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Abstract 

Background/Aim: The convergence of artificial intelligence (AI) and digital 

heritage in architectural research has grown exponentially, yet no 

comprehensive computational analysis has mapped its thematic structure and 

evolution. This study aims to identify and temporally trace dominant research 

trajectories at the intersection of AI and digital architectural heritage. 

Methods: A dual-database systematic search (Scopus and Web of Science) was 

combined with Latent Dirichlet Allocation (LDA) topic modeling. From 2,347 

initial records, 2,100 unique articles (2016-2026) were analyzed after 

deduplication. Text preprocessing and vectorization were followed by LDA 

modeling (k = 10 topics) using scikit-learn. Because 2026 is covered only by 

partial-year data (records indexed through early April 2026), it was retained 

for descriptive completeness but excluded from all growth and trend 

inferences. 

Results: The model identified ten distinct research topics. 3D point cloud 

processing formed the largest cluster (34.9%), followed by HBIM and digital 

documentation (17.7%), semantic segmentation (16.9%), and deep learning 

systems (16.8%). Temporal analysis reveals a paradigm shift from 

conventional photogrammetric documentation toward AI-driven automated 

workflows; semantic segmentation and deep learning exhibited the highest 

growth rates between the 2020-2022 and 2023-2025 periods. 

Conclusion: The findings identify a critical research-practice gap: while 

technical AI capabilities advance rapidly, their integration into heritage 

conservation policy, participatory processes, and Global South contexts 

remains underexplored. Ethical and epistemological dimensions of automated 

heritage classification are virtually absent from current discourse. This study 

contributes a replicable methodological framework combining bibliometric 

retrieval with computational text mining. 

Keywords: Digital heritage, Artificial intelligence, Topic modeling, 

Architectural heritage, LDA



Mimarlıkta Yapay Zekâ ve Dijital Mirasın 

Kesişimi: Araştırma Eğilimlerinin Konu 

Modellemesiyle Analizi (2016-2026) 

Öz 

Yapay zekâ (YZ) ile dijital mirasın mimarlık araştırmalarındaki kesişimi hızla 

büyümektedir; ancak bu alanın tematik yapısını ve zamansal gelişimini 

bütüncül biçimde ele alan kapsamlı bir hesaplamalı analiz bulunmamaktadır. 

Bu çalışma, söz konusu kesişimde öne çıkan araştırma eğilimlerini belirlemeyi 
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ve bunların zaman içindeki değişimini izlemeyi amaçlamaktadır. Bu amaçla Scopus ve Web of Science veritabanlarında 

sistematik bir tarama yapılmış, elde edilen veriler Latent Dirichlet Allocation (LDA) konu modellemesiyle 

çözümlenmiştir. Başlangıçtaki 2.347 kayıttan yinelenenler çıkarılarak 2016-2026 dönemine ait 2.100 özgün makale 

incelenmiştir. 2026 yılı yalnızca kısmi verilerle (Nisan 2026 başına kadar) temsil edildiğinden tüm büyüme ve eğilim 

çıkarımlarının dışında tutulmuş, korpusta yalnızca betimsel bütünlük amacıyla yer almıştır. Metin ön işleme ve 

vektörleştirme sonrasında scikit-learn ile on konulu bir LDA modeli kurulmuştur. Sonuçlara göre en büyük küme %34,9 

ile 3B nokta bulutu işlemedir; bunu %17,7 ile HBIM ve dijital dokümantasyon, %16,9 ile anlamsal segmentasyon ve 

%16,8 ile derin öğrenme sistemleri izlemektedir. Zamansal çözümleme, geleneksel fotogrametrik belgelemeden YZ 

destekli otomatik iş akışlarına doğru belirgin bir paradigma değişimi ortaya koymaktadır; anlamsal segmentasyon ve 

derin öğrenme, 2020-2022 ile 2023-2025 dönemleri arasında en yüksek büyümeyi göstermiştir. Bulgular önemli bir 

araştırma-uygulama boşluğuna da işaret etmektedir: teknik YZ yetkinlikleri hızla gelişirken bunların koruma 

politikalarına, katılımcı süreçlere ve Küresel Güney bağlamlarına aktarımı sınırlı kalmaktadır. Çalışma, bibliyometrik 

veri toplama ile hesaplamalı metin madenciliğini birleştiren, yinelenebilir bir yöntemsel çerçeve sunmaktadır. 

Anahtar kelimeler: Dijital miras, Yapay zeka, Konu modellemesi, Mimari miras, LDA 

 

1. INTRODUCTION 

The digitization and preservation of architectural heritage has undergone a fundamental 
transformation over the past decade, driven by the convergence of advanced sensing technologies, 
computational methods, and artificial intelligence (AI). What was once a labor-intensive process of 
manual documentation has evolved into a sophisticated ecosystem of automated workflows 
encompassing 3D scanning, photogrammetry, Building Information Modeling (BIM), and, increasingly, 
deep learning-based interpretation and classification [1, 2]. This convergence has generated a rapidly 
expanding body of literature that spans multiple disciplines, from computer science and engineering 
to architecture, archaeology, and cultural studies. 

The volume and velocity of research output at the intersection of AI and digital heritage have 
created both opportunities and challenges for researchers and practitioners. On one hand, the 
diversity of approaches, from convolutional neural networks for damage detection to generative 
adversarial networks for virtual reconstruction, reflects the field's vitality and innovation potential. 
On the other hand, this proliferation has made it increasingly difficult to discern coherent research 
trajectories, identify knowledge gaps, and anticipate future directions [3, 4]. Traditional narrative 
reviews, while valuable, cannot adequately capture the scale and complexity of this interdisciplinary 
landscape. 

Bibliometric and scientometric analyses have emerged as popular tools for mapping research 
fields, yet they have been critiqued for their tendency toward descriptive mapping without 
interpretive depth [5]. Standard keyword co-occurrence and citation network analyses, while 
informative, often remain at the surface level of what the literature reveals about intellectual currents 
and paradigmatic shifts. This limitation is particularly pronounced in rapidly evolving fields where the 
vocabulary itself is in flux and where new conceptual frameworks emerge faster than keyword 
taxonomies can accommodate. 

To address these limitations, this study introduces a computational topic modeling approach 
that extends beyond conventional bibliometric mapping. By applying Latent Dirichlet Allocation (LDA) 
to a corpus of 2,100 peer-reviewed articles retrieved from Scopus and Web of Science, this research 
identifies latent thematic structures that keyword-based analyses cannot detect. The temporal 
dimension of the analysis reveals not merely which topics are growing, but how the intellectual 
architecture of the field is reorganizing itself in response to technological breakthroughs and shifting 
disciplinary priorities. 

The study is guided by the following research questions: 

RQ1: What are the dominant research topics at the intersection of AI and digital architectural 
heritage, and how are they distributed across the literature? 



 Mapping The Convergence of Artificial Intelligence and Digital Heritage in Architecture: A Computational Topic Modeling Analysis of 
Emerging Research Trajectories (2016-2026) 

 

|841| 

E
rc

iy
es

 U
n

iv
er

si
ty

 J
o

u
rn

al
 o

f 
In

st
it

u
e 

O
f 

Sc
ie

n
ce

 a
n

d
 T

ec
h

n
o

lo
gy

 
4

2
(2

),
 2

0
2

6
 

C
C

: B
Y

-N
C

-N
D

 

RQ2: How have these research topics evolved temporally between 2016 and 2026, and which 
trajectories show the most significant growth or decline? 

RQ3: What knowledge gaps and underexplored research areas can be identified through 
computational topic analysis that are not visible through conventional bibliometric approaches? 

The contribution of this study is threefold. First, it provides the most comprehensive 
computational mapping of the AI-digital heritage intersection in architecture to date, covering a 
decade of research output from two major databases. Second, it demonstrates a methodological 
framework that combines systematic retrieval with natural language processing, offering a replicable 
model for review studies in architectural research. Third, the temporal trajectory analysis identifies 
emerging research fronts and declining paradigms, providing strategic guidance for researchers and 
funding bodies seeking to position their work at the field's growing edge. 

2. THEORETICAL AND CONCEPTUAL FRAMEWORK 

2.1. Digital Heritage in Architecture: From Documentation to Intelligence 

The concept of digital heritage has evolved considerably since UNESCO's [9] Charter on the 
Preservation of Digital Heritage. In architectural contexts, digital heritage encompasses the 
technologies, methods, and frameworks for capturing, representing, interpreting, and disseminating 
information about the cultural significance of the built environment [10]. The trajectory has moved 
from static documentation (2D drawings, photographs) through geometric digitization (laser 
scanning, photogrammetry) to semantically enriched digital representations (HBIM, digital twins) and, 
most recently, to AI-enhanced intelligent heritage systems [11]. Regional applications illustrate this 
trajectory, from laser-scanning-to-virtual-reality workflows for Ottoman monuments such as the 
Selimiye Mosque and the Çatalca caves [35, 36] to multi-sensor documentation and accuracy 
assessment of Anatolian Seljuk heritage [33, 34]. 

This evolution mirrors broader shifts in how heritage is conceptualized. Whereas earlier 
approaches focused on geometric fidelity, capturing physical form as accurately as possible, 
contemporary frameworks emphasize semantic richness, contextual intelligence, and user 
engagement [12, 13]. The integration of AI has catalyzed this shift by enabling automated 
interpretation of heritage data: classifying building elements from point clouds, detecting 
deterioration patterns from images, generating reconstructions of missing elements, and facilitating 
immersive virtual experiences [14]. 

2.2. Artificial Intelligence in the Built Environment: Taxonomies and Trajectories 

AI applications in architecture and the built environment can be broadly categorized into 
perception tasks (recognition, classification, segmentation), generation tasks (design synthesis, 
reconstruction, completion), and prediction tasks (deterioration forecasting, structural assessment, 
energy modeling) [15]. In the heritage domain, perception tasks dominate the current landscape, 
particularly semantic segmentation of point clouds and image-based classification of architectural 
elements [16]. However, generative AI applications, including the use of diffusion models and large 
language models for heritage interpretation, represent a rapidly emerging frontier [17]. For instance, 
PointNet-based semantic segmentation has been applied to historic buildings to accelerate HBIM 
modeling in regional heritage contexts [32]. 

The theoretical underpinning of AI application in heritage is rooted in the concept of 
computational hermeneutics, the idea that computational methods can augment (though not replace) 
human interpretive capacities in understanding cultural artifacts [18]. This perspective recognizes 
that AI tools operate within epistemological frameworks shaped by their training data, algorithmic 
architecture, and the assumptions embedded in their design. As such, the deployment of AI in heritage 
contexts raises important questions about representation, bias, and the politics of automated 
classification [19]. 
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2.3. Review Methodologies: Beyond Bibliometrics 

The methodological landscape for literature reviews has expanded significantly beyond 
traditional narrative synthesis. Systematic reviews, meta-analyses, bibliometric mapping, and 
scientometric visualization have become standard approaches, each with distinct strengths and 
limitations [20, 21]. Bibliometric studies typically employ tools such as VOSviewer, CiteSpace, or 
Bibliometrix to generate co-citation networks, keyword co-occurrence maps, and institutional 
collaboration patterns [22]. 

However, these approaches have been critiqued for several limitations. First, keyword-based 
analyses depend on author-assigned terms that may not capture the full semantic range of research 
content. Second, citation-based methods introduce temporal lag, as citation patterns reflect past rather 
than current intellectual connections. Third, conventional bibliometric tools provide descriptive maps 
without the capacity for automated thematic classification [23]. 

Topic modeling, a family of probabilistic models for discovering latent thematic structures in 
large document collections, addresses several of these limitations. Latent Dirichlet Allocation (LDA), 
introduced by Blei, Ng, and Jordan [6], models each document as a mixture of topics and each topic as 
a distribution over words, enabling the discovery of themes that cut across keyword boundaries. When 
combined with temporal analysis, topic models reveal not only what the field is studying but how its 
intellectual focus is shifting over time [7]. Recent applications of LDA and its variants in architectural 
and engineering research have demonstrated the method's utility for identifying research fronts and 
gaps [8]. 

3. METHODOLOGY 

This study adopts a mixed-methods approach combining systematic literature retrieval with 
computational text analysis. The methodology integrates the rigor of systematic review protocols 
(PRISMA guidelines) with the analytical depth of probabilistic topic modeling, addressing the 
limitations of purely bibliometric or purely qualitative approaches. 

3.1. Search Strategy and Data Collection 

A systematic search was conducted across two major academic databases: Scopus and Web of 
Science Core Collection. The dual-database approach was adopted to maximize coverage and reduce 
selection bias, as the two databases have overlapping but non-identical journal coverage, particularly 
in the interdisciplinary space between architecture, heritage studies, and computer science [24]. 

The search query was constructed using three conceptual blocks combined with Boolean AND 
operators: (1) digital heritage and related technologies (including terms such as "digital heritage," 
"virtual heritage," "digital twin," "3D reconstruction," "photogrammetry," "virtual reality," and 
"augmented reality"); (2) architectural and heritage contexts ("architecture," "architectural," "built 
heritage," "cultural heritage," "historic building"); and (3) artificial intelligence methods ("artificial 
intelligence," "machine learning," "deep learning," "computer vision," "semantic segmentation," 
"neural network"). The search was limited to journal articles and review articles published between 
2016 and 2026, with subject area filters applied to ensure relevance to architecture, engineering, arts, 
humanities, and computer science. 

The Scopus search yielded 1,035 documents, while the Web of Science search, after applying 
category filters (Architecture, Construction Building Technology, Engineering Civil, Art, Humanities 
Multidisciplinary, Geography, Urban Studies, Archaeology, Remote Sensing, and Computer Science 
sub-categories), returned 1,312 documents. The combined dataset of 2,347 records was subjected to 
DOI-based deduplication, removing 247 duplicate entries to yield a final corpus of 2,100 unique 
documents. All documents contained available abstracts, requiring no further exclusion at the 
eligibility stage. The PRISMA flow diagram (Figure 1) summarizes the selection process. The complete 
search strategy and the eligibility (inclusion and exclusion) criteria are summarized in Table 1 and 
Table 2, respectively. For 2026, only partial-year data were available (records indexed through early 
April 2026, n = 179); this slice is reported for completeness but is excluded from all growth-rate and 
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temporal-trend analyses, as detailed in Section 3.4. 

Table 1. Database search strategy, query structure, and record yield. 

Parameter Specification 
Databases Scopus; Web of Science Core Collection 
Block 1: digital heritage 
and technologies 

digital heritage; virtual heritage; digital twin; 3D reconstruction; 
photogrammetry; virtual reality; augmented reality 

Block 2: architectural 
and heritage context 

architecture; architectural; built heritage; cultural heritage; historic 
building 

Block 3: artificial 
intelligence methods 

artificial intelligence; machine learning; deep learning; computer 
vision; semantic segmentation; neural network 

Boolean structure 
(Block 1) AND (Block 2) AND (Block 3); terms within each block 
combined with OR 

Document types Journal articles; review articles 
Time span 2016 to 2026 (2026 partial, through early April 2026) 

Subject-area filters 
Architecture; Construction and Building Technology; Civil 
Engineering; Art; Humanities; Geography; Urban Studies; 
Archaeology; Remote Sensing; Computer Science 

Records retrieved Scopus = 1,035; Web of Science = 1,312; combined = 2,347 
After DOI deduplication 2,100 unique records (247 duplicates removed) 

 

Table 2. Inclusion and exclusion criteria. 

Inclusion criteria Exclusion criteria 
Peer-reviewed journal articles and review 
articles 

Conference papers, book chapters, editorials, 
notes, and errata 

Published between 2016 and 2026 Published outside the 2016 to 2026 window 
Topically relevant to AI and digital architectural 
or cultural heritage 

No substantive intersection of AI and heritage 

Retrievable English-language abstract available No retrievable abstract 
Indexed in Scopus and/or Web of Science Core 
Collection 

Duplicate records (matched by DOI) 
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Figure 1. PRISMA flow diagram illustrating the systematic search and selection process 

3.2. Topic Modeling Approach 

Latent Dirichlet Allocation (LDA), a generative probabilistic model, was employed to identify 
latent topics within the abstract corpus [6]. LDA assumes that each document is a mixture of a small 
number of topics and that each topic is characterized by a distribution over words. The model 
discovers these latent structures by iteratively assigning words to topics based on two probability 
distributions: the probability of a topic appearing in a document and the probability of a word 
belonging to a topic. 

Text preprocessing involved the following steps: (1) conversion to lowercase; (2) removal of 
punctuation, numbers, and special characters; (3) elimination of English stop words and domain-
specific stop words (e.g., "study," "paper," "research," "results," "method," "proposed"); and (4) 
tokenization. The preprocessed abstracts were vectorized using CountVectorizer with a maximum of 
5,000 features and an n-gram range of (1, 2) to capture both unigram and bigram patterns. Terms 
appearing in more than 85% of documents (overly common) or fewer than 5 documents (overly rare) 
were excluded. 

The number of topics (k) was determined through a combination of perplexity evaluation across 
k = 6 to 17 and qualitative assessment of topic coherence. Perplexity scores indicated that the model 
achieved relatively stable performance across this range, with k = 10 selected as the optimal value 
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based on interpretive clarity and thematic distinctiveness. The LDA model was trained with a 
document-topic prior (alpha) of 0.1, a topic-word prior (beta) of 0.01, and 50 iterations using online 
variational inference. All analyses were conducted in Python 3.x using scikit-learn [25]. The complete 
LDA configuration and preprocessing settings are reported in Table 3, and the perplexity values 
evaluated across k = 6 to 17 are reported in Table 4. Topic quality at the selected solution was 
additionally assessed qualitatively through inspection of the highest-probability terms of each topic. 

The selection of k = 10 warrants further justification, given that perplexity alone reaches its 
minimum at k = 17 (Table 4). Two considerations guided the choice. First, minimizing perplexity is 
well known not to yield the most interpretable topic models; held-out likelihood can even correlate 
negatively with human judgments of topic quality [37]. Consistent with this, topic coherence (the 
UMass measure [38]) did not improve at high k but deteriorated for the largest models (k = 13 to 17), 
including k = 17, indicating that the small perplexity gains at high k stemmed from fragmenting 
coherent themes into less meaningful, overly specific topics. Second, although the smallest models (k 
= 6 to 8) attained the highest coherence, they merged substantively distinct research themes, such as 
three-dimensional reconstruction and semantic segmentation, into broad clusters and thereby lost 
thematic resolution. k = 10 was retained as the solution that best balanced model fit, topic coherence, 
and thematic resolution, producing the most interpretable and distinct set of topics; this 
interpretability-informed selection of the number of topics is common practice in applied topic 
modeling [37, 38]. 

Table 3. LDA model configuration and text-preprocessing parameters. 

Parameter Setting 

Text preprocessing 
Lowercasing; removal of punctuation, numbers, and special 
characters; English and domain-specific stop-word 
removal; tokenization 

Vectorization CountVectorizer (scikit-learn) 
Maximum features 5,000 
N-gram range (1, 2): unigrams and bigrams 
Document-frequency bounds max_df = 0.85; min_df = 5 
Algorithm Latent Dirichlet Allocation (online variational Bayes) 
Number of topics (k) 10 (selected from the candidate range k = 6 to 17) 
Document-topic prior (alpha) 0.1 
Topic-word prior (beta / eta) 0.01 
Iterations (max_iter) 50 
Random seed (random_state) 42 

Topic assignment 
Dominant topic (argmax of the document-topic 
distribution) 

Implementation scikit-learn 1.8.0; Python 3 
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Table 4. Perplexity and topic coherence across candidate numbers of topics (k). 

Number of 
topics (k) 

Perplexity Coherence (UMass) Selection 

6 1882.22 −1.127  
7 1862.99 −1.358  
8 1854.70 −1.315  
9 1867.37 −1.521  
10 1848.31 −1.420 Selected 
11 1861.71 −1.486  
12 1862.27 −1.305  
13 1866.26 −1.557  
14 1838.20 −1.435  
15 1841.90 −1.558  
16 1839.17 −1.660  
17 1829.86 −1.639  

Note: Lower perplexity indicates a better model fit. Perplexity varied only modestly across the 
tested range (approximately 1830 to 1882), indicating no single statistically dominant value of k. k = 10 
was retained as a local optimum that produced the most interpretable and thematically distinct topics; 
larger values of k reduced perplexity only marginally while fragmenting existing themes. Topic coherence 
was assessed qualitatively from the highest-probability terms of each topic. 

3.3. Temporal Analysis 

To examine the temporal evolution of research topics, each document was assigned to its 
dominant topic (the topic with the highest probability in the document-topic distribution). Annual 
topic frequencies were calculated both in absolute terms and as proportions of total yearly output. 
Growth rate analysis compared mean annual output between two periods: 2020-2022 (the 
consolidation phase following COVID-19) and 2023-2025 (the post-pandemic acceleration phase 
coinciding with generative AI breakthroughs). 

3.4. Limitations 

Several methodological limitations should be acknowledged. First, the analysis is limited to 
abstracts rather than full texts, which may not capture the complete thematic scope of each document. 
Second, LDA is a bag-of-words model that does not capture word order or syntactic relationships, 
potentially conflating semantically distinct uses of the same terms. Third, the dual-database approach, 
while more comprehensive than single-database searches, may still miss relevant literature published 
in non-indexed venues. Fourth, topic assignment based on maximum probability simplifies the 
inherently multi-topic nature of many documents. Despite these limitations, the approach provides a 
robust and replicable framework for large-scale thematic analysis. Relatedly, because 2026 is 
represented only by partial-year data (through early April 2026, approximately 8.5% of the corpus), it 
was excluded from all growth-rate and temporal-trend inferences and retained solely for descriptive 
completeness; its exclusion does not alter the identified topic structure or the rank order of the 
dominant topics. Finally, the reported solution reflects a single LDA run with a fixed random seed; 
because topic models are sensitive to initialization, a systematic topic-stability and sensitivity analysis 
across multiple seeds, together with the use of complementary coherence measures, is a valuable 
direction for future work, and the smallest topics in particular should be regarded as provisional. 

4. FINDINGS 

4.1. Publication Trends and Research Growth 

The annual publication output reveals exponential growth in research at the intersection of AI 
and digital architectural heritage (Figure 2). From 26 publications in 2016, output increased more than 
twentyfold to 594 publications in 2025, with 2026 projecting continued growth based on partial-year 
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data (179 publications by early April). The most significant acceleration occurred between 2022 (220 
publications) and 2024 (390 publications), a period coinciding with major breakthroughs in deep 
learning architectures and generative AI tools. The compound annual growth rate (CAGR) for the 
2016-2025 period is approximately 37%, substantially exceeding the growth rates reported for AI in 
architecture broadly (approximately 25% CAGR) and for digital heritage without AI (approximately 
18% CAGR), confirming that the intersection of these domains represents a particularly dynamic 
research front. Because the 2026 figure is incomplete, it is shown for descriptive continuity only and 
is excluded from the growth-rate analysis (Section 4.4), which compares the fully observed 2020-2022 
and 2023-2025 periods. 

 

Figure 2. Annual publication trend in AI-driven digital heritage research in architecture (2016-2026). 

The database contribution analysis reveals a relatively balanced distribution between Scopus 
(1,035 documents, 49.3%) and Web of Science (1,065 documents, 50.7%), with 247 overlapping 
records (approximately 10.5% of the combined dataset). This moderate overlap rate confirms the 
value of the dual-database approach: a single-database search would have missed approximately half 
of the relevant literature. 

4.2. Thematic Structure: Ten Research Topics 

The LDA model identified ten distinct research topics, each characterized by a unique 
combination of keywords. Figure 3 presents a summary of all topics with their labels, document counts, 
and representative keywords ranked by LDA weight. Table 5 provides the corresponding numerical 
summary, including document counts, percentage shares, and tier classification. 
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Figure 3. Summary of LDA topics showing labels, document distribution, and representative keywords 
ranked by weight. 

The topics can be organized into three tiers based on their prevalence in the corpus. The 
dominant tier consists of four topics that collectively account for 86.3% of the literature. Topic 1 (3D 
Reconstruction and Point Cloud Processing) is the largest cluster at 34.9% (733 documents), 
encompassing research on photogrammetric workflows, LiDAR data processing, mesh generation, and 
geometric accuracy assessment. Topic 2 (HBIM and Digital Documentation) represents 17.7% (372 
documents) and focuses on Historic Building Information Modeling, digital twin creation, and heritage 
documentation standards. Topic 3 (Semantic Segmentation and Neural Networks) accounts for 16.9% 
(354 documents) and centers on deep learning architectures for automated classification of 
architectural elements in point clouds and images. Topic 4 (Deep Learning and Real-Time Systems) 
comprises 16.8% (353 documents) and addresses computational frameworks, real-time processing 
pipelines, and application-oriented deep learning deployments (Figure 4). 
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Figure 4. Distribution of research topics identified through LDA topic modeling (k = 10). 

The intermediate tier includes Topic 5 (Virtual Heritage and Cultural Experiences) at 10.9% 
(228 documents), which encompasses virtual reality, augmented reality, and immersive technology 
applications for cultural heritage interpretation and engagement. The remaining five topics form the 
minor tier: Topic 6, Digital Twin and Manufacturing (2.0%); Topic 7, Remote Sensing and Aerial Survey 
(0.6%); Topic 8, Structural Health Monitoring (0.2%); Topic 9, AEC Industry Review (0.1%); and Topic 
10, Computer Vision and Registration (0.05%). These minor topics, while containing fewer documents, 
represent specialized niches that may gain prominence as the field continues to diversify. It should be 
emphasized, however, that the smallest of these topics are supported by only a handful of documents 
(Topics 8, 9, and 10 comprise 4, 2, and 1 documents, respectively). Such minute clusters lie at the 
resolution limit of the model and should not be interpreted as robust, well-established research fronts; 
they are reported for completeness and transparency rather than as substantively confirmed themes. 
Their presence also reflects a general property of topic models, in which increasing the number of 
topics inevitably yields progressively smaller and less stable clusters, which is a further reason for 
retaining a moderate value of k = 10 rather than a larger one. 
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Figure 5. Word cloud visualizations of the four dominant research topics (Topics 1-4). 

The keyword heatmap (Figure 6) reveals the distinctive vocabulary of each topic and highlights 
several cross-cutting terms. "Point cloud" and "deep learning" appear with varying weights across 
multiple topics, reflecting their foundational role in the field. In contrast, terms such as "BIM," "VR," 
and "digital twin" are highly topic-specific, indicating more clearly delineated research communities. 

 

Figure 6. Topic-keyword relevance heatmap showing the distribution of key terms across research 
topics. 

4.3. Temporal Evolution of Research Topics 

The temporal analysis reveals significant shifts in the field's thematic composition (Figure 7). 
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Several key patterns emerge: 

First, Topic 1 (3D Reconstruction and Point Cloud Processing), while remaining the largest topic 
in absolute terms, has experienced a relative decline from approximately 45% of all publications in 
2017 to 30% in 2025. This proportional decline does not reflect diminishing interest but rather the 
field's diversification as new AI-driven approaches have gained traction. 

Second, Topic 3 (Semantic Segmentation and Neural Networks) has exhibited the most dramatic 
growth trajectory, rising from a marginal presence before 2019 to become one of the four dominant 
topics by 2024. This growth reflects the maturation of deep learning architectures such as PointNet, 
PointNet++, and transformer-based models, and their increasing application to heritage-specific 
classification tasks. 

Third, Topic 4 (Deep Learning and Real-Time Systems) shows a growth pattern parallel to 
semantic segmentation but with a stronger emphasis on deployment and practical application, 
suggesting that the field is moving from proof-of-concept studies toward operational implementations. 

Fourth, Topic 5 (Virtual Heritage and Cultural Experiences) has experienced proportional 
decline since 2021, despite stable absolute numbers. This suggests that while VR/AR-based heritage 
interpretation continues to attract research attention, it is being increasingly overshadowed by the AI-
computational stream. 

 

Figure 7. Temporal evolution of research topics as proportional shares of annual output (2016-2026). 

While Figure 7 illustrates the proportional shifts among topics, Figure 8 presents the absolute 
publication numbers for each major topic over the same period. This complementary view reveals that 
all dominant topics have grown in absolute terms, confirming that the proportional decline of Topic 1 
is not a reduction in research activity but a consequence of even faster growth in Topics 3 and 4. 
Notably, the trajectories of Topics 3 and 4 show a sharp upward inflection beginning in 2022, 
coinciding with the widespread adoption of transformer architectures and the release of foundation 
models such as the Segment Anything Model (SAM), which accelerated experimentation in heritage-
related segmentation tasks. 
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Figure 8. Growth trajectories of major research topics in absolute publication numbers (2016-2026). 

4.4. Growth Rate Analysis: Emerging and Declining Fronts 

The comparative growth rate analysis between the 2020-2022 and 2023-2025 periods 
quantifies the magnitude of thematic shifts (Figure 9). Topic 3 (Semantic Segmentation) and Topic 4 
(Deep Learning Systems) show the highest positive growth rates, confirming their status as the field's 
most rapidly expanding research fronts. Topic 2 (HBIM and Digital Documentation) also demonstrates 
strong growth, driven by increasing interest in automated scan-to-BIM workflows and digital twin 
applications for heritage management. 

Conversely, several topics exhibit declining growth rates. Topic 10 (Computer Vision and 
Registration), while showing stable absolute numbers, has decelerated relative to the broader field, 
suggesting that foundational geometric processing research is reaching maturity. Topics 8 and 9 
(Structural Health Monitoring and AEC Industry Review) show variable patterns reflecting their 
peripheral position in the heritage-AI intersection. 

 

Figure 9. Comparative growth rates of research topics between the 2020-2022 and 2023-2025 
periods. 
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The distribution of topics across the two databases (Figure 10) confirms a consistent thematic 
structure, with no significant divergence between Scopus and Web of Science, reinforcing the 
robustness of the identified topic clusters regardless of the data source. 

 

Figure 10. Topic distribution by database source (Scopus vs. Web of Science). 

Table 5. Summary of the ten research topics identified through LDA topic modeling (k = 10). 

Topic Label N 
Share 
(%) 

Tier Representative keywords 

1 
3D Reconstruction and 
Point Cloud Processing 

733 34.9 Dominant 
point cloud; photogrammetry; 
LiDAR; mesh generation; 
geometric accuracy 

2 
HBIM and Digital 
Documentation 

372 17.7 Dominant 
HBIM; BIM; digital twin; 
documentation; scan-to-BIM 

3 
Semantic Segmentation 
and Neural Networks 

354 16.9 Dominant 
semantic segmentation; deep 
learning; classification; 
PointNet; neural network 

4 
Deep Learning and Real-
Time Systems 

353 16.8 Dominant 
deep learning; real-time 
processing; framework; 
detection; pipeline 

5 
Virtual Heritage and 
Cultural Experiences 

228 10.9 Intermediate 
virtual reality; augmented 
reality; immersive; cultural 
experience; interaction 

6 
Digital Twin and 
Manufacturing 

41 2.0 Minor 
digital twin; manufacturing; 
simulation; sensor 

7 
Remote Sensing and 
Aerial Survey 

12 0.6 Minor 
remote sensing; UAV; aerial 
survey; satellite 

8 
Structural Health 
Monitoring 

4 0.2 Minor 
structural; monitoring; damage; 
health 

9 AEC Industry Review 2 0.1 Minor 
AEC; industry; review; 
construction 

10 
Computer Vision and 
Registration 

1 0.05 Minor 
computer vision; registration; 
feature matching 

Total  2,100 100.0   
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Note: Percentages are rounded and may not sum exactly to 100. Document counts for the minor 
topics (6-10) are derived from their corpus shares. The 2026 records (partial year) are included in these 
descriptive totals but excluded from the temporal and growth-rate analyses. 

5. DISCUSSION 

5.1. The Computational Turn in Digital Heritage 

The findings reveal a clear computational turn in architectural heritage research, characterized 
by a shift from technology-driven documentation toward AI-mediated interpretation and automation. 
The dominance of Topic 1 (34.9%) and the rapid growth of Topics 3 (16.9%) and 4 (16.8%) indicate 
that the field has moved decisively beyond the question of "how to capture heritage data" toward "how 
to automatically interpret and classify heritage information." This transition echoes broader 
developments in computational social science and digital humanities, where machine learning 
methods have transformed analytical paradigms [26]. These proportions are reported in Table 5 and 
visualized in Figures 4 and 9. 

However, the temporal analysis suggests that this computational turn is uneven. While 
perception-oriented AI tasks (segmentation, classification, detection) have matured rapidly, 
generation-oriented AI applications (automated reconstruction, style transfer, heritage design 
synthesis) and prediction-oriented applications (deterioration forecasting, risk assessment) remain 
relatively underexplored. This imbalance represents both a knowledge gap and a strategic research 
opportunity. 

5.2. The HBIM-AI Convergence 

The strong presence of HBIM-related research in Topic 2 (17.7%) and its sustained growth 
trajectory highlight the increasing convergence between Building Information Modeling and AI for 
heritage applications. The automated scan-to-BIM pipeline, which combines point cloud data with 
deep learning-based element recognition to generate semantically enriched building models, has 
emerged as one of the field's most technically sophisticated and practically impactful research 
directions [27, 28]. This convergence is particularly significant because it bridges the gap between 
geometric documentation and information-rich digital representations that can support heritage 
management, conservation planning, and adaptive reuse. The sustained growth of this cluster is 
evident in the comparative growth-rate analysis (Figure 9, Table 5). 

5.3. Knowledge Gaps and Underexplored Areas 

The topic modeling analysis reveals several notable gaps in the current literature. First, ethical 
and epistemological considerations of AI in heritage are virtually absent from the topic structure. 
Questions about algorithmic bias in heritage classification, the representational politics of automated 
documentation, and the implications of AI for heritage communities' agency over their cultural 
patrimony have not coalesced into a distinct research stream. Second, participatory and community-
oriented approaches to AI-driven heritage are underrepresented. The dominant paradigm remains 
expert-driven and technology-centered, with limited engagement with the social dimensions of 
heritage [29]. Third, the Global South is underrepresented in the corpus, both as a research context 
and as a source of scholarly contributions. This geographical imbalance raises concerns about whose 
heritage is being digitized and whose intellectual frameworks are shaping the AI tools used for heritage 
interpretation. Although scholarship from regional contexts beyond Western Europe and North 
America is expanding, as recent Turkish studies on heritage documentation and AI-assisted 
segmentation demonstrate [32, 33, 34, 35, 36], the corpus remains concentrated in a small number of 
geographic and institutional centers. 

Fourth, the integration of AI with intangible heritage dimensions, such as oral histories, ritual 
practices, spatial narratives, and sensory experiences, remains largely unexplored within the 
architectural heritage literature. The field's focus on physical fabric and geometric data, while 
technically necessary, risks perpetuating a materialist bias that undervalues the social and 
phenomenological dimensions of architectural heritage [30]. Fifth, cross-disciplinary integration with 
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emerging paradigms such as explainable AI (XAI), federated learning for distributed heritage 
databases, and large language models for heritage knowledge extraction represents virtually 
untouched research territories that could yield significant contributions. 

5.4. Methodological Implications 

This study demonstrates the utility of computational topic modeling as a complement to 
conventional bibliometric methods. Compared to keyword co-occurrence analysis, LDA reveals latent 
thematic structures that are not dependent on author-assigned keywords, which may lag behind 
conceptual developments or use inconsistent terminology. Compared to citation network analysis, 
topic modeling captures thematic relationships without the temporal lag inherent in citation patterns. 
The combination of LDA with temporal trend analysis provides a dynamic picture of how research 
priorities shift, something that static bibliometric snapshots cannot offer. 

The methodological framework employed here (systematic retrieval from dual databases, 
PRISMA-compliant selection, and LDA topic modeling with temporal analysis) is replicable and 
adaptable to other domains within architectural and heritage research. Future studies could extend 
this framework by incorporating BERTopic or other transformer-based topic models that leverage 
contextual word embeddings for more nuanced thematic classification [31]. Sentiment analysis of 
abstracts could reveal attitudinal shifts toward particular technologies, while author co-occurrence 
networks layered onto topic structures could illuminate the social organization of knowledge 
production. 

5.5. Toward Long-Term Preservation: Heritage Digital Twins and GLAM Integration 

A further implication concerns the long-term institutional stewardship of the technical outputs 
generated by AI-driven heritage workflows. The HBIM models, semantically segmented point clouds, 
and architectural digital twins that dominate the corpus (Topics 1 to 4, Table 5) are typically produced 
as project deliverables rather than curated as durable cultural assets. Realizing their preservation 
value will require integrating these data products into the data architectures of galleries, libraries, 
archives, and museums (GLAM institutions), whose mandates already encompass long-term digital 
curation. Embedding heritage digital twins within GLAM repositories, supported by interoperable 
metadata standards, persistent identifiers, and open preservation formats, would allow AI-generated 
reconstructions and classifications to be versioned, audited, and reused across successive 
conservation cycles. This perspective reframes the digital twin not as the endpoint of documentation 
but as a living component of cultural memory, positioning GLAM data infrastructures as the natural 
custodians of the field's accumulating technical knowledge. 

6. CONCLUSION 

This study has provided a comprehensive computational analysis of the research landscape at 
the intersection of artificial intelligence and digital architectural heritage, mapping the thematic 
structure, temporal evolution, and emerging trajectories of 2,100 peer-reviewed publications from 
2016 to 2026. The findings contribute to the field in several ways. 

First, the ten identified topics provide a structured taxonomy for an inherently interdisciplinary 
field, revealing a strong orientation toward automated geometric data processing and interpretation 
(Topics 1 to 4) alongside a distinct but proportionally declining virtual-heritage stream (Topic 5, Table 
5). 

Second, the temporal analysis demonstrates that the field is undergoing a paradigm shift from 
documentation-centric to interpretation-centric research. The rise of semantic segmentation and deep 
learning applications, coupled with the relative decline of conventional photogrammetric processing, 
signals a maturation trajectory in which AI is moving from a supplementary tool to a core analytical 
capability in heritage practice. 

Third, the identification of knowledge gaps, particularly regarding ethical dimensions of AI in 
heritage, participatory approaches, Global South representation, intangible heritage integration, and 
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emerging AI paradigms (XAI, LLMs, federated learning), provides strategic direction for future 
research. These gaps represent not only intellectual opportunities but also practical necessities for 
ensuring that AI-driven heritage tools are inclusive, equitable, and culturally responsive. 

For heritage researchers, the findings suggest strategic value in moving beyond proof-of-
concept AI demonstrations toward studies that address implementation challenges, stakeholder 
engagement, and policy integration. For AI researchers, the heritage domain offers rich opportunities 
for developing domain-adapted models that must contend with irregular geometries, heterogeneous 
materials, and culturally sensitive classification categories that differ fundamentally from standard 
computer vision benchmarks. 

Future research directions emerging from this analysis include: (1) the development of heritage-
specific AI benchmarks and training datasets that represent the diversity of global architectural 
traditions; (2) the integration of large language models with heritage knowledge bases for automated 
documentation and interpretation; (3) the design of explainable AI frameworks that make automated 
heritage classifications transparent and contestable; and (4) longitudinal studies tracking the adoption 
and impact of AI tools in heritage conservation practice. Building on Section 5.5, a fifth priority is the 
integration of AI-generated heritage digital twins into the data architectures of GLAM (galleries, 
libraries, archives, and museums) institutions, ensuring their long-term preservation as durable 
cultural assets. 
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