired from a video captured by a UAV. Capturing terrestrial information by laser
scanning and video capturing using aerial devices benefits from the simplicity of
sequential image extraction from the videos and provides data to generate three-
dimensional models that can be used individually or combined with other data

acquisition methods.

2.2 Heritage Building Information Modelling

Alongside the different technical approaches to collecting data from a cultural heritage
site, a common practice is storing and using the recorded data in a way that would be
meaningful for professionals who analyze and use it. Building Information Modeling
(BIM) is being used especially, to keep the collected data in a common format that
different disciplines can use, preserving essential information embedded in geometric
models on various scales. In BIM, each model is represented with predefined
properties, such as physical attributes, dimensions, material, and any other information
required in documentation or modeling. Even though there are several different
software environments for BIM, all of the software represents models in the same
structure and convention which is called Industry Foundation Classes (IFC) (Ochmann

et al., 2019). This standard provides a comprehensive representation and flow of data
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in different platforms and keeps the information validated. Nonetheless, in most cases,
IFC uses generalized descriptions of the architectural design objects with a couple of
parameters (Quattrini et al., 2015). This situation might be challenging for representing

architectural elements with irregular shapes, characteristics, and deformation.

Cultural Heritage tasks require unique libraries for the architectural element they are
dealing with because in common practice existing libraries aim to represent new well-
defined objects with smooth surfaces placed on a regular site. However, architectural
elements in historic sites are usually deformed due to aging, structural load, and
environmental impacts (Barontini et al., 2021; Valero et al., 2019). This information
is vital because it is used in structural analysis, preservation, damage analysis, or any
task related to captured data. Heritage Building Information Modeling addresses these
requirements for keeping documented digital data as close to real-world data as
possible, taking all the unique shapes and additional information about the shapes into
account. This assignment requires exceptional definitions of the distinct elements

(Barazzetti, 2016).

Documentation of the process has several steps, such as acquiring data, processing the
data, and getting the HBIM model that includes all the required information. The end-
to-end process is named Scan-to-HBIM. Whether labor-intensive or fully automated,
Scan-to-HBIM includes three-dimensional data capturing, extracting the meaningful
information from the collected model, and reconstructing the final BIM objects with
all the segmented architectural elements, including the optional supplementary details

(Santagati et al., 2018).

The presented study addresses a specific step of the Scan-to-HBIM process by
explicitly investigating the machine-learning of an architectural knowledge of dome
systems from synthetic data sets and predicting the labels of collected raw dome-
system point clouds using deep learning-based semantic segmentation tools. The aim
is to inspect different deep learning methods that process the data to automatically

label the points used in the reconstruction of the parts of the dome system.

2.3 The Dome Systems

Starting from the old ages, domes are used to create spacious spaces while structurally

distributing the loads to elements under them. Historical domes usually have spherical
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or elliptic shapes depending on the use of the material and the design decisions. For
example, the dome of the Pantheon which is made of concrete has a semi-circle shape
with an approximate radius of 22 m that fits on a circular base (Masi et al., 2018;
Aliberti & Alonso-Rodriguez, 2017). Similarly, the great heritage of the Byzantine era,
Hagia Sophia has a semi-dome with a radius between 16.69 and 16.81 depending on
the chosen direction calculated (Bianchini, 2020). With a half dome and pendentives,

the dome ensures both structural and architectural prerequisites.

Also, Persian Architects designed remarkable domes in different eras starting from the
pre-Islamic era to today. In particular, they created phenomenal samples of semi-
elliptical domes. To illustrate, semi-elliptic domes of the Zoroastrian temple and
palace of Ardeshir with 6.65 m of radius stand on squinch transition elements (Ashkan
& Ahmad, 2009) are remaining as a heritage of the Sassanid era. Additionally, Persian
culture has several different kinds of dome forms regarding the shape of the inner
dome, the number of the shell, and the connections of the shells (Valibeig et al., 2017).
Furthermore, in the Seljuk Empire era, various structures with hemispherical and semi-
elliptical domes were created with a diverse range of transition elements (Pashai et al.,
2019). Moradi (2020) specifically analyzes the transition zones of the Seljuk empire
and represents their evolution in different periods and geographies. Thus, regardless
of the period or location, historical dome geometries have both structural and aesthetic
properties that carry the load of the structure and transfer it to the ground using the

sub-elements.

Restoration and documentation projects recorded in detail Anatolian period and early
Ottoman period structures and the features of the dome systems were inspected
detailly. The domes of the stated era and region are investigated in three main
divisions: domes, transition elements, and structural elements (Giines et al., 2021). In
the schema of the investigated dome systems, the room starts with a square floor plan
and the parts of the domes system transform it into a polygon that supports the round
foundation of the dome (Simsek, 2010). The circular foundation of the dome might be
shaped in semi-spherical, flat, and pointed forms. Four fundamental types can be used
to express transition elements: planar triangle, triangular band, pendentive, squinch,
triangular band, and planar triangle (Turan & Yaldiz, 2018). A drum element over the
transition elements heightens the dome, optionally. In the scope of this research,

vertically erected parts are based on the polygonal end of the main transition element
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defined in a transition elements class (Figure 2.1). Yet it should be noted that even
though functionally it provides secondary support for the dome, not all the drum parts
follow the same design principles. The instances that follow the curvature of the dome
without having a polynomial base except the pendentive cases are accepted as a part
of the dome. A wall or an arch can provide structural support to the dome system.
Multiple alternatives of arches include semi-circular, segmental/flat, pointed, single-
centered tangents, and double-centered tangents (Giines et al., 2021). The dataset
presented in this research labels all the geometries of the domes systems as a part of 4
main classes: the dome, the transition element, the wall, and the arch that involves all

the described sub-categories.

Figure 2.1 : Simplified representation of drum (Turan & Yaldiz, 2018, 176).

Dome geometries are investigated as a part of a problem of cultural heritage
documentation in different studies. Capone & Lanzara (2019a) investigated the
representation of the Renaissance domes in the HBIM environment by creating a
library based on procedural modeling. Lanzara & Capone (2020) combined both
procedural modeling and documentation approaches in a sense of automatic and valid
recording of specific dome types that are based on specific shapes and patterns. Capone
& Lanzara (2019b) exemplified the methods of reconstruction of the dome geometries

using the acquired point clouds and predefined parametric dome libraries.

2.4 Photogrammetric Data

To evaluate the achievement of the results of deep learning-based semantic
segmentation algorithms that are trained with synthetic low-detailed models, a set of
real-world data is used. To acquire the required points clouds 60 to 160 photos are
taken in a specific setting that is required for getting clear, dense, and accurate results.
In the photography capturing sessions Canon 600D, Canon 650D, and Sony Alpha

ILCE-6000 are used for the main raw image shooting tasks.
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All the images that are used in the photogrammetric modeling are collected within
studies of the TUBITAK (The Scientific and Technological Research Council of
Turkey) research project (119K896) and by a team of its researchers. Berkay Oztiirk
collected the images of Konya, Sahip Ata Tomb Chamber, and Karatay Madrasah
south dome cases while I took photos of the rest of the dome cases which are Konya,
Sahip Ata Hanikah; Konya, Karatay Madrasah main dome; Konya, Ince Minareli
Madrasah; Kayseri, Hac1 Kilig Mosque; Konya, Karatay Madrasah north dome;
Konya, Alaaddin Keykubat Mosque; Konya, Abdulaziz Masjid; Konya, Aksehir,
Guidiik Minareli Mosque; and Konya, Aksehir, Great Mosque.

Real-world cases are split into two according to the quality of the images, and the
representation of different elements in a scene. The dome systems with enough high-
quality images that include all the parts of a dome are classified as “full” and the cases
with limited photos and narrow view-angle with low-quality lighting conditions are
stated as “partial”. While full cases provide full models with all the elements and ideal
scenes, partial cases return partial models that are challenging to process after the
photogrammetric modeling step. Two groups of target models are listed in Table 2.1.
Due to varying conditions, each set of images of the domes system was collected with

specific settings (Table 2.2).

All the samples are created assuming that the user would collect data under a dome
and capture a wide range of images. Therefore, photogrammetric point cloud models
are sampled from a surface representation of the part of the dome system. While some
studies take the thickness of the architectural elements into account (Milani & Cecchi,

2013) this research dismisses this information.

Table 2.1 : Full and partial real-world models.

Full Models Partial Models
Konya, Ince Minareli Madrasah, Main — IM_M Konya, Alaaddin Keykubat Mosque - AL
Konya, Karatay Madrasah, Main - KM_M Konya, Sahip Ata, Tomb Chamber — SA_T
Konya, Sahip Ata, Hanikah - SA_ H Konya, Karatay Madrasah, South - KM_S
Kayseri, Hact Kilig Mosque- HK Konya, Abdulaziz Masjid - AB_M

Konya, Aksehir, Gudiik Minareli Mosque — AK_GUD

Konya, Karatay Madrasah, North - KM_N

Konya, Aksehir, Great Mosque- AK_ULU
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Table 2.2 : The setting of captured images for photogrammetry. 18 MP and 24 MP
stand for 5198x3462 and 6019 and 4023 consecutively. S6000, C600D,
and C650D denote Sony Alpha ILCE-6000, Canon 600D, and Canon

650D in order.

Dome System  Camera  N. Res Raw Tripod Shutter F Dist.  Focal ISO

(MP) (sec) (mm)  (F/mm)
SA H S-6000 136 24 Yes Yes 0.62 20 8 125
KM M C600D 120 18 Yes Yes 8 18 8 100
M M C600D 123 18 Yes Yes 1.6 18 5 100
HK C600D 162 18 Yes Yes 8 18 7.1 200
AK ULU C600D 68 18 Yes Yes 4 18 5 400
KM S C650D 109 18 Yes Yes 8 18 8 100
SA T C650D 85 18 Yes Yes 10 18 8 100
AB M C600D 72 18 Yes Yes 2.5 18 5 200
AK GUD C600D 63 18 Yes Yes 4 18 7.1 100
KM N C600D 75 18 Yes Yes 6 18 7.1 100
AL C600D 160 18 Yes Yes 0.8 18 2 200

Subsequently, the collected images are processed and exported as point clouds. In this
research point clouds of the real-world examples are created using the 2021.01 version
of the Meshroom software (Griwodz et al., 2021), and Metashape Agisoft (2022). The
photogrammetric models of Konya, Sahip Ata Tomb Chamber (SA T), Konya,
Karatay Madrasah South (KM_S), and North (KM_N) dome cases were prepared by

fellow researcher Berkay Oztiirk.

Subsequently, photogrammetric models should be processed before using them in
examinations to make data computable and standardize the solutions. Initially,
photogrammetry software returns point clouds with millions of points. To be able to
select the region of interest that includes only the points of dome systems the elements
that are not included in the segmentation process are cropped out. Next, the point
clouds are simplified by lessening the number of points while preserving a sufficient
amount of points for plausible labeling. This step gives optimal points for using the
data in the labeling step. Table 2.3 shows the simplification in the number of points in
the models after cleaning. Then, parts of the dome systems are labeled by splitting data
into chunks regarding parts of a dome system in a scene. Subsequently, split data
batches are imported into Rhinoceros, Grasshopper environment and subsampled

fitting each model into ten thousand points considering the ratio of the number of
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diverse parts to standardize the results. The labeled points are numerically represented
in a new layer of information using a number from zero to three. For visual surveys,
the dome, transition elements, arch, and wall classes are represented with blue, green,
red, and yellow in order (Figures 2.2, 2.3, and 2.4). In the final data set, the number of

dome points is dominant compared to the points in other classes (Figures 2.5 and 2.6).

Considering that photogrammetry software requires both a powerful central processing
unit (CPU) with high multithreading capabilities and well-built graphics processing
units (GPU), the images are processed in (1) High-Performance Computing (HPC)
servers of Istanbul Technical University with 40 threaded CPU, 375GB of RAM, and
four of 32 GB Nvidia V100 GPUs, (2) Google Cloud Platform with 8 threaded CPU
8GB of RAM and, one 16GB Nvidia T4 GPU. Computing resources of HPC servers
were provided by the National Center for High Performance Computing of Turkey
(UHeM) under grant number 1010152021 for modeling IM_M, HK, SA H, and
KM _M cases.

Table 2.3 : The number of the points in raw and clean points.

Phase IM_M KM M SA_H HK AK_ULU KM S

Raw 25338362  88.142357  35.000.000 82.650.672  2.093.501  9.986.189

Clean 577.321 22.685 295.777 50.000 16.916 51.410
SA T AB M AK_GUD KM N AL

Raw 2.783.266  5.000.000  16.515.640 13.097.578  30.771.427

Clean 709.533  2.738.034 30.129 52.907 36.488
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Raw Cleaned Labeled & Subsampled

Figure 2.2 : Photogrammetric model (full models) cleaning and labeling.
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Raw Cleaned Labeled & Subsampled

Figure 2.3 : Photogrammetric model (partial models-1) cleaning and labeling.
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2.5 Synthetic Historic Dome Data Set

Historic Dome Data Set (HDD) is a collection of labeled point cloud models of dome
systems synthetically generated using parametric definitions. An investigation
includes data generation and evaluation steps presented and published as a part of
CAADFutures 2021 (Giines et al., 2021). The text of section 2.5 summarizes related
content from the paper co-authored by a team of architects and computer engineers
working on the semantic segmentation problem of historical dome models using a
synthetic data set. Visuals used in this section are either directly implemented from
that paper or adapted with limited modifications, all credit to the author of the thesis.
HDD, my main contribution to the paper, defines a parametric generative algorithm
respecting the simplified inspections of monumental Anatolian domes. HDD uses
parametric modeling methods that target to generate sufficient and accurate dome
models that can be used in deep learning algorithms for training semantic segmentation

algorithms.

For assessing the success of the implementation of HDD in the semantic segmentation
process, fellow researchers Yusuf H. Sahin and Alican Mertan completed the initial
deep learning training and tests under the supervision of Prof. Dr. Gézde Unal. Alican
Mertan generated labeled point clouds from the labeled mesh geometries that were
acquired from the dome system synthesizer algorithm. Both Alican Mertan and Yusuf
H. Sahin conducted the training of deep neural networks, labeling real-world models,
and testing in both real-world and synthetic data sets. They used PointNet (Qi et al.,
2017a), DGCNN (Wang et al., 2019), and ODFNet (Sahin et al., 2022) as deep learning
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algorithms and reviewed the results using a confusion matrix, accuracy, and mloU as
evaluation metrics. These are further explained in Section 2.8.1 and 2.8.2. The version
of HDD used in the paper lacked definitions of a lantern opening on top of a dome and
blind arch. Moreover, the networks are tested with a blind arch of Sahip Ata Hanikah
and its surroundings and the main dome of the Ince Minareli Madrasah. The thesis
uses this prior HDD definition and deep learning methodologies as the base and uses
them with a revised set of data to adapt the workflow into the other data interpretation

approaches that are explained in the following sections.

2.5.1 The dome systems in monumental Anatolian architecture

Historical Anatolian domes from 13-15" centuries are recorded and analyzed in
multiple studies that focus on transition elements and dome geometries of the
buildings. Okguoglu (1995) investigates the transition elements of Anatolian Seljuk
praying rooms while providing images and simple floor plans supported by key
dimensions of the structures. Also, restoration projects focusing on the Anatolian
Seljuk town prayer rooms (Bas, 2008) expose dimensions, proportions, and the
relations of the elements of different dome systems. Additionally, an inspection of
praying rooms in the 13™ century of Anatolian Seljuk architecture (Turan, 2018)
represented dimensions in both sections and plans while providing a schematic
representation of the part of the dome systems. These simple dome system
representations without thickness are used as references to define basic geometries.
Moreover, transition elements of the early Ottoman period (Simsek, 2010; Ozcan,

2008) provide essential details of the Anatolian dome systems.

The Historic Dome Data Set is created respecting the guidance of the limited resources
aforementioned. Yet the detail level or representation of the existing information can
be improved by professional documenters or additional resources for more accurate
and specific definitions. The current state of the HDD expresses the simple
representations of different variations and combinations of the parts of the historical

Anatolian dome systems that use square floor plans.

2.5.2 The Level of Detail

Objects can be represented in multiple levels of detail (LOD). Specifically, in the
architecture engineering construction (AEC) field, models and drawings at different

scales bring different types of information related to particular tasks. According to
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BIMForum (2021) preserving all the geometrical and non-geometrical information,
and colors on a detailed model are named LOD 500 while expressing only conceptual
representation with volume, position, and direction excluding color and other
additional details defines as LOD 100. The parametric model in the research is defined

in LOD 200 involving approximate geometrical features and labels.

2.5.3 The parameterization of the parts of the dome systems

In the data set, some of the main types of architectural elements of the mentioned
classes are represented. For example, mugarnas ornaments are excluded as transition
elements due to their complex and unique characteristics. The elements such as
windows, doors, and lanterns are discarded because of the indiscriminate definitions
of placing them in the structural dome system. Thus there is an intentional gap between

the real-world data and the synthetic data set.

The HDD synthesizer has probabilistic attributes to define the dimensions of the
architectural parts. Considering the overfitting problem in deep neural network
training which prevents learning in the training process we need a large number of
diversified samples to train. For this reason, even if the created model does not directly
fit into the real-world examples the algorithm adds to or subtracts small values from
some of the dimensions such as “height, width, thickness; flatness ratio of arches”, and
the “flatness ratio of the dome”, “height of the drum” if it exists. In the same way, the
algorithm combines elements randomly. Instead of generating all of the possible
combinations the HDD synthesizer targets to generate unseen combinations with
different parameters. To illustrate in the process variations of “with drum or direct”
transition, “lantern or closed” dome, pointed, semi-sphere or flat dome; type of arches
combined randomly. Yet, since the instance of some examples such as blind arches is
rarely seen in real-world examples, in HDD the possibility of sampling these elements

is reduced intentionally.

2.5.3.1 The dome

The main shape of the dome is defined in three ways: semispherical, flat, and pointed
domes (Figure 2.7). The cutting plane of a sphere determines the radius and the height
of the dome for flat and semispherical cases. The focal point of the sphere and the
radius are defined by the flatness ratio (f) while the pointedness ratio (p) parameterizes

the sharpness of the dome shape (equation 2.1). Additionally, respecting the examples
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such as Ince Minareli Madrasah, Sahip Ata Hanikah, and Karatay Madrasah with
lantern gaps on the top of the dome, the lantern option is adapted in the algorithm.
Lantern cuts the top of the dome geometry by preserving approximately 2/3 of the
dome curve that defines the dome boundary of the sphere-like shape (Figure 2.8).

Tpase (€M) f Tsphere (€M)
Full Dome Wiau/2 f=0 Thase
Flat Dome Wyan /2 0<f<1 M 2.1
2f
p
Pointed Dome Wwair/2 05<p<1 2.Tpase- D

r-sphere

r-base

v

r-sphere

r-base

Figure 2.7 : Full (top), flat/segmental (middle) and pointed domes (bottom). Revised
from (Glines et al., 2021).
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Figure 2.8 : Dome with a lantern.
2.5.3.2 The transition element

The square-shaped floor plan transformed into circular dome geometries by the
distinctive elements in monumental Anatolian architecture. This research investigates

the transition elements aforementioned in section 2.3.

The dome systems involve drum geometries along with the transition elements. A
drum provides secondary transition and is geometrically distinguishable from a dome
geometry. A drum geometry follows the polygonal base defined by transition elements
and the exceptional circular base crated by the pendentive transition zone in the context
of this thesis. Additionally, a circular drum geometry is accepted as a part of a dome
geometry because they share similar geometric features such as curvature and the
model that this research proposes does not use any color value to define or distinguish
a dome zone that shares similar properties with a drum. Okguoglu (1995, p.18)
distinguished domes into two: octagonal and circular; and stated that circular domes
are commonly used in Great Seljuk, Anatolian Seljuk, and Iranian buildings for
strengthening a base of a dome. Ozcan (2008, p. 69) reviewed the use of drums in early
Ottoman and stated that a dome of a building might have thicker base walls to provide
structural stability and visual transition which resembles a drum. These parts can be
seen as both an independent drum and a part of structurally optimized dome geometry.
Also, Turan and Yaldiz (2018) state that drum geometry is an additional architectural
element that connects a dome and elements below it. Additionally, it should be noted
that some variations including drums might be contradicting a specific period of design
and the HDD definition does not include constraints for offering generic solutions. For
targeting a particular architectural style, the HDD definition can be updated and
combinations and number of polygons can be limited in further studies. In the data set,

simple squinch, complex squinch, corner triangle (planar triangle), Turkish triangle
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(planar triangle), pendentive, planar triangular band, simple prismatic triangular band,
and the complex prismatic triangular band are modeled as a part of a general transition
element class. The form of the transition zone is defined by the parameters such as the
height of the transition part, the edge number of the drum polygon, and the width of

the wall (Figure 2.9). The common parameters are defined in equation 2.2.

a= ?, ne{8,16,32,48}, 0 < heightgy,.,n,€150, heighty,um€ R 2.2)

Double Squinch Squinch Comer Triangle Turkish Triangle

~
y,

Complex Prismatic TB Simple Prismatic TB Triangular Band Pendentive

Figure 2.9 : The edge number of the polygons and the drum height form the
transition elements (Giines et al., 2021).
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2.5.3.3 The supporting wall

Plane walls, arches, or combinations of both elements can be placed on each wall face
(Giines et al., 2021). The arrangement of the supporting elements defined by height

and width values generates several variations (Figure 2.10).
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Figure 2.10 : Height and width variables define the wall (Giines et al., 2021).

2.5.3.4 The supporting arch

Arches have a semi-circular, drop, flat, single-centered tangent, or double-centered
tangent variations. Figure 2.11 and Table 2.4 show the created arch samples using the
length between the wall edge and the columns, dept, thickness, radius, and height
properties (equation 2.3).

Table 2.4 : Parameters of the supporting arch.

Parameter Parameter
d = depth of the arch (cm) W = inner width (cm)
o = offset from the wall (cm) r = radius of a circle
t = thickness of the arch (cm) ¢ = center of an arch (cm)
h_1 = height of the linear part (cm) o = angle
h_2 =height of the curved part (cm) f = flatness ratio

H = total height of arch (cm)
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Figure 2.11 : Arch types use various parameters (Glines et al., 2021).

28



2.5.4 Combining parts of the dome systems

The shapes of the dome models are generated individually as NURBS geometries
(Gtines et al.,2021). Then the algorithm splits the walls using the transition element
geometries and then excludes the unnecessary parts. The following function checks
the existence of an arch for each wall. In the cases with arches, the wall is split and the
arch geometry is fitted inside of it. For the blind arch cases, the method places a wall
section through the exterior part of the arches. Next, depending on the presence of a
drum it is combined with the transition elements, and the bottom level of the dome
geometry is set as the top level of the vertical drum geometry. The dome model
generator synthesizes all the elements by sharing the same base rectangular shape and

unique parameters for their specifications.

2.5.5 User-friendly semi-automatic point cloud exportation

All four parts of the dome system are defined by interconnected parameters as a part
of parametric or procedural modeling. Firstly, they are created as NURBs models as
surfaces. Then, the algorithm samples 10.000 points in total per model. To label, the
part red color value is added to the coordinate’s information. The script has the
capability of exporting mesh models that can be used by different algorithms or
subsequent sampling steps. However, since it is possible to export information of
points that can directly be processed; the script exports models as point clouds in the
format “X position” “Y position” “Z Position” and “Red value” in “.txt” format.
Volvox plug-in in Grasshopper is used for manipulating the data and for the

exportation steps.

The data set synthesizer uses visual programming functions in Grasshopper that are
integrated into Rhinoceros as well as the C# and Python scripts to automate the process
as much as possible. While C# methods are responsible for a number defined number
of collections that defines each choice of the element in the exportation batch. In the
creation of this data set, each time the script ran 192 models were created. Moreover,
another node of a C# script is set for optional mesh exportation of the created models,
though in the use case of this research direct exportation of point clouds satisfy
demands. In addition to the generation and exportation of geometries, the algorithm
saves screenshots of the models in a specific angle with a parallel view to follow the

synthesizing process in case any problem happens in the workflow and visually
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comprehend the overall results. In the exported data set ratio of the wall label is the

dominant class (Figure 2.12).

m DOME TRANSITION WALL mARCH

4833272

3128311

2713175

1615242

1225452
1224193

776127
671229

407192

401543

TRAINING VALIDATION TEST

Figure 2.12 : Label distribution of real-world point clouds per model type.
2.6 Data representation schemas

Photogrammetric or LIDAR collected data can be represented in many different kinds
of data types and structures. For example, the order of the data columns, keeping
column header, separating characters of the columns, decimal length, and any other
detail can be different in different types of data acquisition methods. Even though this
diversity in point cloud representation does not cause any conflict in the design and
documentation process, deep learning algorithms require standard types of data in a

specific format.

To quantitatively evaluate the deep neural networks, some benchmarks with extensive
datasets are used. Especially in semantic segmentation tasks of point clouds, ShapeNet
(Chang et al., 2015), PartNet (Mo et al., 2019), and S3DIS (Armeni et al., 2016), are

some of the most common benchmarks that include non-temporal models.
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ShapeNet possesses several sub-collections serving different purposes. Instead of
including different types of objects in a model, it involves the main classes of the
models as well as the labels of the parts. While ShapeNet offers one hierarchical level
of data structure in part-whole relations PartNet intends to augment the grade of the
detail by expressing all the sub-labels of the parts in relation to parent units. Since
these datasets provide isolated models instead of combining different types of objects
in complex scenes, they are called part segmentation. Technically, the computation
process is almost the same as the semantic segmentation process but there is a notional

difference.

S3DIS is an indoor scenes dataset that includes architectural elements and furniture as
main labels. Considering that a data cluster is created to be used in identifying different
architectural objects in complex scenes it is defined as a large-scale indoor space

dataset.

These are several datasets that are used on different scales and for different purposes
and each dataset has its way of data representation. But this study follows the data
structure and representation methods of ShapeNet (Figure 2.13) and S3DIS (Figure
2.14) for the ease of implementation into deep learning models. The dome systems in
the HDD ontologically are represented as a part of a whole; each element is linked and
shapes each other. On the other hand, elements like a dome, arch, wall, and transition
elements are still distinguishable by themselves. Thus this study accepts HDD as a part
of both part segmentation and semantic segmentation regarding paying sufficient

attention to contextual relations of the architectural elements.

The ShapeNet representation of the Historic Dome Data Set specifically refers to
ShapeNetCoreV0. Before exporting the point clouds the coordinate points are
normalized between -1 to 1 on each axis. This process can be thought of as fitting the

model inside a unit sphere to keep values computable for deep learning algorithms.

Additionally, the Point-BERT network uses a dataset named “ShapeNet55” for pre-
training and fine-tuning the bidirectional encoder representation networks (Figure
2.15). Apart from the previous data representation structures, this dataset includes
positions of the points and labels of the models without preserving the classes of the
parts. Thus the historic dome data set was also prepared following the same data

structure excluding the labels of the points.
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Figure 2.13 : The folder structure of the ShapeNet HDD
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Figure 2.14 : The folder structure of the S3DIS HDD
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Figure 2.15 : The folder structure of the ShapeNet55-34 HDD
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2.7 Data Processing

Collected photogrammetric data is usually unstructured, unordered, unscaled, and
scattered. For simple visualization tasks there it does cause any problem but keeping
deep learning computations incalculable scale point cloud data needs to be
standardized numerically. Firstly, we centralize our models in a couple of steps.
Initially, the algorithm finds maximum and minimum values of points on the x, y, and
z-axis. Then the code subtracts the average values that are calculated by using the
extreme points in each axis from all the points to fit the model center in the <0,0,0>
coordinate. Even though negative and positive values in each axis are distributed
evenly, in most cases, deep learning algorithms require coordinate values of the point
cloud models to be fitted in between the -1 and 1 to prevent vanishing and exploding
gradient values. This method is also known as normalization which subtracts the
minimum value in each axis from points and then divides them by the difference
between maximum and minimum values. On the other hand, some networks use
shifted data that use 0 as the minimum value without mapping the interval. The
diagram shows the pre-processing options and steps (Figure 2.16). These
modifications are applied regardless of the data preparation schema. To make the
workflow simple and robust, the Pandas and SciPy libraries are used to define and

modify the data sets.
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Figure 2.16 : Data preprocessing.
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2.8 Deep Learning

Machine learning algorithms are widely used in different fields including architectural
design and documentation tasks in cultural heritage. Both two-dimensional and three-
dimensional algorithms provide a wide range of solutions in terms of documentation
and extracting meaningful information from the geometric data that is collected. This
section starts with a review of two-dimensional computer vision networks. Then, it
continues advancements in three-dimensional vision methods. Next, it discusses
implementations of both of the methods in a cultural heritage context. Lastly, the
impacts of the three different approaches in the three-dimensional point cloud semantic
segmentation process are detailly explained considering the segmentation problem of

historic domes.

Image recognition and detection of the particular elements in the visuals have been a
challenging problem for decades. Initially, LeNet (LeCun et al., 1998) proposed the
concept of a deep neural network that recognizes low-resolution number images using
the convolutional neural networks (CNN) with 7 Layers. The network identifies the
characteristics of the handwritten number images by extracting their features of them.
However, there has not been a great leap for a long time in terms of usage of image
recognition based on deep neural networks due to the limited power of computer
hardware, lack the large datasets, and naive algorithms that are not successful at

generalizing the learned information.

Remarkably, two-dimensional computer vision algorithms are extremely popular after
the successful implementations of deeper networks with immense data sets. Starting
from the AlexNet (Krizhevsky et al., 2012) the image classification, semantic
segmentation, and detection algorithms got advanced immensely due to the availability
of powerful hardware, crowded datasets, and efficient and well-designed algorithms.
The usage of convolutional neural networks that can extract meaningful information
from the regions of images; augmenting the data by using simple transformations such
as rotation, translation mirroring; dropping out some calculations on the fly, and using
overlapping pooling layers to generalize the predictions revolutionized the deep
learning algorithms. AlexNet acquired 84.6% in the ImageNet classification dataset
(Deng et al., 2009) using 5 convolutional layers and 3 fully connected layers.
Subsequently, VGG network achieved 92.7% accuracy in the ImageNet by
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interpreting data with smaller-sized receptive fields within more layers (Simonyan &
Zisserman, 2014). Then, GoogLeNet improved the results on ImageNet to 93.3% by
using the consecutive inception blocks that apply multiple convolutions in different
sizes a pooling and layer, and concatenate the results to extract more features in each
layer (Szegedy et al, 2015). Instead of choosing one convolution setting this network
provides multiple computations and uses all of them together. Subsequently, ResNet
(He et al., 2016) achieved 96.4% thanks to a deep structure with 152 layers and skip
connections that prevent losing meaning in the process. Consequently, these
advancements in the usage of convolutional neural networks, availability of large
datasets, and powerful computer units allowed a great leap in classification tasks using
deep neural networks. However, these solutions are created for images that have a
well-defined grid-like structure of pixels, hence, direct implementation of the
convolutional networks into three-dimensional point cloud data is challenging due to

complex relations and uneven distributions of the points.

Extracting additional information in a given image such as an area or pixels of a certain
class is another demanding task in computer vision. Semantic segmentation algorithms
that identify the classes of the pixel of item-wise and object detection networks that
define a boundary for elements in the images and predict their label evolved and got
used for many different purposes (Mo et al., 2022). To illustrate, these methods have
contributed to many tasks such as medical semantic segmentation (Asgari et al., 2021),
documentation in the cultural heritage field (Pellis et al., 2022), and remote sensing

(Wang et al., 2020).

Classifying the parts of the images in a rectangular area helps to identify the different
and multiple objects in an image. For example, one of the pioneer region-based object
detection studies, R-CNN (Girshick et al., 2014) defines possible regions of interest
(Rol) to be classified in further steps. Then it warps images for processing them in
CNN layers to predict the label of the selected rectangular area. It is a simple idea of
extracting the sub-items in the image context. However, the algorithm is remarkably
slow and storage-dependent which limits the usage cases. The following research, Fast
R-CNN (Girshick, 2015), addresses these problems by initially using convolution
methods to extract the features and then identifying the ROIs. This approach permits
the re-usage of the extracted features from the first convolutional layer by the various

region proposals. Subsequently, Faster R-CNN (Ren et al., 2015) focused on sharing
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more values in region proposal and label identification process to make the process
even faster while offering the same kind of outputs (Huang et al., 2017). Thereafter
several algorithms improved the quality of the process in the following research
considering the best area proposal with high prediction accuracy using the least time
and computational power (Zhao et al., 2019). In the documentation context the
approximate area extraction approach would be meaningful in detecting the existence
of particular shapes such as stones, brick, or regardless of the precision identification
of the cracks and damages would be highly beneficial in the documentation process.
Yet, working on two-dimensional data is limiting for merging the extracted

information with models precisely.

Identifying the objects in the images and segmenting them pixel-by-pixel using the
semantic information learned from the provided data set is another challenging task.
Fully Convolutional Networks (Long et al., 2015) uses image classification algorithms
as the backbone of the network and by combining the relevant information acquired in
the earlier steps that can be used to define the label of the pixels. Similarly, U-Net
(Ronneberger et al., 2015) encodes and decodes the relevant information to identify
the classes of the images using the well-defined structure that concatenates the
semantic information gathered through the process. Subsequently, Segnet
(Badrinarayanan et al., 2017) uses a similar deep learning architecture that remembers
the positions of the utilized pixels in the calculation layers and integrates this
knowledge in the decoder section that upsamples the extracted knowledge and labels
the data in fine-grained detail. Additionally, Pyramid Scene Parsing Network (Zhao et
al., 2017) is particularly targeted at acquiring accurate contextual knowledge by using
different sizes of convolutional layers after feature mapping to keep segmentation
processes aware of the global relations in the scene. Moreover, DeepLabV3+ (Chen et
al., 2018) aims to improve the overall segmentation quality by using both encoder-
decoder architecture and the concept of spatial pyramid pooling while keeping global
and local details. Benefitting the simplification and identification capabilities of the
convolutional neural networks, semantic segmentation classifies the elements in the
images pixel-wise by extracting the local information within a global context of the
images. Learning the relations of the objects in the images is vital because semantic
information can be meaningful only in a context hence processing local areas of the

images while remembering the overall features of the images helps to extract
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expressive materials from the images. Nonetheless, the usage of semantic
segmentation in architectural cultural heritage documentation would be limited unless
the documented object is planar because most of the items designed and used are

related to each other in three-dimensional space intentionally.

In addition to semantically labeling the pixels, instance segmentation algorithms such
as Mask-RCNN (He et al., 2017) provide outputs that identify each unique element in
the given image individually. Extracting information about distinct objects even in the
same class would improve the documentation processes in terms of evaluating the state
of each element in the visuals. Because in especially historical buildings there are lots
of elements that are repetitive. However, lacking the depth information would create a

complex situation where the complex structures are documented.

The main advantage of 2D image processing is the ease of standardization regarding
the matrix-like pixel structure of the visuals. This convenience helps convolutional
neural networks to return robust and predictable results. Even though the analysis of
two-dimensional images brought too many qualities to the different workflows, they
lack the geometric representations and the features of the shapes in the three-
dimensional space. Hence it is challenging to extract detailed architectural information

when the collected data lacks depth information.

On the other hand, processing three-dimensional data is considered a bit complex and
challenging due to lacking standardized and organized structure of the data (Zhang et
al., 2019). While in two-dimensional image processing workflows pixels are the main
units to be processed in three-dimensional algorithms, points that keep coordinates
together with any other additional information such as color values and surface normal
values (Wang et al., 2019). However, varying distances between the points and
fluctuating density of the points in the three-dimensional space cause irregularities in
the numerical representations and calculations (Elbernik & Vosselman, 2011). Hence
there is not a direct transfer of usage of deep neural networks designed with

convolutional neural networks that are used to process images (Guo et al., 2020).

Unlike pixels in the photos, each point of a point cloud is connected to its neighbors
in different forms. Hence regarding the number of neighbors, information of a point is
calculated in compliance with its surroundings. Also, in semantic segmentation tasks,

in addition to color information colors and the surface normals of the points can be
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computed but they are unessential (Che et al., 2019). While in some cases only
coordinates of the points would be enough to extract the features of the different
architectural elements and identify the shapes, in the particular tasks of identifications
of'an item which has diverse colors with high contract or the shapes looking in different
directions as a part of a design color and surface normals would help to reveal the

semantic relations of the points.

Similarly, many tasks in the cultural heritage and remote sensing domain concatenate
definitive information such as planarity, linearity, surface variation, sphericity,
verticality, anisotropy, omnivariance, and eigentropy that represent geometric qualities
numerically (Blomley et al., 2014). To illustrate Weinmann et al. (2013) extracted
three-dimensional features of the points to use them in the classification procedure.
Teruggi et al. (2020) used extracted geometrical features in a random forest
segmentation algorithm to distinguish the elements in the documentation of the
elements of the historical Pomposa Abbey and Milan Cathedral. Moreover, in some
cases, different color spaces are used to augment the robustness of the models. To
illustrate, red, green, and blue (RGB) color space is commonly used in machine
learning and image processing tasks (Griffiths & Boehm, 2019). However, hue,
saturation, and values (HSV) might lead to more accurate results due to their
resemblance to human understanding of colors (Pierdicca et al., 2019). Therefore, the
depth of the networks and the concatenated information might differ. In the same way,

data processing approaches of the deep networks are distinct.

Machine learning algorithms are used in several domains as well as in architecture and
cultural heritage (Croce et al., 2021) thanks to the advantages they bring. As a specific
form of machine learning, deep neural networks are also getting implemented in
various workflows. It became excessively common, especially after the successful
implementation of image classification with deeper networks, extensive datasets, and

hardware with strong parallel computation capabilities.

Consequently, this research investigates different types of deep learning techniques
that impact the recognition of architectural elements in specific contexts. In
architecture and construction, the elements in different scales combine both in
sequential order and contextual relations. For example, in the domes of the Anatolian
Seljuk context, the transition elements are needed to provide the transformation from

a rectangular base plan to circular dome geometry. The location of the transition
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element and its relation with the other elements such as the wall, arch, and dome are
well-defined in most conditions. Relying on the design principles each element has
various shapes however since their architectural and structural usages are the same
semantically, they are considered in the same class regardless of the differences in the
shape. Additionally, the definition of the architectural elements is made to acquire the
sub-elements of the dome systems that have different structural functions. Further
studies can define their unique problems with different levels of detail while keeping

the workflow the same.

The target of the presented study is to examine the results of different deep learning
methods regarding the way of processing the input data. The networks that are used
with Historic Dome Data Set are chosen intentionally for representing the deep neural
networks that use multi-layer perceptron, graph, and sequential computation
approaches. Multi-layer perceptron-based studies extract meaningful information for
the points by using simple networks. Graph-based algorithms that investigate the
neighborhood properties of the points. Sequence models that work similarly to natural
language processing (NLP) algorithms that interpret the features of the points
considering the consecutive links of the points and the group of points are detailly

discussed in the following section.
2.8.1 Multi-layer perceptron

2.8.1.1 PointNet

Utilization of three-dimensional data for computer vision purposes such as
classification and semantic segmentation became prevalent starting with the
stimulating study, PointNet (Qi et al., 2017a). Point clouds require permutation
invariance that makes any sequence of the collected data return the same results (Guo

et al., 2020).

PointNet architecture provides a solution that is permutationally invariant by using a
symmetrical method. Using the shared multi-layer perceptrons it learns the
geometrical features of the points. Initially, it acquires a global feature for the given
model and by concatenating global feature calculations with the results acquired in the
middle of the process the network starts predicting the label of each point instead of
guessing the class of the whole scene (Figure 2.17). PointNet has a simple structure

that learns the generic features of the objects in models and segments them using the
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global features. Nonetheless, it lacks the capability of learning local qualities with high
resolution (Guo et al., 2020).
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Figure 2.17 : The neural network structure of the PointNet architecture (Qi et al.,
2017a, p.3).

2.8.1.2 PointNet++

Consequently, PointNet++ (Qi et al., 2017b) concentrated on filling the gaps in former
PointNet architecture by proposing a hierarchical learning schema that obtains more

local details in addition to a global context.

The process commences with set abstraction methods which acquire the local features.
Initially, the method gets local sets of points, samples the centroids of the acquired sets
then finds the neighbor points of the centroid. Following use a simple version of a
PointNet in the local groups. To sample the points, the network uses Iterative Farthest
Point Sampling (FPS) method that creates uniformly distributed point sets. The
grouping method finds the K number of neighboring points around the center points
of the local sets. Yet instead of finding all fixed K numbers of points around the given
points the algorithm uses a ball query that limits the searching volume for getting more
accurate local features. A ball query can be simply thought of as a sphere that separates
the search area and excluded area. This limitation is meaningful in a sense of
processing point clouds with sparse and non-standard density. To illustrate, in
capturing steps some parts of the model might be missing and there might be
unintentional gaps in the model. Additionally, it overcomes the merge of distant point
sets that are part of different elements in the point cloud. Subsequently in the PointNet
layer, local features are calculated using the relative coordinates, regarding the
centroids of the subsets. The segmentation section of the method regenerates the fine-

grained model commencing from the coarse results of the set abstraction functions by

40



interpolations and skip connections that concatenate the extracted features with larger

size point sets. Finally, it predicts a label for each class (Figure 2.18).
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Figure 2.18 : A hierarchical point set feature learning schema (Qi et al., 2017b, p.3).

In the algorithm K (the number of the neighboring points) and the radius of the
searching sphere are the hyperparameters that the user can fine-tune according to the

problem and the provided dataset.

The varying density of the point clouds might impact the quality of the results. To
overcome the problems that non-uniform data create, the algorithm proposes Multi-
scale grouping (MSG) and multi-resolution grouping (MRG) methods. Since MRG is
faster and more accurate the algorithm uses it (Figure 2.19). The network uses random

input dropout to augment the data and generalize to predictions.
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Figure 2.19 : A Multiresolution concatenation, A hierarchical point set feature
learning schema (Qi et al., 2017b, p.4).
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As aresult, the investigated MLP based algorithms simplify the geometries by picking
uniformly distributed points and their neighbors. Despite the fact that it learns global
properties it is naive to learn the relations of the local regions. Thanks to the max
pooling feature in the PointNet architecture it manages to process unstructured data
(Duan et al., 2019). This research is examining two versions of PointNet++
architecture with models having 2048 points and 10000 points. The results of the

models are discussed in the evaluation section.

2.8.2 Graph-based: Dynamic Graph CNN

Regardless of the domain of the model the point clouds contain interconnected sub-
parts that are meaningful in a context. Even though learning the local and global
features of the sub-point sets provides vital knowledge for predicting the labels, the
relations of the points and the point sets also define the semantics of the models.
Especially in the context of cultural heritage the parts of the buildings and the
architectural elements are meaningful in a context where all the design decisions affect
the related elements. Thus, in addition to examining the local and global features of
the points, interpreting the graph-like relations of the points would improve the quality
of the process in terms of acquiring the best solutions that take semantics into account.
Graph-based semantic segmentation algorithms determine the features of the points by
interpreting the relations of the points with their neighbors. This approach defines local
and global context by evaluating the correlations of the points using the edge values

between the points.

Dynamic Graph Convolutional Neural Networks (DGCNN) (Wang et al., 2019) assess
the data by dynamically aggregating in the point sets. This deep learning architecture
uses a method called EdgeConv that extracts meaningful local geometric features. The
algorithm creates a graph for each point using the EdgeConv methods. EdgeConv uses
the points as vertices and creates edges by connecting the vertices. For each vertex, the
method finds the k number of nearest neighbors (k-NN) including itself (Figure 2.20).
Then using the created graph, it extracts an edge feature. The Edge feature keeps the
features for both local and global positions while preserving a permutation invariant
structure of the data by pooling the values at the end of the EdgeConv method.
Consequently, it shows that both graph and convolution ideas are implemented into

the network to learn the semantic relations of the points better. Even if the related
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points are not next to each other, the concept of EdgeConv is capable of identifying
the link between them. Yet it loses the ability when the distance gets larger (Lee et al.,
2021).
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Figure 2.20 : Edge feature edge convolution (Wang et al., 2019, p.3).

The algorithm updates the edge values for each layer while running. DGCNN does not
apply any sampling or shape reduction method so all the points are being processed
starting from beginning to end (Figure 2.21). However, calculating the edge features
on the fly and preserving the initial shape makes the calculations computationally

expensive (Bello et at., 2020).
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Figure 2.21 : Structure of the dynamic graph convolutional neural network (Wang et
al., 2019, p.4)

To sum up, representing the relations of the points as graphs provides both local and
global semantic information while learning the relations of the local patches.
Particularly, in a cultural heritage documentation context where the parts of the
buildings are intentionally designed and constructed in relation to each other using
such an approach would help to unrevealing the semantics of the buildings. Many
studies use DGCNN directly in the standard and historical as-is modeling workflow

(Ma et al., 2020). Moreover, some studies adapt the method by manipulating the
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structure of the deep learning architecture (Pierdicca et al., 2020; Morbidoni et al.,
2020). Our computer engineer colleagues, Yusuf Sahin, Alican Mertan, and Gozde
Unal completed the forerunner examinations using DGCNN trained with a primitive
version of HDD that has fewer samples that lack definitions of a blind arch and opening
variations of dome lantern (Glines et al., 2021). The initial examination only focused
on a section of the Ince Minareli Madrasah Main dome system (IM_M) and a specific
portion of the Sahip Ata Hanikah (SA H) case that includes a blind arch and its
surroundings. Even though the definition and variations in the synthetic data set, and
real-world examples are updated in the process the final exploration is completed
benefitting from the first results and workflow. This thesis examines two versions of
DGCNN architecture with models having 2048 points and 10000 points. The results

of the models are discussed in the evaluation section.

2.8.3 Sequence

Even though some studies are formed around the concept of permutation invariance,
sequential models intentionally break this attribute to recognize parts of geometrically
consecutive models. These types of networks work with the same principles as NLP
algorithms that are also known as recurrent neural networks (RNN) (Elman, 1990).
RNN algorithms decode the structure of the sequential units that are consecutively
linked to each other in a context. To illustrate NLP tasks, the networks investigate
texts word by word. Predicting the words in a sentence depends on prior expressions
and the correlation between the words and sentences. The sequential deep learning
models learn consecutive grammatical and structural relations of the word in a given
specific language or translate from one language to another (Cho et al, 2014a). Relying
on the grammatical structures of the languages it is possible to encode and decode the
interrelated units in a context of part-whole relations considering the hierarchical
structure (Chomsky, 1956). With a similar approach, Stiny and Gips (1971)
investigated ruled-based structured visual grammars using the shapes as parts in a
context. Apart from the type of the units and the language, these studies investigate

rule-based connections of the parts.

Approaches in architectural design and construction depend on the proper
combinations of the units on different scales prioritizing both the functions and

aesthetics. Hence, capturing similar patterns between the elements is achievable in the
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buildings that are built with resembling style. Particularly, historical masonry
buildings exemplify the usage of the units like brick and stone to create architectural
elements such as walls, arches, vaults, and domes following certain three-dimensional
patterns. In different levels of detail, we see that the sub-elements are used as parts
such as using walls, arches, vaults, and other related elements to define a building
envelope. The patterns are also observable in the documentation process as well as
design and construction. The presented research particularly investigates the
application of the sequential deep neural networks that interprets the units of the
models to segment the elements in the historical dome systems context. Yet, since each
deep learning algorithm is adapted into using a particular type of sequence units such
as a limited number of point groups or sliced three-dimensional area there is a gap

between the architectural units and the units used in the algorithms.

In point cloud segmentation tasks, considering the ontological relations of the elements
and pieces, sequential interpretation of data can give advantageous results in terms of
semantically segmenting the parts of a whole. Although splitting models into small-
scale batches using the constant volumes instead of using the approximate volumes of
the different architectural elements, decoding the interrelations of the acquired slices

would be beneficial in a way of identifying the irregularly split architectural elements.

Learning from ordered sets decodes the relations of the portions in a context. However,
traditional RNN networks tend to suffer from vanishing gradient problems, in other
words, lose track of information if the given set is too long. Long short-term memory
(LSTM) (Hochreiter & Schmidhuber, 1997) and gated recurrent units (GRU) (Cho et
al., 2014b) mostly suppress this problem by using more complex structures that can
memorize longer series. Moreover, instead of investigating the sets only in one
direction bi-directional networks investigated the correlation of the units considering
both relations forward and backward (Shuster & Paliwal, 1997). This method might
provide supplemental information in documentation tasks because the relationship

between the elements always can be considered two-directional.

2.8.3.1 RSNET

Extracting meaningful information from three-dimensional point clouds to classify the
points is examined in several studies. Initially, Recurrent Slice Networks (Huang et

al., 2018) splits the three-dimensional space into rectangular prisms to get sequential
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units to be processed by RNN algorithms. The slicing occurs in x, y, and z dimensions
in the space (Figure 2.22). The series starts from the closest section to the 0 points and
get larger. Dimensions of the slices affect the quality acquired local features. For
capturing the preferred resolution, the network slices the point cloud using the real-
world dimensions. In the Network global features are learned through slice pooling
and unpooling layers (Figure 2.22). The examinations show that the gated recurrent
unit is a base RNN method. Also, the extensive test reflects that in a room/building
scale using 2 cm as a slicing resolution performed the best. Also, 1 meter as a sliding
block size provided the best possible outputs. In the experiment with historical dome
systems, the granted parameters are used to detect the fine-grained shape transitions
between the different parts. Even though the algorithm achieves learning the relations
of the batch of the models since is based on RNN architecture it can keep a limited

amount of data to be processed.

However, since we cannot identify the dimensions or the point labels before
segmentation and standardization of the process, hence three-dimensional slices are
used to split models into rectangular prism volumes and investigate the sequential

relations of the blocks.
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Figure 2.22 : Flowchart of the RSNET sequence model (Huang et al., 2018).
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The consecutive data processing starts from a corner of a grid and ends in the opposite
corner. The training batches use overlapping blocks with a 1-1m base and 0.5m stride
for not to miss the details at the edges of the blocks (Figure 2.23). On the other hand,
the test batch uses the same block dimension with the 1m non-overlapping strides

(Figure 2.24).

Figure 2.24 : Blocks used in the test phase.

2.8.3.2 Point2Sequence

Secondly, Point2Sequence (P2S) (Liu et al., 2019) uses attention-based sequence
architecture for semantic segmentation of point clouds. The algorithm conceals the
high-resolution knowledge in the local regions using multi-scale fields with attention

mechanisms.

P2S network has 5 steps: multi-scale area establishment, area feature extraction,
encoder-decoder feature aggregation, and local region feature aggregation. The multi-
scale area establishment step includes sampling, searching, and grouping layers. M
number of points are picked as the centroids of the local areas. The farthest point
sampling method is applied to acquire the point sets. Kt number of points are being
sought using the k-NN method with limited distance in space in local regions and
grouped to form multi-scale areas. In the following step, feature extraction, a multi

layer perceptron is applied to acquire the features of each multi-scale region. In this
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process relative coordinate system is used to reference the local sets. Relative local
coordinates provide a permutationally invariant solution. Then, to acquire high-
resolution context-based knowledge from the local sets, an attention-based encoder-
decoder is applied. Attention-based algorithms assign weight to the parts of the input
regarding the impacts on the result. So, in the learning and predicting process the deep
learning model gets the required directives without even scanning all the clusters of
inputs (Bahdanau et al., 2014). In other words, the model learns the contextual
influence of input units. The significance of different areas is emphasized by the
attention set up. The attention-based sequence to sequence architecture accumulates
the consecutive features of multi-scale regions of all the local regions. In the following
step, a global feature vector is gathered by a simple MLP network. Finally, in the
segmentation part of the network, extracted global features are used to identify the
label of each unique point using by interpolating the features twice (Figure 2.25).
Additionally, multiple MLPs used the improve the performance.

The original study investigates the hyperparameters of the P2S network. The network
performs the best when the number of sampled points(M) is 384. The amount of the
sampled point affects the diffusion of the local point sets (Figure 2.26). This is one of
the main parameters to define the units of the whole. Additionally, the extensive
examinations resulted that the LSTM structure providing the top accuracy. For the
dome system examination, all the parameters are implemented as it is described in the
original study. To conclude the network combines both attention and sequential model
approaches to learn from the given models. Although the network accomplishes the
semantic segmentation task with rational results, it is still fragile against the vanishing

gradient problem that recurrent neural networks suffer from.

(a) Multi-scale establishment  (b) Area fe l raction (c) Encoder-decoder feature aggregation

MLP (32,64,128) m“n“

K, x128

input points

ZBJ max :

LF‘ 256,128}
= 9 red X

_____________________________

Figure 2.25 : Flowchart of the P2S model (Liu et al., 2019).
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Figure 2.26 : Local point patches of the model (Liu et al., 2019).

As with the other deep learning approaches sequential models are used in remote
sensing and architectural cultural heritage documentation tasks in several different
contexts. Grilli et al. (2019) applied a Bi-LSTM-based custom semantic segmentation
algorithm to a historical temple and a renaissance building to recognize the
architectural elements individually. Even though the algorithm accomplishes
identifying most of the points, other machine learning algorithms perform better
numerically. Similarly, Atik and Duran (2021) applied both LSTM and BiLSTM-
based sequence models to classify the points in an aerial photogrammetry context
using the geometrical features of the points. The study emphasized using both color
and geometric data with BiILSTM performed the best in different input settings.
Additionally, Ozdemir and Remondino (2019) segmented the point cloud of an urban
scale model captured by an airborne laser scanning tool. They use a custom BiLSTM
algorithm that uses the geometric features of the points. Their method returns the
segmented outputs while being fragile to varying densities of the point clouds. All
three examples employ geometric features that are extracted by the users. Also, the
methods lack an understanding of context-awareness. Despite the fact that presented
real-world applications performed well with simple and “shallow” deep neural
networks with BILSTM structures, well-designed algorithms that focus on learning
local, global, and sequential relations of the models might improve the quality of the
results. Exceptionally, in recognition of the Anatolian dome system context, more

precise methods that work with minimal features would provide useful results.

49



2.8.4 Transformer-attention based

RNN-based sequential models recognize local-global features in semantic
segmentation tasks by interpreting the data in sequence, yet they suffer from vanishing

gradient problems and limitations of consecutive computing architecture design.

Transformers address these limitations by using an attention-based architecture that
keeps all the contextual qualities without losing the sequential information in extended
sets thanks to the positional encoding and multi-head attention modules in the
algorithms (Vaswani et al., 2017). The design of the method is permutation invariant
but positional embedding keeps the positions of the units to make the sequence
computable in parallel while keeping the contextual standpoints (Figure 2.27).
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Figure 2.27 : Schema of a transformer (Vaswani et al., 2017).
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NLP and machine translation tasks benefit from the contextual and sequential
interpretation of the data. Additionally, Vision Transformers (ViT) (Dosovitskiy et al.,
2021) adapted the transformer architecture into two-dimensional computer vision
tasks. ViT network simply slices the images into grid cells and flattens them into a
linear set of data that can be defined as consecutive elements. This application
exemplifies the effective implementation of transformer networks into computer
vision problems. Different from the RNN-based models all the computations can be

done parallelly which makes the computation process relatively efficient and fast.

Transformer-based algorithms provide contextual understanding while processing the
consecutive data. Yet, the encoding of the features is usually one-directional.
Bidirectional Encoder Representations from Transformers (BERT) (Devlin et al.,
2019) analyses the provided data in a bi-directional structure. Moreover, it adds two
additional steps in the workflow; pre-training and finetuning. Pre-training step un-
supervised learning phase that randomly masks some of the inputs in the sequence and
tries to fulfill the gaps in interpreting the contextual information. Additionally, it
predicts the following sentence. Different from the previous transformer mechanisms
the tasks take the information in both directions into account. These two sub-tasks help
the network to understand the context and the language. Fine-tuning step prepares the
deep neural network for the specific assignments. After the two extra beginning steps
(Figure 2.28), the network is trained in a regular way to serve a specific purpose. BERT
carries out that knowledge further by encoding the relations bidirectionally while

keeping the sequential and effective features in the network.
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Figure 2.28 : Pre-training and Fine-Tuning steps of the BERT (Devlin et al., 2019).
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2.8.4.1 Point Transformer

Advancements in NLP and two-dimensional computer vision networks affected
revolutionized the three-dimensional computer vision assignments as well due to the
necessity of analysis of complex shape relations in specific contexts. Point
Transformer (Zhao et al., 2021), a self-attention-based network implements the
transformer concept into point cloud analysis tasks. The algorithm uses local
neighborhood (k-NN) to get the sub-group in the initial point cloud and employ the
self-attention mechanism in the local sets. Local relations of the input are utilized
thanks to position encoding in the self-attention. While standard transformer
architectures are structured manually point to transformer architecture three-

dimensional positions as possible inputs for position encoding.

The network uses a residual transformer cluster that combines self-attention steps and
linear projections to lower the dimension number and speed up the calculations. The
block processes the feature vectors related to points in the space. The deep learning
architecture applies the block as a fundamental feature accumulation method. The
transition down blocks decreases the amount of the data to be processed. In this step
farthest point sampling is used the lessen the number of points then, k-NN is applied
to regroup the points. Then a max-pooling is applied at the end of the block. The
transition-up modules follow the U-NET-like encoder-decoder deep learning
architecture that has symmetric skip connections between the encoded and decoded
features (Ronneberger et al., 2015). Essentially this block interprets the features for
the fine-grained state of the point cloud by decoding and combining the determined
features. Finally, a multilayer perceptron is implemented for measuring the last outputs

(Figures 2.29 and 2.30).

The Point Transformer network is extensively examined in part segmentation task to
identify useful parameters to be used in the process in ShapeNetPart Benchmark
(Chang et al., 2015; Yi et al., 2016). Relative position encoding uses the local patches
with the neighborhood number 16 provided the optimal resolution in the results. Also,
the HDD trained on Point Transformer using the supplied hyperparameters in the
semantic segmentation process. The Point Transformer network delivers permutation
invariant methods that analyze the three-dimensional data without losing the learned
sequential features in the process. The potential of decoding the complex three-

dimensional relations in the point clouds is promising in a sense of investigating the
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relations of the architectural elements in the documentation of cultural heritage
context. Yet ambiguity of the division of the patches compared to the strict boundaries

of the architectural elements might be limiting or misleading in some cases.
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Figure 2.29 : (Top) Semantic segmentation and classification structure of the Point
Transformer (Zhao et al., 2021).
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Figure 2.30 : Sub-structures of the main methods in the Point Transformer Network
(Zhao et al., 2021).

2.8.4.2 Point-BERT

Benefitting from the progression in NLP, Yu et al. (2021) implemented the idea of
Bidirectional Encoding Representation from Transformers into the point cloud
understanding tasks. The Point-BERT networks follow the same main three steps of
the BERT algorithm: pretraining, fine-tuning, and training. In detail, even though
treating a single point in a point cloud as a unit of a whole like a word of a sentence is
problematic due to the difficulty of acquiring semantic understandings, using local
patches of the whole is meaningful in a sense of extracting sequential qualities of the
data in the given context. To acquire representative sub-sets of the clouds farthest point
sampling (FPS) is applied and the center point of the patches is used to find a limited

number of neighboring (k-NN) points around. For the detected points, relative
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positions regarding the center points of the patches are used. The obtained point
patches might be used as input in the training yet the algorithms apply mini-PointNet

architecture in order to reflect the smaller sets into point embeddings.

In the following step, the point embeddings are used by the point tokenizer to
transform them into individual point tokenizers. A decoder accepts the point tokens
and re-builds the splitter sub-sets. DGCNN network is implemented into the algorithm
to learn neighborhood relations between the tokens. In the end, the sub-sets are rebuilt.
Moreover, the algorithm executes Masked Point Modeling (MPM) for pre-train
Transformers. MPM hides a part of the given point cloud and gets to know rebuilding
the missing point tokens. This process aims to help to rationalize the connections of
different geometries within the discrete groups of the point cloud (Figure 2.31). This
part of the network is based on self-supervised learning that can produce guidance
signals without needing supplemental directives. Thus, this network intends to benefit
from parallel processing, a significantly low inductive bias which means generalizing
the learned information, and a vast range of characteristics due to the transformer

structure it has.

The semantic segmentation application of Point-BERT on the Historical Dome Dataset
is used respecting the provided hyperparameters in the original study tested on
ShapeNet (Chang et al., 2015). The Masked Point Modeling depth of the model is set
to 12 while the feature dimension is 384 with 6 heads. In the sampling phase, the model
is split into 128 parts.
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Figure 2.31 : The network structure of the Point-BERT (Yu et al., 2021).

Even though networks use varied methods to evaluate the relations of the points local
and global-wise each method profits from the advancements of the previous studies.
For example, Point-BERT profits from both the PointNet and DGCNN which process
data with Multilayer Layer Perceptrons and graph-based algorithms in order.
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3. EVALUATION

3.1 Test Set

To evaluate the semantic segmentation results, this research splits the process into two
chunks. In the first step, the deep learning models are evaluated on a test division of
the Historic Dome Data Set. Next, the results of the real-world data are examined.
Since the Historic Dome Data Set is created focusing on identifying and reconstructing
the structural elements of the historic Anatolian domes the results of the acquired
models is also significant in terms of reflecting the practical use. Networks are tested

on 11 different cases in total.

The prepared data is split into two parts, full models and partial models (Table 2.1).
Full models include all the architectural elements with minimal photogrammetric data
loss. However, some of the models suffer from weak lighting conditions, limited
angles for capturing proper images, and material reflections. The models with a limited
number of elements and low-quality point clouds due to these limitations are described

as partial models.

3.2 Metrics

The deep learning applications and the results are evaluated using different methods.
The common practice is using test accuracy values for comparing the percentages of
the true predictions. The classification tasks directly compare the predicted and ground
truth classes for the given data. In two-dimensional data, there is only one label for
each image. Similarly, point clouds have only one label for the given data for the

classification of the given models.

In segmentation tasks, the units are labeled instead of the whole images or models, so
individual pixels of the images and the points of the point clouds are used to compare
the predicted and control labels. In addition to accuracy percentages, segmentation

methods use intersection over union (IoU) calculations to measure the overlapping
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parts with the predicted and previously labeled data. It is a simple division of the area
of overlap by area of union. The method determines the correctness of the identified

units.

Evaluation of the segmented data has additional performance metrics that reflect the
success of the process. F1, recall and precision calculations that are based on the
identity of the predicted units regarding the predicted and ground truth classes. To
define the state of the predicted units four terms are used: “true positive”, “false
positive”, “true negative”, and “false negative”. While true and false represent the
correctness prediction, positive and negative symbolize being a part of the investigated
class or not. True positives express the points of a specific class that are predicted
correctly. False-positive shows the number of points that are predicted to be in a class
but the prediction is incorrect. True negative indicates the points that are not part of a
class and labeled accordingly. Lastly, false denotes the points that are identified as not
in the class while actually, it is a part of the investigated class. Using defined “positive”
values, “precision” shows the ratio of “true positive” data in all “positive” clusters
including both true and false. Also, recall value represents a ratio of “true positive”
data in a “true positive” and a “false negative” set which means the percentage of
identified items in a ground truth set. Finally, an “F1 Score” calculated a harmonic
mean of the precision and the recall to assess segmentation performance that expresses
both prediction-based and ground truth base evaluations (Powers, 2011). The stated
evaluations could be calculated per model or for the whole test set. The presented study

uses both of the results in the assessment context.

Deep learning methods are probabilistic solutions that return very similar but varying
solutions in tests. Hence, acquiring only one solution would be misleading. To
overcome this constraint each model is tested 20 epochs in testing steps. Then top-5
of the captured results are reserved for calculating the final results according to the
accuracy values. Mean accuracies and mean intersection over union values are

evaluated using them.

Some of the points in the predicted point cloud models are mislabeled. While visual
results illustrate the interchange between the different labels, a “confusion matrix” is
used to show numerical values for the representation success rate. Confusion matrices
are provided for each test set in the HDD while it is supplied per model in real-world

examples.
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The qualitative evaluation process is supported by the images of predicted and ground
truth points clouds that show the labels of the models using the different colors labels.
Dome, transition element, arch, and wall classes are represented in blue, green, red,
and yellow colors in order. Both general and local visuals present the results of the
segmented deep learning models. In evaluations step two approach is adapted into the
process. Initially, the dataset is tested on the test section of the Historic Dome Data Set
that is based on the same definition as the training set. Additionally, a data set was
created with the real-world photogrammetric models of the monumental Anatolian
dome systems. Point clouds are subsampled into 10000 and 2048 points to standardize
the benchmarks. The assessment step starts by discussing the synthetic data set under
the guidance of both numeric and visual outputs. Since each deep learning method is
intentionally included in the process to examine the data processing approach, the test
set of the synthetic data is used as a benchmark that benefits the qualities that the neural
networks contributed to the identification process. Subsequently, the trained models
are experimented on the real-world data to investigate the usage cases of the models

in different cases.

3.3 Examination Set-Up

The aforementioned deep learning methods are trained in different settings due to
different requirements and the constraints of computational power. The models are
grouped into four regarding the approach they use to process the data. The data
representation type mentioned for each network to all the deep learning used in the
training session is documented in Table 3.2. The applied preprocessing methods are

explicitly noted (Table 3.2).

Table 3.1 : Properties of used deep learning algorithms.

Network Frameworks Type Data Type Pre-train Fine-tuning
PointNet++ Pytorch (1.9) + PyG MLP ShapeNet Not Req Not Req
DGCNN Pytorch (1.9) + PyG Graph ShapeNet Not Req Not Req
P2S Tensorflow 1.8 Seq ShapeNet Not Req Not Req
RSNET Pytorch 1.0 Seq S3DIS Not Req Not Req
PTr Pytorch (1.9) + PyG Trans ShapeNet Not Req Not Req.
Point-BERT PyTorch 1.8.1 Trans ShapeNet ShapeNet55 Req.
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Table 3.2 : Preprocessing settings.

Point P Data . Data Augmentation
Network Number reprocessing Normal Color
Norm. Centr. Rotate Translate Jitter
. 10000 / Z-Axis
PointNet++ 2048 Yes Yes Rand-40 0.01 No Yes No
10000 / Z-Axis
DGCNN 2048 Yes Yes Rand-40 0.01 No Yes No
10000/
P2S 2048 Yes Yes No No No Yes No
RSNET ~100007 No No No No No No
~2048
10000 / Z-Axis
PTr 2048 Yes Yes Rand-40 0.01 No Yes No
Point-BERT lg(())z(;)g(g)/ Yes Yes No No No No No

3.4 Results of the Examinations

The aforementioned deep learning algorithms are trained on the training set of HDD.
Consequently, tested with the test split of the HDD for evaluating the performance of
the networks (Table 3.3). In the deep learning tasks, RSNET used an approximate
number of elements instead of a certain number of points due to the design of the
network, the other examinations were completed with 10000 and 2048 points. All
networks achieved a certain level of performance. Specifically, RSNET and Point-

BERT led the evaluation metrics.

The trained networks were tested with real data to assess the real-work performance
of both networks and the dataset (Tables 3.4, 3.5, 3.6, and 3.7). The results show that
the investigated deep neural networks tend to perform similar to the synthetic data set
where the provided data is clean, not fragmented, and include all the classes in the

scene. However, the networks were challenged to understand the context of the scene
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when some labels of the models were not in the scene or the existing points of a class

is shattered due to the low quality of the photogrammetric models.

The increase in the points impacted the quality of the results in a positive way in the
synthetic dataset. However, some networks performed worse than the 2k in the 10k
test in real-world examinations. There might be several reasons for this limitation.
Using fewer points might be normalizing the positional noises of the point clouds, and
uncertain surface normals or the density of the model might be more equalized in the
samples with the 2k points. To overcome the limitation dataset might be enriched with
the edge cases or each deep neural network can be fine-tuned separately. The following

sections will discuss the results of the result per each neural network.

Table 3.3 : The results of HDD.

Point Batch . oAcc. .
Network N Epoch Size Train/Val/Test %) mloU  fl  recall precision
2048 300 36/36 0.6/0.2/0.2 9542 91.00 096 0.96 0.96
PointNet++
10000 300 12/12 0.6/0.2/0.2 96.67 9236 097 0.97 0.97
2048 300 36/36 0.6/0.2/0.2 96.15 90.72 097 0.97 0.97
DGCNN
10000 300 10/10 0.6/0.2/0.2 97.17 94.89 098 098 0.98
~2048 18 384 0.6/0.2/0.2 96.87 9393 097 0.97 0.97
RSNET
~10000 10 256 0.6/0.2/0.2 98.21 9649 098 0.98 0.98
2048 300 32 0.6/0.2/0.2 96.48 91.85 096 097 0.96
P2S
10000 288 32 0.6/0.2/0.2 96.25 91.24 096 0.96 0.96
2048 300 24/24 0.6/0.2/0.2 9598 9234 096 0.96 0.96
PTr
10000 300 12/12 0.6/0.2/0.2 97.36 9487 097 0.97 0.97
2048 300 4 0.6/0.2/0.2 97.74 9459 098 0.98 0.98
Point-
BERT
10000 300 16 0.6/0.2/0.2 97.93 95.09 098 0.98 0.98
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Table 3.4 : Test accuracies of the real-world full models.

Network Point N. M M SA H KM M HK oAcc
2048 88.59 66.53 89.14 88.31 83.13
PointNet++
10000 83.51 56.56 73.48 74.75 72.21
2048 87.85 72.86 87.26 89.85 83.88
DGCNN
10000 85.46 75.51 85.96 84.90 82.75
~2048 59.70 80.50 75.03 50.75 67.77
RSNET
~10000 70.20 81.82 79.27 56,71 72.85
2048 86.42 74.30 78.05 86.35 81.15
P2S
10000 91.70 66.21 80.85 84.53 80.70
2048 86.54 70.53 84.13 80.09 80.65
PTr
10000 82.35 55.70 83.58 81.85 75.52
2048 85.84 71,92 77.34 92.77 81.97
Point-BERT
10000 60.54 64.88 65.00 90.46 70.21
Table 3.5 : Test mloUs of the real-world full models.
Network Point N. M M SA H KM M HK mloU
2048 79.53 49.86 80.41 79.07 71.11
PointNet++
10000 71.69 39.43 58.09 59.69 56.51
2048 78.95 57.31 77.41 81.50 68.23
DGCNN
10000 74.62 60.66 75.38 73.76 63.16
2048 42.64 67.37 60.04 34.00 52.01
RSNET
10000 54.09 69.23 65.60 50.05 59.24
2048 76.10 59.14 64.05 76.06 68.28
P2S
10000 84.69 49.49 67.89 73.22 67.65
2048 76.28 54.50 72.62 66.82 67.59
PTr
10000 70.06 38.60 71.81 69.29 60.67
2048 75.19 56.15 63.05 86.52 69.44
Point-BERT
10000 4341 48.01 48.13 82.58 54.10
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Table 3.6 : Test accuracies of the real-world partial models.

Network PointN. AK ULU KM S SAT ABM AK GUD KM N AL oAcc
2048 77.50 87.51 7431 89.48 91.95 87.39 91.87 8491
PointNet++
10000 83.60 38.62 7414  83.79 90.23 60.71  79.79 72.60
2048 78.93 38.63 77.40  56.28 74.78 52.73  88.69 66.55
DGCNN
10000 77.70 29.15 5329  52.00 69.35 31.21  84.65 56.49
2048 69.76 0341 1238  05.66 07.01 20.80  89.59 40.06
RSNET
10000 73.11 07.56 16.72  08.86 11.16 2551 89.86 43.07
2048 79.78 36.85 0421  60.03 72.73 01.96 92.05 49.14
P2S
10000 77.39 1592 5461 6246 79.67 3142 8727 5754
2048 80.60 66.77  60.00  65.99 85.90 82.58 86.41 73.18
PTr
10000 76.86 93.44 7897  83.80 81.78 73.16 85.16 8131
2048 80.37 38.81 60.74  82.56 90.38 47.80 95.84 70.93
Point-BERT
10000 82.56 20.74 61.16 61.74 79.36 18.54  90.95 59.29
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Table 3.7 : Test mloUs of the real-world partial models.

Network  PointN. AK ULU KM S SAT ABM AK GUD KM N AL mloU

2048 63.29 77.82  59.17 80.98 85.10 77.79 8490 73.79
PointNet++
10000 71.83 5891 2393 72.11 82.20 43.59  66.37 56.69
2048 65.21 2394 63.13 39.17 59.70 3583  79.69 60.01
DGCNN
10000 63.54 17.06 36.32 35.14 53.09 1849  73.38 43.73
2048 53.71 01.73  06.60 0291 03.63 11.60  81.15 25.05
RSNET
10000 57.61 03.93 09.21 04.63 05.91 12.62  81.60 27.44
2048 66.38 22.60 02.17 4291 57.40 01.01 85.31 32.57
P2S
10000 63.15 08.65 37.60 45.45 66.24 18.65 7743 40.49
2048 67.55 51.82 4293 49.33 75.29 70.50  76.07 57.53
PTr
10000 62.42 87.70 6526  72.11 69.18 57.68 7420 68.50
2048 67.18 24.08 43.61 70.31 82.45 3140 9230 54.96
Point-BERT

10000 70.29 11.57 44.05  44.65 65.78 10.21  83.40 42.14
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3.4.1 PointNet++

PointNet++ has a non-complicated deep learning architecture that simplifies the
geometries and internalizes both local and global features. Since the network learns
the relations of sampled regions on different scales it extracts the global regions with

high accuracy, yet apprehension of the local relation is limited.

In the synthetic data set test, PointNet++ confuses only the boundaries of the different
parts. The confusion matrix in Figure 3.1 shows that transition element points are
confused as wall and dome points while other parts are identified with high accuracy
in HDD 2k and 10k tests. Particularly, the transition areas where the bottom boundary
of the shapes is not planar causes problem in the identification of the ideal boundaries
in the prediction step (Tables 3.8 and 3.9). Additionally, the network is weak in
detecting bling arch geometries. The results on HDD show that even though the 10k

version numerically performed better, the 2k test returned visually plausible outcomes.
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Figure 3.1 : Confusion matrices of PointNet++ on HDD, (top) 2k, and (bottom) 10k.
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Table 3.8 : Results of PointNet++ using HDD and 2k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction

<
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Table 3.9 : Results of PointNet++ using HDD and 10k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction

The PointNet++ network performed relatively well in real-world cases as well,
compared to the other networks. The network particularly failed to understand the
SA_H case in 10k where arches are extremely narrow and the walls are positioned at
the corners instead of the edges of the square floor plan. Additionally, the HK case has

some problems dues to the irregularly distributed points in the mihrab area embedded
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in the wall. On the other hand, particularly, in 2k examples, the deep learning model
achieved high quality in terms of identifying approximate regions for the parts of the
dome systems even in partial models. Figure 3.2 shows that in both full and partial 2k
real-world examination sets dome points are identified with a high ratio while
transition elements are mostly confused with domes. The wall points are identified
better in full cases thanks to the more regular existence of wall points. Since partial
models have a limited number of regularly distributed arch points, PointNet++
identified them with less error rate than the full models. The results demonstrate that
PointNet++ learns contextual information with reasonable errors in detecting
boundaries of the elements (Tables 3.10, 3.11, 3.12, and 3.13). The drawbacks in
definitions of HDD such as representing only ideal scenes, and optimal distribution of
the labels in the point cloud cause problems in the segmentation of partial real-world

models.

0.015 0.00015 0

Trans Trans 0.00042
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Wall 04 wall {0022
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Dome Trans wall Arch Dome Trans Wwall Arch
Predicted label Predicted label

Figure 3.2 : Confusion matrices of PointNet++ (left) full and (right) partial real-
world models in 2k.
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Figure 3.3 : Confusion matrices of PointNet++ (left) full and (right) partial real-
world models in 10k.
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Table 3.10 : Results of PointNet++ on full models, 2k points.

Ground Truth Prediction

Source Model

Case
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Results of PointNet++ on full models, 10k points.

Table 3.11

Ground Truth Prediction

Source Model

Case
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Table 3.12 : Results of PointNet++ on partial models, 2k points.

Case

Source Model

Ground Truth

Prediction

AK_ULU

KM S

SA T

AB M

AK_GUD

KM N

AL
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Table 3.13 : Results of PointNet++ on partial models, 10k points.

Case

Source Model

Ground Truth

Prediction

AK_ULU

KM S

SA T

AB M

AK_GUD

KM N

AL
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3.4.2 DGCNN

DGCNN is advanced in examining the local neighborhood relations of the points. In
the synthetic data set test, it confused only the boundaries of the different elements.
The graph-based network performed in similar qualities in both 2k and 10k test sets of
the synthetic data set. Confusion matrices in Figure 3.4 shows in HDD 2k and 10k
tests only transition elements are confused with the neighboring parts while other
architectural elements are identified with a low level of error. The misprediction of
the transition element causes the wrong identification of the points as dome and wall
due to the complex relations of these three elements. Additionally, the limited surface
area and the point number of the transition zone make the segmentation process error-
prone. Particularly, in the test batch of the Historic Dome Data Set, the acquired results
reflect that the global relations are successfully identified and there are not any extreme
results of segmentation (Tables 3.14 and 3.15). Yet, the high accuracy of the
segmentation relies on the existence and fully represented simplified parts. It should
be noted that synthetic set shares the same definition of architectural parts with

different combinations, ratios, and dimensions.

DGCNN resulted positively in the data batches where the model has all of the four
elements in real-world examples. Particularly, in the SA H case, it performed
relatively well and identified the approximate boundaries of the dome and the
transition elements. However, the arch could not be identified in the SA__H model. The
deep learning model that is tested on full models failed to identify, where the depth of
arches is too narrow and the wall geometry has a bumpy surface due to embedded

sections in the wall geometry such as mihrab.
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Arch 0 0.00011 0.028 Arch "] 0.00021 0.034
T T T —- 0.0 T T T —- 0.0
Dome Trans wall Arch Dome Trans wall Arch

Predicted label Predicted label

Figure 3.4 : Confusion matrices of DGCNN on HDD, 2k (left), and 10k (right).
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Table 3.14 : Results of DGCNN on HDD, 2k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction

<

T}
3.

72



Table 3.15 : Results of DGCNN on HDD, 10k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction
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The network failed the understand partial model where the dome systems have two
classes instead of four (Tables 3.16, 3.17, 3.18, and 3.19). Particularly, the DGCNN
failed to identify the boundaries of the dome geometry of partial models by contrast
with the synthetic data set and full data batch. On the other hand, it failed to decode
the relations of the points in more crowded cases that are represented as 10k models.
The additional points preserve the information of noise and fine-grained details that
are not included in the training model so the network fails to generalize learned
relations using the graph networks. Specifically, the examples that include only
transition elements and dome failed to comprehend the limits of the parts. Confusion
matrices in Figure 3.5 show that in 2k partial real-world tests, a high ratio of dome
points are identified as transition elements. Also, DGCNN tends to identify transition
elements as arches in 2k partial tests. Particularly in partial 2k, full models arch points
are identified as wall and transition elements. Figure 3.6 shows correlated ratios of
confusion in 10k with 2k examples with a fewer ratio of successful labeling in most of
the classes. These results show us full models are suitable for identifying dome
geometry with high accuracy while in partial models dome shapes could not be
identified clearly. This result is related to the definition of the HDD because the
synthetic data set only includes ideal full geometries. And all the contextual knowledge
defined in ideal cases. So, this idealization of the dome systems causes a problem in
DGCNN when the point cloud model is split and does not include all the elements of
dome systems. Even though the definition of simple geometries in a low level of detail
used in training represents the parts of a dome system it fails to improve quality in 10k

cases.
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0.0048 0.077

T T T T T T
Dome Trans Wall Arch Dome Trans Wall Arch
Predicted label Predicted label

Figure 3.5 : Confusion matrices of DGCNN (left) full and (right) partial real-world
models in 2k.
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Figure 3.6 : Confusion matrices of DGCNN (left) full and (right) partial real-world
models in 10k.

Table 3.16 : Results of DGCNN on full models, 2k points.

Case Source Model Ground Truth

Prediction

M M

KM M

SA H

HK
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Results of DGCNN on full models, 10k points.

Table 3.17

iction

Ground Truth Pred

Source Model

Case
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Table 3.18 : Results of DGCNN on partial models, 2k points.

Case

Source Model

Ground Truth

Prediction

AK_ULU

KM S

SA T

AB M

KM N

AL
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Table 3.19 : Results of DGCNN on partial models, 10k points.

Case Source Model Ground Truth Prediction

AK_ULU

KM S

& 2
-
L

AB M

AK_GUD

KM N

AL
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3.4.3 RSNET

RSNET performed well in the synthetic data set. The three-dimensional sequential
data interpretation improves the quality where the definition is similar to the training
data set. Limited differences occurred only in the boundaries of the different parts of
the dome system (Tables 3.20 and 3.21). Moreover, both the 2k and 10k samples
resulted in similar qualities. The results show that the deep learning model had some
of the most problems in identifying the boundaries of the wall geometries. Figure 3.7
represent that RSNET identifies all the classes with minimal confusion ratio except a

relatively low accuracy in transition element points of the HDD test set.
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Figure 3.7 : Confusion matrices of RSNET on HDD, 2k (top) and 10k (bottom).
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Table 3.20 : Results of RSNET on HDD, 2k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction

80



Table 3.21 : Results of RSNET on HDD, 10k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction

The real-world examination with RSNET shows that the deep neural network shows
the signs of the problem of identifying only similar models to the training data set and

fails to generalize the learn properties from the synthetic data set. Confusion matrices

81



in Figures 3.8 and 3.9 show that RSNET fails to identify the labels of the points in
partial sets except for the dome and arch class. The results of full models are more
accurate in general, however, there is significant confusion in classifying wall points.
The results of the full models show that the RSNET network is capable of detecting
the positions of the parts however the accuracy level is not acceptable in most cases
(Tables 3.22 and 3.23). Partial data examinations resulted in negative results, the
network could not generalize the learned data and predict when some elements or some
parts of the elements do not exist (Tables 3.24 and 3.25). Even though the approach of
consecutive interpretation of point batches in the models is promising in a sense of
continuous relation-based identification of architectural elements, the RSNET network
has some limitations that negatively impact the results. Enriching the training data set
with varied and accurate representations of challenging cases might address these

limitations.
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Figure 3.8 : Confusion matrices of RSNET (left) full and (right) partial real-world
models in 2k.
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Figure 3.9 : Confusion matrices of RSNET (left) full and (right) partial real-world
models in 10k.
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Table 3.22 : Results of RSNET on full models, 2k points.

Ground Truth Prediction

Source Model

Case
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Results of RSNET on full models, 10k points.

Table 3.23

Ground Truth Prediction

Source Model

Case
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Table 3.24 : Results of RSNET on partial models, 2k points.

Case

Source Model

Ground Truth

Prediction

AK_ULU

KM S

SA T

AB M

KM N

AL
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Table 3.25 : Results of RSNET on partial models, 10k points.

Case

Source Model

Ground Truth

Prediction

AK_ULU

KM S

SA T

AB M

AK_GUD

KM N

AL
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3.4.4 Point2Sequence

The RNN-based network that is supported with an attention mechanism performed on
average with the synthetic data. Both the examinations with 2k and 10k resulted in
similar qualities and the deep neural network performed well both visually and
numerically. Confusion matrices in Figure 3.10 show that P2S identified all the classes
with minimal error except the confusion in the transition elements. The sequential
interpretation of the data batches in returned fine-grained local resolutions and

meaningful global relations of the parts of the domes systems (Tables 3.26 and 3.27).
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Figure 3.10 : Confusion matrices of Point2Sequence on HDD, 2k (top) and 10k
(bottom).
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Table 3.26 : Results of P2S on HDD, 2k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction
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Table 3.27 : Results of P2S on HDD, 10k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction

The Point2Sequence network identifies the boundaries of the dome geometries with a
small margin of error in both populations of the real-world data set. Confusion matrices
in Figure 3.11 reflect that in 2k real-world test sets the dome points were identified
with minimal error. Also, P2S identified other classes in full models with
approximately a 25% error rate while the partial model has a more confusion ratio.
Also, confusion matrices in Figure 3.12 show that P2S performed better in the 10k
partial segmentation task, particularly in the arch class. However, the 2k full model set

fails to identify the limits of the arch geometry (Table 3.28). The trained model is
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sensitive to the changes in the surface deviations and lacks some parts of the model.
The approximate location and borders of the transition elements are recognized but
with a low level of local qualities. Additionally in the KM_M model with 10k points,
an extraordinary arrangement of the points is labeled as the arch (Table 3.29). Since
data is interpreted consecutively it is possible that misinterpretations also impact the
following predictions. In the partial models, P2S fails to capture worthwhile outcomes,
particularly in the cases where the models do not have wall and arch points (Tables
3.30 and 3.31). Even though it internalizes the sequential relations where all the
elements are presents, the model loses all the contextual sensitivity and identifies
elements with un-realistic part-whole relations and positions. Also, this drawback
shows that the trained sequential model is highly dependent on the training data that
consist of all the architectural element labels in the scene for all the models.
Additionally, the distribution of the labels in the HDD and real-world full models are

similar while partial models have an unbalanced distribution of the classes in the
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Figure 3.11 : Confusion matrices of P2S (left) full and (right) partial real-world
models in 2k.
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Figure 3.12 : Confusion matrices of P2S (left) full and (right) partial real-world
models in 10k.

90



Table 3.28 : Results of P2S on full models, 2k points.

Ground Truth Prediction

Source Model

Case
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Table 3.29 : Results of P2S on full models, 10k points.

Case Source Model Ground Truth Prediction
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Table 3.30 : Results of P2S on partial models, 2k points.

Case Source Model Ground Truth Prediction

AK_ULU

KM S

SA T

AB M

AK_GUD

KM N

AL
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Table 3.31 : Results of P2S on partial models, 10k points.

Case

Source Model

Ground Truth

Prediction

AK_ULU

KM S

SA T

AB M

KM N

AL
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3.4.5 PointTransformer

The transformer-based architecture labels the point set in the HDD test set with high
accuracy. While global relations are examined well, in some examples boundaries of
the parts are identified with a small margin of error. Confusion matrices in Figure 3.13
show that PTr tested on 2k HDD examples tend to mislabel the small number of
transition elements while 10k HDD examination labels point in all the classes with
high accuracy. Specifically, the point at the limit of the transition element and the wall

geometries are mixed in the prediction step (Tables 3.32 and 3.33).
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Figure 3.13 : Confusion matrices of PTr on HDD, 2k (top), and 10k (bottom).
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Table 3.32 : Results of PTr on HDD, 2k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction
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Table 3.33 : Results of PTr on HDD, 10k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction

The PointTransformer network successfully identifies the positions and order of the
elements in three-dimensional space. Nevertheless, it is unsuccessful at capturing the
precise limits of the parts. Confusion matrices in Figure 3.14 show that PTr confuses
transition elements with dome and wall classes. Also, it mixes arch points with wall
and transition element points in a real-world 2k full test set. In partial 2k real-world
examinations, PTr confused the transition element and wall points while mixing wall
points with transition elements and arch. On the other hand, full 10k real-world models

failed to identify elements of the domes systems except for the dome points while
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partial 10k real-world cases resulted better in identifying the arch geometries. In full
model examinations, the scenes with 2k points (Table 3.34) resulted better than the
scenes with 10k points (Table 3.35) due to the simplicity of the model. Particularly, in
the SA_H model in 2k transition area is identified very well despite the low accuracy
in detecting the narrow arch geometries. Apart from the other networks, the
transformer-based model resulted in inconsistent outcomes in detecting the arch
geometries in full models. On the other hand, the results of the partial models show
that the consecutive relations of the parts are decoded (Tables 3.36 and 3.37).
Especially in most cases, the boundaries of the dome geometry are recognized
approximately. The gaps in the point clouds cause wrong assessments in scene
understanding because the geometric features are affected by these kinds of properties.
For example, the cavity of the mihrab in the HK case and the openings that stem from

the low quality of the collected data confuse the prediction task.
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Figure 3.14 : Confusion matrices of PTr (left) full and (right) partial real-world
models in 2k.
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Figure 3.15 : Confusion matrices of PTr (left) full and (right) partial real-world
models in 10k.
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Table 3.34 : Results of PTr on full models, 2k points.

Case Source Model Ground Truth Prediction

99



Table 3.35 : Results of PTr on full models, 10k points.

Case Source Model Ground Truth Prediction
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Table 3.36 : Results of PTr on partial models, 2k points.

Case Source Model Ground Truth Prediction

AK_ULU

KM S

SA T

AB M

KM N

AL
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Table 3.37 : Results of PTr on partial models, 10k points.

Case

Source Model

Ground Truth

Prediction

AK_ULU

KM S

SA T

AB M

KM N

AL
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3.4.6 Point-BERT

The state-of-the-art method, Point-BERT(PB) labels the point in the synthetic data set
with the best accuracy in the exemplified networks. All the parts are identified almost
with minimal errors in the boundaries of the elements. The confusion matrices in
Figure 3.16 represents that all of the classes in both the 2k and 10k HDD test resulted
in minimal confusion. In the segmentation process, both the 2k and 10k samples
resulted in similar qualities visually and numerically (Tables 3.38 and 3.39). Unlike
the former networks, the network has an initial training step that focuses on guessing
the masked partitions of the provided data set. This additional feature targets a better
understanding of unseen parts. Also, the network aims to decode the scenes by

exploiting both sequential and global relations using the bidirectional architecture of

the deep learning network.
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Figure 3.16 : Confusion matrices of PB on HDD, 2k (top) and 10k (bottom).
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Table 3.38 : Results of PB on HDD, 2k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction
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Table 3.39 : Results of PB on HDD, 10k points.

Ground Truth Prediction Ground Truth Prediction Ground Truth Prediction

105



Even though the synthetic test results are highly promising, Point-BERT cannot
generalize the learned information on the real-world models. Particularly, it failed the
semantic segmentation of the partial data due to the tendency of finding all types of
elements even if one or two of them does not exist in the scene (Tables 3.40, 3.41,
3.42, and 3.43). The results of the examinations on full models show that the deep
learning model recognizes slanted and circular drum areas in the IM_ M, KM M, and
SA H cases even if the training models do not have a definition for circular and slanted
drums. Although the aforementioned networks interpret the sloped drums as a part of
the dome geometry the Point-BERT network assesses the drum zones that are not
vertical and not placed on the polygon base as a part of transition elements. Even
though, the acquired result is not ideal according to the definition of HDD it is
significant that Point-BERT identified a different and unseen type of drum geometries.
Additionally, results of the partial data cases show that the network internalized the
relations of the items regarding the context better in 2k cases rather than 10k models.
The confusion matrices in Figure 3.17 demonstrates that the wall and arch points are

mixed while some transition elements are labeled as wall class in 2k full model
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Figure 3.17 : Confusion matrices of PB (left) full and (right) partial real-world
models in 2k.

Except for the arch points, other labels display similar error pattern in 10k full real-
world tests. The matrices in Figure 3.18 shows both full and partial real-world tests in
10k are consistent with the 2k tests even though the error rates are bigger. The 10k
models find nonexistent elements in the model. Instead of confusing only the borders
of the elements some cases show that all the labels are fitted in a scene even if the

geometric properties do not match. On the other hand, the partial models with 2k points
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segmented the dome system meaningfully in most of the cases. Thus, even though the
BERT-based algorithm outperforms the other networks in both 2k and 10k synthetic
test accuracies, it could not generalize the learned information into real-world scenes.
As a specific type of transformer network, Point-BERT might perform better with an
augmented version of HDD that includes partial samples and more challenging cases.
The overall accuracies in synthetic tests show that the network has potential for
successful segmentation of parts of a dome system, yet the solution should be

optimized for real-world problems in future studies.
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Figure 3.18 : Confusion matrices of PB (top) full and (bottom) partial real-world
models in 10k.

107



Results of PB on full models, 2k points.

Table 3.40

Ground Truth Prediction

Source Model

Case
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Table 3.41 : Results of PB on full models, 10k points.

Case Source Model Ground Truth Prediction
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Table 3.42 : Results of PB on partial models, 2k points.

Case Source Model Ground Truth Prediction
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Table 3.43 : Results of PB on partial models, 10k points.

Case

Source Model
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Prediction
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4. CONCLUSION

In cultural heritage documentation semi-automating the documentation process,
relying on semantic architectural knowledge using deep neural networks has the
potential of providing accurate and meaningful results. This study examines the
impacts of different semantic segmentation approaches considering the relations of the
parts as a section of the documentation problem of the dome systems of the
monumental Anatolian architecture. By using diverse methods in a documentation
process, this study defines an interdisciplinary workflow that combines architectural
and computational knowledge to segment the meaningful parts of the domes that can
be used in further documentation steps. The study not only uses deep neural networks
designed for three-dimensional semantic segmentation assignments but also inspects
the usage of data in the deep learning models to get the best results in terms of

identifying the labels of points that represent units of architectural elements.

The presented Historic Dome Data Set (HDD) defines the connections of the
investigated architectural parts for the deep learning methods to make them internalize
the semantic relations. So the initial definition of the data set and the semantic relations
of the architectural parts impact the process. The data set should be well-designed and

include various valid combinations of the investigated parts of the whole.

The study shows that the models which learn both local and contextual information
perform well in terms of labeling the points with semantic knowledge. Interpreting the
bi-directional sequential information improved the results of the Point-BERT,
specifically on the synthetic benchmark. Moreover, despite the archaic, simple deep
learning architecture, PointNet++ performed decently in general. Because of pointwise
neighborhood interpretation, DGCNN identified the parts of the system well. Also,
RSNET, the network that uses the volumetric slices as sequential units to be
interpreted, performed well despite the drawbacks of the RNN architecture in the
synthetic data set. On the other hand, the PointTransformer network showed potential
in identifying the part of the dome in challenging partial real-world cases with a ten

thousand points examinations. To conclude, even though the deep learning algorithms
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successfully label the points of the synthetic data, the models tended to remember some
solutions instead of generalizing the learning solutions. Specifically, the networks

failed to classify the points where the point clouds have noisy and split sections.

The presented deep neural networks use different types of units to interpret the
sequential relations or interrelated connections of the parts of the architectural
elements. However, points acquired using sliced volumes, farthest sampled points, or
a fixed number of neighbor points would not contain accurate boundaries of the parts
that would fit the definition of the architectural elements. In other words, since the
input data is unlabeled, the network splits the data into patches regardless of the size
or shape of the elements in the scene. The sequence or connections used in the
algorithms are based on irregular point patches. Specifically, brick and stone elements
are predominant in historical Anatolian architecture; thus, a method that would find
similar units in the networks and learn their relations might improve the overall quality
of the workflow. So, examinations with a task or content-aware sampling features
might provide another quality to the process. Additionally, to semantic segmentation,
instance-based part-segmentation also would be beneficial to understanding the

existence of the specific elements in the scenes.

The HDD includes models in a low level of detail for generating numerous generic
solutions without contradicting inner definitions of the geometries. The Historic Dome
Data Set can be easily implemented into the other historic dome detection or
generation tasks. Additionally, to the presented historic dome models, the following
studies would enrich the data set by defining different specific shapes of various styles

and their relations in the three-dimensional space.

The potential performance of deep neural networks is highly related to the provided
data set in the models. Even though HDD supplies over 1500 point clouds with generic
details of domes of historical Anatolian buildings, the dataset is still limited to user-
defined properties. For example, complex geometrical elements such as mugarnas and
triangular bands with corner groups are discarded from the data set due to the difficulty
of expressing the geometries accurately. Similarly, some real-world examples such as
the North Dome of Karatay Madrasa (KM_N), have window openings in the transition
area, nonetheless, the synthetic historic dome data set does not include them due to the
preferred level of detail. Additionally, to the four main parts of the dome systems,

monumental Anatolian buildings connect spaces and enlargen the rectangular floor
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plans using the iwans and vaults. The inclusion of these two elements into the HDD
would be a welcome addition for a holistic understanding of the scene with minimal
simplifications. For specific cases such as Sahip Ata Hanikah (SA_ H) that do not fit
regular rectangular floor plans with the walls in the corners instead of the edges of the
floor plan, alternative definitions could be defined in the HDD and improve the quality

of the segmentation process.

The color information is discarded in the procedural modeling process; however, in
some real-world examples, a change of color and materials defines the border of the
architectural elements. In Karatay Madrasah Main Dome (KM_M), Sahip Ata Tomb
Chamber (SA_T), and the Ince Minareli Madrasah (IM_M), the drum is emphasized
with a transition of material and color. Since these drums are defined as a part of a
dome in these cases, they follow geometrical features of the domes with a circular base
instead of placing on a polygonal base and vertically erecting. Turan and Yaldiz (2018,
p. 176) identify drums as a part of a dome shape. On the other hand, it is known that
some dome systems have vertically built polygonal drums that aim to make structures
spacious by stepping up a level of a circular dome base (Okguoglu, 1995, pp. 17-18).
In the context of this thesis, circular and slanted drums are considered as a part of a
dome while the polygonal and upright designs are considered a part of transition
elements. A detailed investigation of drum geometry might clarify the dualities
between the synthetic and real-world definitions. Alternatively, drum geometry can be

determined as an independent geometry.

Definition of HDD is based on the results of an investigation of previous manual data
collection processes. Manually created drawings parametric rule-based algorithms can
be used to collect relevant training information semi-automatically from existing two-
dimensional drawings. A projected algorithm can analyze the provided sections and
drawings to extract the general dimensions of the domes and inner parameters of the
architectural and structural elements. The extracted parameters can be used as inputs

for the HDD generator.

Further studies can implement the architectural elements such as openings and floors
into the data set to augment the quality of detected elements while acquiring more
information from the site. This augmentation in the data would help generalize the
learned information because, currently, there is a gap in level-of-detail between the

created synthetic historic dome data set and the real-world examples. Also, subsequent
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studies would combine synthetic data with real-world Anatolian dome models or the
models that correspond to a similar context in the training process. For a detailed
evaluation of the examined semantic segmentation algorithms, using the same setup
would help assess the training and test durations. In addition to all numerical and visual
assessments, a qualitative evaluation by a specialist of architectural documentation or
cultural heritage preservation in future studies may be invaluable to reassure the

practical contribution of the research.
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