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 a b s t r a c t

Windows play a significant role in the livability and sustainability of buildings, such as energy efficiency, natural 
lighting, and ventilation; therefore, they are increasingly important subjects of surveys and analysis for both new 
and existing buildings. Many automated window detection (AWD) workflows have been studied to extract win-
dows’ properties; however, a generalized model of the underlying technologies and practical guidelines remains 
lacking for both newcomers and industry practitioners. Therefore, this paper aims to address the following ques-
tions: (1) the scope and general workflow of AWD; (2) the trends regarding AWD key components; and (3) the 
pathways of key component (e.g., data source, attribute, storage, and method) selections to fit the application 
scenario. Four decision trees, trained on 105 technical papers collected in accordance with the PRISMA standard, 
achieved an average F1-score of 80.3% and accuracy of 88.1%. This paper contributes the first comprehensive 
review of AWD, with a general ‘sandwich’ model, a comprehensive analysis of advanced technologies, trends, 
and future directions, as well as three-step guidelines for practitioners.

1.  Introduction

Sustainable development of buildings is increasingly recognized 
worldwide. Buildings serve as primary hotspots of resource consump-
tion and environmental impact [1], with windows constituting major 
components of buildings that significantly contribute to this overall im-
pact. Windows are openings in walls, doors, or rooftops that serve both 
physical (e.g., light exchange, air circulation, enhancement of indoor 
thermal comfort, and sound transmission) and psychological (e.g., im-
provement of mental health, facade articulation, and aesthetic enjoy-
ment) functions for residents [2–7]. Windows’ potential environmen-
tal impacts include energy consumption and greenhouse gas emissions 
during the construction, operation, and demolition phases [1,8]. Addi-
tionally, windows are key elements in the analyses of flood, wind, and 
fire damage risks when evaluating potential environmental damage [9]. 
Therefore, proper design, construction, and maintenance of windows are 
essential for promoting sustainable building development and support-
ing the United Nations’ Sustainable Development Goal 11 (SDG 11) [10].

Digital twin buildings (DTBs), virtual replicas of physical buildings, 
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have been increasingly incorporated into building life-cycle projects in 
the past decade under the concept of Construction 4.0 [11]. Typical 
DTBs encompass acquisition, transmission, modeling, data/model inte-
gration, as well as service layers [12]. DTBs provide dynamic data in-
puts that, in conjunction with digital models, further support reasoning 
functionalities beyond those enabled by static models such as building 
information model (BIM) [13,14]. These reasoning functionalities in-
clude project progress monitoring, construction information exchange, 
building energy performance simulation and evaluation, and building 
maintenance optimization [15–17]. Digital twin windows, the exten-
sion of DTB, can therefore empower window information modeling and 
enable building life-cycle applications.

Automated window detection (AWD) refers to an automated work-
flow that aims to detect window-related information, such as position, 
shape, and condition. The dynamic digitalized windows can serve as 
the basis for model and data/model integration layers in DTBs, owing 
to the intermediary role of windows in real-time interaction with the 
built environment. AWD can further support DTB-based life-cycle rea-
soning in response to increasing sustainability demands, such as light 
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Fig. 1. Examples of detected window attributes and DTB applications in the literature. (a) Window sizes from a building in the temperate zone [21]; (b) Window 
types from a building in the arid zone [22], with the application of semantic enrichment modeling; (c) Window positions and opening statuses from a building in 
the cold zone [23], with the application of window open behavior analysis.

and visual comfort design in design phase, construction robotics moni-
toring in construction phase, and monitoring carbon dioxide emissions 
in O&M phase  [18–20].

AWD has been studied in many cities using advanced remote sensing 
and detection technologies. For example, window positions and open-
ing status were examined in Harbin City, which is located in a cold re-
gion, as shown in Fig. 1c. Various data sources and technologies are em-
ployed in the AWD workflow due to the significance of window-related 
attributes, such as position, size, and type, for DTB applications. Typ-
ical data sources include imagery, point clouds, and thermal cameras, 
which are used to collect information on windows’ open or closed sta-
tus, geometric shapes, types, materials, and other relevant details. Both 
rule-based and learning-based methods are applied across multiple dis-
ciplines to refine AWD workflows.

Various applications of AWD have been implemented in the architec-
ture, engineering, and construction (AEC) industry. Multidisciplinary re-
search from other fields, such as geoscience, remote sensing, and instru-
mentation, also involves AWD applications. The applications of AWD 
can be categorized into two types: semantic enrichment and window se-
mantics for reasoning. Specifically, the shape of detected windows can 
first be enriched as semantic information in 3D BIM (i.e., Scan-to-BIM) 
and city information models (CIMs) for managing and analyzing build-
ing information [24,25]. Furthermore, window semantics also enable 
various DTB simulations and reasoning tasks. For example, the open-
ing status of windows is utilized to monitor changes in window opening 
behavior [23]; the position of windows is combined with facade area 
to calculate the window-to-wall ratio [26]; the type of window is uti-
lized to refine BIM models [22]; moreover, the shapes of windows can 
be utilized to monitor construction progress [27].

However, a new researcher or practitioner in related fields may find 
AWD perplexing despite its fundamental role in DTB-related functions. 
Existing AWD workflows, including objectives, methods, and outcomes 
of AWD tasks across various applications, remain fragmented. Besides, 
they differ substantially in their pipelines and level of automation, in-
cluding data source selection, feature engineering, model storage, pro-
cessing methods, and intended application. For example, data sources, 
such as LiDAR point clouds and imagery, vary across the construction 
project stages to support information management [28–30]. As for fea-
ture engineering, energy simulation primarily focuses more on window 
open/close status [31], whereas building information extraction only re-
quires the existence and quantity of windows [32]. Despite its growing 
relevance, AWD lacks a systematic review to summarize the general in-
formation extraction process, and no structured guidelines are available 
to assist newcomers in the field. Existing literature usually considers 
AWD as a secondary element embedded in other industry-specific pro-
cesses or in narrowly scoped, task-specific scenarios [24]. Therefore, 

this paper aims to contribute the first review that summarizes the AWD 
model, workflow, and guidelines in AEC industry, thereby filling a gap 
in the literature.

The knowledge gap in the literature between AWD and related ap-
plications, therefore, can be summarized as the following research ques-
tions:

• What is the scope and general workflow of AWD?
• What are the technological advancements and trends regarding AWD 
data sources, attributes, methods, and applications in the literature?

• How can a practitioner select appropriate data sources, attributes, 
storage, detection methods, and pathways to fit the application sce-
nario?

This paper employs a mixed-methods research design to system-
atically answer the research questions. First, a conceptual ‘sandwich’ 
model of the AWD workflow is defined to summarize the scope and 
general processing steps. Then, a literature data collection process is 
conducted based on the conceptual model. To answer the second ques-
tion, the subsequent comprehensive literature review examines the de-
velopment trends of AWD data sources, attributes, methods, and appli-
cations. Finally, a decision tree approach is applied, with the authors’ 
moderation, to derive concise and comprehensive AWD guidelines from 
the existing workflows in the literature.

2.  Research methods

2.1.  Definition and conceptual ‘sandwich’ model of AWD

Window detection refers to the task of identifying interested 
attributes–such as the position, shape, and condition of windows–within 
a building, as an extension of object detection [33]. AWD denotes the au-
tomated workflows for collecting and processing information to accom-
plish window detection tasks. In DTB, AWD typically comprises work-
flows for defining requirements, collecting data and information, and 
executing techniques across three main layers [34]. Thus, requirements, 
data and information, and execution constitute the key steps of AWD.

Fig. 2 presents a conceptual ‘sandwich’ model of requirement-driven 
AWD studies as reviewed in this paper. The conceptual model outlines 
the general steps of AWD identified in the literature, which comprise 
three layers. The top layer is the DTB requirement layer, which includes 
construction phases in the lifecycle and application needs. The ‘meat’ 
layer in the middle is the data and information layer, comprising data 
sources, attributes, and model storage. The base layer is the execution 
layer, which primarily involves rule-based and learning-based (includ-
ing both traditional and deep learning) methods. In the model in Fig. 2, 
the initial application block in the requirement layer determines the 
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Fig. 2. Conceptual ‘sandwich’ model of AWD studies.

Table 1 
Value and notes of the seven components in the ‘sandwich’ model’s three layers.
 Layers  Components  Value  Notes  Example

Requirement

 Phase  Design  \  [35]
 Construction  \  [29]
 O&M  Operations and Management  [36]

Application

 Building information extraction  Extract Building high-level information (e.g., floor elevation, floor number)  [37]
 Construction robotics  Use automated robotics for building construction tasks.  [38]
 Damage simulation  Simulate damage impact on buildings (e.g., flood, winds).  [39]
 Energy simulation  Predict energy behaviour of buildings (e.g., thermal comfort, energy consumption)  [40]
 Heritage conservation  Technical activity towards historical buildings  [41]
 Semantic enrichment  Interchange and interoperate on a semantic level  [42]

Data & info.

Data source

 Drawings  Floor plan images/vectors of buildings  [43]
 IRT  Infrared thermography  [44]
 RGB camera  Camera that captures light in red, green, and blue wavelengths (RGB)  [45]
 BIM  Building information model  [37]
 LiDAR  Light Detection And Ranging  [46]
 RGB-D  Depth camera that provide both depth and RGB color information  [47]

Attribute

 Dimension  Estimate size like width and height of window  [48]
 Position  Estimate the location of window  [49]
 Shape  Estimate the geometry patch of window  [50]
 Status  Estimate whether window is close, open or half-open  [23]
 Type  Classify the window type (e.g., style)  [22]

Storage
 2D polygon  Store in 2D image  [51]
 3D model  Store in 3D data like BIM and Mesh  [52]
 Raw  Not specified  [53]

Execution

 Rule-based  \  Detect combined with rule and domain knowledge  [54]

Learning-based

 Classification  Distinguish type or style of windows  [28]
 GAN  Generative adversarial network  [55]
 Instance segmentation  Annotate windows boundary of each window  [56]
 Localization  Annotate windows position  [57]
 Semantic segmentation  Annotate windows boundary as a single category  [27]

contextual factors that inform the middle information layer of DTB. The 
bottom layer supports the data processing and the exchange of informa-
tion between the three components in the middle.

Table 1 lists the possible values and notes for the components of the 
‘sandwich’ model across the three layers depicted in Fig. 2. These values 
represent the component options utilized across the AWD literature.

In the top requirement layers, design, construction, as well as op-
eration and maintenance (O&M) are included in the phase component, 
aligning with the building lifecycle. The application component encom-
passes six key analytical categories. These application scenarios utilize 
the AWD results and further extend their relevance in published works, 
including semantic enrichment, building information extraction, con-
struction robotics, damage simulation, energy simulation, and heritage 
conservation.

The data and information ‘meat’ layer comprises six data sources 
(LiDAR, RGB camera, drawings, IRT, RGB-D, and BIM), five attribute 

types (shape, position, status, type, and dimension), and three storage 
formats (3D model, 2D polygon, and raw data). It is worth noting that 
RGB-D and LiDAR represent distinct data sources, as RGB-D technology 
is unsuitable for outdoor environments in AWD tasks.

In the base execution layer, the rule-based component refers to meth-
ods described in the literature that rely on domain knowledge and ex-
plicit rules (e.g., symmetry and similarity). In contrast, the learning-
based component encompasses five prevalent deep learning approaches 
identified in the literature: classification, localization, semantic seg-
mentation, instance segmentation, and generative adversarial networks 
(GANs).

2.2.  Literature search

The literature data collection was conducted according to the con-
ceptual model and the Preferred Reporting Items for Systematic Reviews 
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Fig. 3. PRISMA workflow.

and Meta-Analyses (PRISMA) standard, as illustrated in Fig. 3. The Web 
of Science academic database was used to identify relevant documents. 
The search strategy employed two groups of keywords: Group 1 targeted 
papers focused on window or opening detection ((window* OR open-
ing*) AND (detection OR recognition OR segmentation OR extract* OR 
parsing OR reconstruct*)), while Group 2 was designed to narrow the 
scope of the AWD domain to buildings only (architecture OR city OR 
cities OR building* OR facade*). The literature was screened from 2000 
to 2025 to reflect application trends.

To identify relevant literature, an initial screening was conducted 
based on the title, abstract, and keywords to select articles that matched 
the search criteria. In addition to sources from the AEC industry, 
application-oriented literature from computer science and remote sens-
ing fields related to buildings was included to provide a more compre-
hensive understanding of the diversity and trends of AWD across differ-
ent scenarios. Three duplicate entries and 1,743 out-of-scope publica-
tions were excluded. Furthermore, publications lacking one or more lay-
ers of the conceptual model–for example, remote sensing studies with-
out any analysis or application–were removed, totaling 90 publications, 
as illustrated in Fig. 3. The full texts of the remaining articles were ex-
amined to ensure comprehensive coverage. In total, 105 papers rele-
vant to the proposed review topic were collected, with the earliest pub-
lished in 2009; of these, 78 were journal articles and 27 were conference
papers.

2.3.  Literature analysis based on the conceptual model

The 105 selected publications were coded according to the compo-
nents of the conceptual model. A heat map based on the corresponding 
author’s affiliated institution for each publications was generated to re-
flect the distribution of AWD applications across different climate zones.

A Sankey chart was employed to visually represent the coded lit-
erature as an overview of the existing studies. The intertwined links 
in the Sankey chart denote the systematic and organized technological 
roadmaps in the literature. By examining the network representation of 
the shortlisted papers in relation to the conceptual models, we summa-
rized the general workflow of AWD.

This review examined the latest technological trends in applications, 
data sources, attributes, and methods related to AWD. Each component, 
along with all values presented in the Sankey chart, is depicted using a 
stacked bar plot. These trends demonstrate the current choices for AWD 
within the conceptual model.

2.4.  Guidelines compilation

A set of AWD guidelines is compiled based on the conceptual 
model and literature analysis. In the guidelines, each step was sum-
marized based on the reviewed publications. The AWD guidelines pro-
vide practitioners with a comprehensive map to choose the optimal 
methods for window detection. For researchers, the proposed guideline, 
in conjunction with technological advancements and trends, serves as 
a foundation for future research to explore more innovative research
concepts.

The selection procedures for components in the data and information 
layer and the execution layer were illustrated using a series of decision 
trees. Decision trees are interpretable methods widely used to derive 
insights from complex datasets across various disciplines [58]. Four de-
cision trees were constructed through in-depth analysis using OrangeML
(ver. 3.36) in Python (ver. 3.11). The decision tree algorithm’s primary 
parameter was set to ‘min_samples_split = 2, ’ while the rest of the pa-
rameters were set to their default values. The input variables for the 
data and information layer were defined as requirement layer compo-
nents (i.e., application and phase), while input variables for the execu-
tion layer were set as data source and storage. Literature published after 
2020 was selected to ensure the methods reflect current practice. Un-
suitable or outdated options were manually excluded based on findings 
from the literature analysis. Methods, processing steps, and applications 
were manually synthesized from the selected publications.

Literature published after 2020, indexed by Scopus but not by Web 
of Science, was collected to validate the recommended decision trees. 
Validation metrics, including accuracy, precision, recall, and F1-score, 
were employed to demonstrate the accuracy and robustness of the four 
decision trees.
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Fig. 4. Map of source cities with climate zone of the 105 publications in Table A.1.

3.  Data extraction and analytical results

3.1.  Overview of 105 AWD publications

A total of 105 records of AWD technological pipelines were collected, 
of which the values of the seven components of the ‘sandwich’ model 
were manually encoded. Fig. 4 shows the origin cities with climate zone 
of the 105 publications. The majority of papers had original cities in 
the temperate zone (totaling 78), potentially because of diverse build-
ing typologies and high-density population densities in these regions. 
The most prominent cluster is concentrated in the temperate zone of 
Europe. Arid, tropical, and cold zones contained 15, 8, and 4 papers, 
respectively. No studies originated from polar zones, possibly because 
of the small population size and low-rise, low-density buildings.

Fig. 5 presents a Sankey chart of the 105 technical pipelines, high-
lighting the frequency and relationships among the coded components. 
The rectangles containing numbers within each subcategory indicate 
the total number of publications. Scenarios related to construction and 
building technology (C&BT) account for 60–over half of the 105 papers 
on AWD workflows, whereas computer science (CS)-centric scenarios 
contribute approximately 11% of the methods. This contrast demon-
strates that domain-specific datasets and application scenarios are cru-
cial to the success of AWD. Additionally, researchers from remote sens-
ing and computer science have primarily focused on applications in the 
operations and maintenance (O&M) phase, while publications from the 
C&BT domain span the entire building lifecycle, from design and con-
struction to O&M.

The input data sources can be classified into four categories: 2D 
(e.g., RGB camera, drawings), 3D (e.g., LiDAR point clouds with or 
without RGB information, and BIM), thermal (infrared thermography 
[IRT]), and multi-source data (e.g., combinations of IRT and RGB cam-
era). Among these, the most frequently used data sources were LiDAR 
and RGB cameras, which supported a range of applications from seman-
tic enrichment modeling to energy simulation. Drawings and BIM, as 
manually created data, were primarily utilized for semantic enrichment 
modeling in the O&M and design phases [28,35].

The majority of attribute detection focused on the shape, position, 
and spatial dimensions of windows. Additionally, seven papers focused 
on detecting the status of windows to predict energy consumption or 
heat usage. Three papers focused on categorizing windows by type to 
enhance the semantic enrichment of BIM.

The outcomes of AWD were integrated with 3D reconstruction tech-
niques, such as shape grammar and scan-to-BIM, resulting in a 3D 
model. 2D polygons are less utilized in the storage stage, with only lim-
ited applications. Raw data formats were exclusively used for storage 
purposes in 30 articles, as the primary requirement was to infer higher-
level data from the existence of windows, such as building floors, point 
cloud generation, and energy monitoring [45,59,60].

In the execution layer, window detection methods included 55 stud-
ies using rule-based approaches, while 50 studies employed deep learn-
ing. The majority of windows on building facades are characterized by a 
high degree of repeatability and symmetry. Therefore, the predominant 
and more established method utilizes these rules to detect the existence 
of windows, which can be applied to various data types based on the 
extracted primitives (e.g., lines, patches) [26,61]. Deep learning meth-
ods can be categorized into instance segmentation, semantic segmenta-
tion, localization, classification, and generative models, depending on 
the data inputs and application scenarios of AWD. The main advantage 
of deep learning is that it can recognize objects in scenes in cases such 
as occlusion and irregular windows [45,51].

The application of AWD encompasses six topics in the requirement 
layer: building information extraction, heritage conservation, robotics, 
damage simulation, semantic enrichment, and energy simulation. The 
majority of applications were related to semantic enrichment for 3D 
building models (totaling 50), which was addressed in both the design 
phase and the O&M phase. The remaining applications pertained to the 
O&M phase, except for robotics, which was exclusively utilized in the 
construction phase. This suggests that AWD applications play a crucial 
role in the O&M phase compared to other phases. Energy simulation was 
the second most prevalent type of application, with a total of 25 papers, 
which is reasonable given that the presence of windows significantly 
influences the thermal performance of buildings [57].
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Fig. 5. Sankey diagram of the relationships between Scenario, Phase, Application, Data Source, Method, Attribute, and Storage.

Fig. 6. General workflow of AWD.

3.2.  Generalized workflow of AWD

Fig. 6 shows the general workflow of AWD. Before detection, pre-
processing steps are essential to tailor the process to the specific at-
tributes of interest. For rule-based methods, the pre-processing of the 2D 
and 3D data sources differs slightly. 2D images, typically captured from 
a human perspective of street view, require perspective correction to en-
hance the accuracy of AWD results [60]. 3D-based methods commonly 
involve noise filtering and plane detection as standard pre-processing 
procedures [62]. Some 3D methods may also integrate 2D projection 
since 2D-based methods are more mature. After pre-processing, the win-
dow detection algorithm is applied. Rule-based methods typically ex-
tract primitives such as lines and patches, while learning-based methods 
directly utilize the preprocessed data. Once the windows are extracted, 
they are further processed or analyzed to satisfy specific application re-
quirements, such as 3D model reconstruction or window-to-wall ratio 
calculation.

3.3.  Current trends

Fig. 7a illustrates the trend of AWD applications in the requirement 
layer. It is evident that AWD’s use in semantic enrichment modeling, in-
cluding BIM and CIM, has consistently attracted the most attention in the 
sector. This was primarily because semantic enrichment models provide 
significant value for subsequent research, such as energy simulation and 
building asset management [63,64]. The growth trajectory of semantic 
enrichment modeling slowed after 2018, while energy simulation has 
exhibited a more obvious upward trend. This trend shift underscores 
the increasing emphasis on the urban thermal effect in current litera-
ture. The remaining applications, such as damage simulation, heritage 

conservation, and construction robotics, have remained relatively lim-
ited in number. The diversity of these application types highlights the 
significant potential of AWD within the AEC industry.

The trend of the input data sources for AWD is illustrated in Fig. 7b. 
LiDAR point clouds have been the most popular data source for seman-
tic enrichment modeling since the first paper in 2009, due to their abil-
ity to capture the three-dimensional characteristics of windows. Prior 
to 2022, the use of RGB cameras in AWD applications was less preva-
lent compared to LiDAR point clouds. However, after 2022, there was 
a significant increase in the use of RGB cameras, as evidenced by a rise 
in related applications, ranging from semantic enrichment modeling to 
energy simulation. Since 2021, IRT has been utilized for energy simula-
tion, as reported in up to seven papers. In contrast, the use of drawings, 
although considerably niche, has remained steady at approximately one 
publication per year since 2014.

The yearly statistics and trend of applied methods, i.e., rule-based, 
semantic segmentation, instance segmentation, localization, classifica-
tion, and generative adversarial networks, are demonstrated in Fig. 7c. 
Before 2018, rule-based methods were the predominant method. For 
instance, techniques such as utilizing symmetry and repetitiveness to 
identify buildings in aerial images [65], employing top-down rules infer-
ence to parse facade components [66], and detecting holes and edges of 
windows based on extracted primitives [49] were commonly adopted. 
Rule-based methods continue to be widely used after 2018, but focus 
more on 3D input data sources (19 out of 28). This shift was attributed 
to the scarcity and high cost of annotations of 3D training datasets for 
deep learning, in contrast to the abundance of publicly available 2D 
datasets.

Since 2018, with the advancement of computer vision technology, 
the application of deep learning in AWD has increased significantly. 
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Fig. 7. Trend of 105 publications from 2009 to 2025. (a) Application, (b) Data Source, (c) Method, (d) Attribute.

Initially, the classification methods, such as 2D convolutional neural 
networks, were employed to identify and classify unknown objects as 
windows [28]. Semantic segmentation methods emerged as the main-
stream approach since 2021 alongside rule-based methods, because they 
provide accurate pixel-level window detection results and have been ap-
plied in 26 studies [45]. In summary, there has been an increased in-
terest in utilizing deep learning to detect windows using 2D input data 
sources.

Fig. 7d demonstrates the trend of attributes for AWD. Despite the 
continued popularity of 3D data sources for AWD, research focused on 
detecting window dimensions has been relatively scarce in the past five 
years. Only six papers were published during this period, addressing 
3D thermal modeling, indoor building quality measurement, and energy 
simulation [48,64,67]. Shapes and positions have consistently been the 
primary attributes in this field. These findings underscore the inherently 
two-dimensional characteristics of windows in urban buildings.

In summary, AWD is being increasingly applied in building life-cycle 
management, consistent with the concept of DTB. The growing number 
of related publications and the diversity of application trends under-
score the potential for developing novel applications of AWD. Input data 
sources are becoming increasingly diverse. Learning-based methods are 
gradually supplanting rule-based methods in the execution layer.

4.  Guidelines for AWD and further application

4.1.  A three-step guideline

Fig. 8 presents the three-step guidelines for AWD proposed in this 
paper. The guidelines were developed primarily based on the technical 
workflows reviewed in the 105 publications. Additional moderation was 
made by the authors to enhance clarity and to incorporate complemen-
tary aspects that were insufficiently addressed in the existing literature.

Step 1: To confirm the data and information ‘meat’ layer to support 
the target application. The data and information ‘meat’ layer should ef-
fectively (correctly and accurately) and efficiently (less cost and waste) 
support the top application layer, according to the proposed sandwich 

model. To support a target application scenario, one should carefully de-
termine the three key factors–namely, data source, attributes, and stor-
age format–within the data and information layer. Three decision trees 
for guiding the selection of the factors are illustrated and explained as 
follows.

Fig. 9 illustrates the process of selecting an input data source. The 
primary recommended input data sources include RGB cameras, LiDAR 
point clouds, and drawings. LiDAR point clouds are primarily recom-
mended for applications that require highly accurate 3D positioning and 
geometric information in the construction and O&M phases [67–69]. 
RGB cameras are recommended for energy simulation, damage assess-
ment, and building information extraction, especially during the O&M 
phase. They provide high-resolution, vivid color images that can capture 
a window’s real-time position, shape, and status. Therefore, for applica-
tions that only require calculating window-related indicators or directly 
classifying window status, 2D imagery is a cost-effective choice [23,59]. 
One is recommended to use BIM, drawings, or IRT for updating the se-
mantic information of BIM components, semantic enrichment modeling 
during the design phase, and heat monitoring, respectively, as discussed 
in the literature [28,70,71].

Fig. 10 illustrates the window attributes to be prioritized in AWD. 
The typical detection attributes include shape, position, and status. 
Detecting windows’ 2D/3D shapes is sufficient and recommended for 
most applications, as indicated by the default ‘otherwise’ branches. 
There are two main exceptions. In energy simulation applications, 
status is employed to calculate window opening behaviors [72] and 
shape is used to estimate building energy consumption [73]. For her-
itage conservation during the O&M phase and semantic enrichment 
modeling at the design stage, detection of window position is rec-
ommended. However, if 3D reconstruction is required, shape detec-
tion should be prioritized [74]. Additionally, if higher-level seman-
tic information is needed (e.g., window type), other studies should be
consulted [22,37,75].

Fig. 11 displays the selection of a storage plan for the AWD system. 
Since 2009, the primary storage format has been 3D models, as indicated 
by the default ‘otherwise’ branches in Fig. 11. This trend is expected to 
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Fig. 8. Three-step guidelines for selecting a posteriori AWD systems.

Fig. 9. Decision tree for AWD data source selection.

Fig. 10. Decision tree for AWD attributes selection.

continue due to the extensive application support offered by semanti-
cally rich BIM and CIM models [25]. Additionally, 2D polygons and 
raw formats are recommended in damage simulation, robotics, and en-
ergy simulation applications. For example, flood risk possibilities can be 
precisely calculated based on extracted window 2D polygons [9]; real-

time robot movement paths can be detected [27]; and window opening 
behavior can be monitored using raw results [76].

Step 2: To build the ‘base’ execution layer. The method in the ex-
ecution layer can be determined based on the chosen data source and 
storage plan in Step 1. The guidelines for this step notably incorporate 
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Fig. 11. Decision tree for AWD storage selection.

Fig. 12. Decision tree for AWD method selection.

the authors’ moderation. In the existing studies, rule-based methods ac-
count for 55 out of 105, which is more than 52%. However, learning-
based methods have pushed the boundaries of computer vision [77] and 
have become increasingly popular in the AEC industry over the past five 
years (47 out of 63), as shown in  7c. Therefore, the guidelines below 
give more credit to the learning-based methods.

Fig. 12 shows the decision tree for the method to execute. Based on 
the data source and storage plan, the default recommendation method 
is learning-based. The recommendations for data sources of drawings 
and IRT vary according to the storage plan. More specifically, the use of 
rule-based methods was advocated for both 2D polygon and 3D models, 
whereas for raw format, the recommendation was to utilize learning-
based methods. The recommended methods for LiDAR and RGBD cam-
eras include both rule-based and learning-based. The final choice be-
tween rule- or learning-based methods may vary depending on the avail-
ability of training datasets (e.g., Ma et al. [27], Wei et al. [78]) and the 
complexity of the input data sources.

In general, rule-based methods offer a practical choice when there is 
a limited amount of training data. The edges of windows have stronger 
image gradients compared to other facade elements, which can be uti-
lized as a 2D-based data source [79]. Besides, pattern recognition based 
on similarity and symmetry can effectively detect windows [65]. Using 
rule-based methods with 3D-based inputs is more challenging than with 
2D-based inputs. This is because the invalid returns and reflections of 
LiDAR data result in holes in the scanned facades [80]. Nevertheless, 
several rule-based methods can still be applied to detect windows in 3D 
data. For example, splitting the 3D point cloud into slices to estimate 
the boundary points of windows [81], utilizing ray casting [82] to iden-
tify open areas in 3D space [83], and projecting 3D data onto 2D image 
spaces followed by applying edge detection algorithms [84] to identify 
window edges [52].

Learning-based methods have been well-proven for 2D data sources. 
The existing AWD methods can be categorized into localization, se-

mantic segmentation, and instance segmentation, ranging from coarse 
to fine. The localization-based methods (e.g., Faster-RCNN [85], 
YOLO [86]) can simultaneously provide the window category [22] and 
its position(i.e., bounding box) on the facade. However, such methods 
are insufficient for representing the detailed geometry of windows. For 
example, if the facade images are affected by perspective projection, 
rectangular windows may be represented inaccurately. The main rea-
son is that the parallel edges of windows undergo perspective projection 
and intersect at an invisible vanishing point [87]. In contrast, semantic 
segmentation-based methods (e.g., U-Net [88], Deeplab [89]) can more 
precisely estimate the pixels belonging to windows, though they may 
fail to distinguish between individual adjacent windows. By combining 
the above two approaches, instance segmentation-based methods (e.g., 
Mask-RCNN [90], SOLOv2 [91]) not only estimate the detailed geom-
etry of windows but also identify distinct window instances by parsing 
the window mask image.

The further selection for a specific method from the learning-based 
category varies with the level of requirements and window attributes. 
Localization-based methods are suitable for studies that need to monitor 
the status of window openings (e.g., open, closed, or half-open) [72] 
and analyze the relationship between window opening behavior and 
environmental factors [23]. Semantic segmentation-based methods are 
viable approaches to address tasks such as calculating the window-to-
wall ratio, which do not require explicit estimation of the position and 
shape of windows [26]. However, if one wants reverse engineering on 
the facade [92], instance segmentation-based methods would be a better 
choice [56,93]. Similarly, for both vectorized and rasterized drawings, 
instance segmentation-based methods [94–96] can effectively provide 
accurate information on the position and geometric details of window 
symbols.

Step 3: To implement and apply the constructed AWD. The third 
step is to realize and apply the AWD workflow. The primary principle 
of sensor placement is to obtain the best coverage of target windows, 
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such as capturing adequate lighting for the RGB camera and conducting 
multiple scans for the LiDAR. Sensor carriers encompass vehicles for 
large-scale low-rise building windows; drones for large-scale outdoor 
windows; Internet of Things devices for monitoring window/building 
status; and surveyors for individual buildings/scenes data collection [67,
97,98]. The dataset for training and execution can be obtained either 
by utilizing off-the-shelf datasets or by annotating using tools, such as 
labelImg [72].

The execution layer’s learning-based methods can often be obtained 
from official algorithm repositories, such as GitHub or HuggingFace, 
which typically contain pre-trained learning models and auto-pipelines. 
Training for 2D data sources can be conducted locally because of the 
relatively low computational cost, whereas LiDAR-based training is rec-
ommended to utilize online GPU rental services to accommodate higher 
computational demands. One should carefully examine the target at-
tributes before selecting a performance metric from classification met-
rics (primarily for instance segmentation), mean Intersection over Union 
(for semantic segmentation), and error metrics (commonly reported in 
rule-based methods).

Applying AWD results with post-processing DTB applications may 
need further transformation. For heritage conservation and semantic 
enrichment modeling, windows function as digital assets directly [73]. 
In energy simulation, raw window data facilitate the calculation of 
window-to-wall ratios by orientation and climate-based daylight met-
rics [99]. Some scenes parsing applications convert detected results into 
graphs to incorporate human knowledge [65] or classify room types 
[100]. Therefore, the detected results must be further transformed ac-
cording to the final intended use. The detected results can be stored on 
local/cloud disks or in BIM based on the transformed results.

4.2.  Validation

Table 2 presents the validation results for the four decision trees. The 
validation set shown in Table A.2 comprised 21 AWD papers from Sco-
pus but excluded by Web of Science; so the validation set contained no 
items in the training data. The 21 papers pertain to the DTB life-cycle 
phases, too. The overall accuracy was satisfactory, with a mean accu-
racy of 88.1%, precision of 92.1%, and F1-score of 80.3%. Therefore, 
the proposed guidelines and decision trees are reliable and robust for 
practitioners conducting AWD and DTB applications.

Table 2 
Validation results of the guidelines consisting of four decision trees on 21 
more AWD papers from Scopus.
 Metric  Data Source  Attribute  Storage  Method  Average
 Accuracy (%)  85.7  81.0  85.7  100.0  88.1
 Precision (%)  88.9  88.9  90.7  100.0  92.1
 Recall (%)  92.3  71.4  60.0  100.0  80.9
 F1-score (%)  89.0  73.8  58.4  100.0  80.3

The majority of cases were correctly classified. Some focused on 
building energy in the O&M stage across five DTB applications. For ex-
ample, for enhanced building energy simulation, Kim et al. [101] uti-
lized aerial imagery to detect windows and store them as LoD-3 3D-
Model, as shown in Fig. 13d.

In data source selection, three cases mismatched our guidelines. Two 
papers aimed at building information extraction in the construction 
phase, and one for heritage conservation in the O&M phase [102–104]. 

Fig. 13. Demonstrative case of decision trees. (a) decision tree for data source; (b) decision tree for storage; (c) decision tree for method; (d) final storage illustration 
of building energy model [101].
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A reason was the training data had no camera-based cases for construc-
tion monitoring. This gap highlights the diversity, growing demand, and 
importance of AWD.

The decision tree for attribute selection achieved the lowest accu-
racy (81.0%) and F1-score (58.4%), primarily because the position in-
formation derived from localization-based methods remains relatively 
infrequent across the 105 publications, especially in energy simulation 
[101,105]. Further, three misclassified cases in storage selection pre-
dominantly involved semantic enrichment in the O&M phase, damage 
simulation in the O&M phase, and building information extraction in the 
construction phase [102,106,107]. These misclassified cases, neverthe-
less, provide valuable examples that enrich the potential data sources, 
attributes, and storage options available to non-expert layman users.

5.  Discussion

5.1.  Comprehensive review of AWD

5.1.1.  General observations
The diversity of DTB application categories does not inherently re-

flect a corresponding level of innovation in AWD techniques. Specifi-
cally, most studies have focused on the end-use aspects of DTB appli-
cations. However, AWD methodologies are often repeatedly applied or 
yield only incremental advancements.

Input data sources are typically limited to unimodal and small-scale 
datasets. Most studies primarily utilize a single modality for feature ex-
traction, with any additional sources serving only as supplementary in-
formation, although multiple data sources are discussed in the literature. 
Furthermore, input data are frequently limited to small-scale samples, 
rather than being applied at the scale of urban buildings.

The literature predominantly emphasizes attributes intrinsic to the 
window itself, rather than contextual information, such as the associated 
unit, floor level, or material properties. The predominant storage format 
is three-dimensional, which is favored due to its portability and versa-
tility. In addition, several proprietary models, such as building energy 
models augmented with window-based energy simulation data, have 
been developed to address specific, niche applications [64].

Deep learning, as an emerging technology, is increasingly replac-
ing traditional rule-based methods. These learning-based approaches are 
primarily supervised and necessitate carefully annotated datasets. Ad-
ditionally, it is noteworthy that the execution methods utilized in AWD 
tend to lag behind the most recent advancements in computer science, 
such as vision-language models.

The validation of detected windows is contingent upon the execu-
tion methods utilized and the role of windows within DTB applications. 
Notably, 29% of studies did not report window-level evaluation metrics, 
indicating that window detection is frequently regarded as a secondary 
outcome in DTB applications. Nevertheless, AWD results continue to 
impact the assessment of overall DTB application performance, as re-
flected by metrics such as the root-mean-square error of model distance 
in semantic enrichment modeling.

5.1.2.  Challenges
This section highlights the common issues and challenges identified 

in AWD across the reviewed studies, as informed by the proposed con-
ceptual model.
1) In the Requirement layer: Limited to individual buildings, lack of 

cross-style detection, and dependence on domain expertise.
The DTB applications of AWD are mainly focused on individ-

ual buildings. However, comprehensive window digital assets at the 
city scale are required to support data-driven analysis and resident-
centric applications at a fine-grained level. Moreover, few studies 
have investigated window detection across different building types 
and regions. The creation of AWD relies on domain expert knowl-
edge, semantic annotation, and algorithm execution, which increases 
the challenge of broadly adopting AWD in DTB applications.

2) In the Data and Information layer: Lack of multimodal data fusion, 
limited 3D dataset availability, low reusability of detected results, 
and insufficient contextual information regarding the window.

The detection accuracy of AWD is limited due to its reliance on 
a single input data source and corresponding limitations (e.g., oc-
clusion in 2D, glass reflection in 3D, and distortion in photorealistic 
CIM). The existing literature does not sufficiently address window 
detection through data fusion [27]. Additionally, current research 
primarily focuses on AWD utilizing 2D input; however, there is a 
lack of available datasets for 3D semantic segmentation of windows 
using deep learning techniques. The reusability of detected AWD re-
sults should be improved to facilitate the broader adoption of AWD. 
Finally, the absence of supplementary contextual information about 
the window, such as the associated unit and floor, poses a challenge 
for accurately locating the window within the DTB application.

3) In the Execution layer: Low robustness and applicability across win-
dow types and dataset sizes, lack of zero- or few-shot learning, and 
high computational costs.

The robustness of execution methods requires improvement. For 
instance, both rule-based and learning-based approaches struggle to 
reliably extract windows when window features (e.g., coordinates, 
color) are incomplete. The applicability of these methods is further 
challenged by small sample sizes and imbalanced data distributions, 
such as windows in rural areas or with uncommon shapes and styles. 
Furthermore, reducing the amount of required training data and min-
imizing dependence on domain expertise are necessary for advanc-
ing DTB applications. Finally, current methods are limited in terms 
of computational efficiency and power consumption in window de-
tection, which constrains the deployment of large-scale window de-
tection platforms, such as drones.

5.1.3.  Future directions
Fig. 14 illustrates three groups of future directions for AWD, based 

on the findings from the literature analysis, practical guidelines, the con-
ceptual model, and the identified challenges.

• Mapping emerging needs and demands: The influence of windows 
on urban residents is increasing due to the rapid and vertical ex-
pansion of urban environments. Drones are expected to significantly 
affect the daily lives of city dwellers in the near future [108]. Win-
dow views, noise, privacy perception, and real-time instance-level 
window operation represent potential DTB applications aimed at 
measuring and enhancing residents’ comfort [109–111]. In addition, 
building facade health monitoring and renovation also depend on the 
digitization of windows [60]. These emerging directions can broaden 
the requirements layer and further expand DTB applications.

• Cross-style window detection: Windows across different building 
types, such as commercial and rural buildings, represent feasible 
detection targets. For instance, commercial buildings are typically 
characterized by glass curtain walls with small openable panels. In 
contrast, rural buildings may exhibit irregular window patterns that 
are challenging for current execution methods to detect. Accurate 
detection of windows across diverse styles will enhance DTB appli-
cations, including assessments of energy consumption and indoor 
thermal insulation [112].

• Crowd-sourced city-wide cloud platform of windows: Although 
CityGML has established standards for various levels of detail (LoD) 
in building modeling, these standards are difficult to modify and 
have limited widespread adoption and application [113]. Advanced 
technologies for semantic mapping, geometry reconstruction, and 
specialized software integration can be incorporated into such cloud 
platforms. Additionally, data sharing protocols will facilitate large-
scale integration and reusability of AWD results, promoting the adop-
tion of DTBs throughout the entire building lifecycle.

• Multi-source, multi-modal data fusion: Both 2D and 3D window 
features offer unique advantages. For instance, 2D data captures con-
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Fig. 14. Potential future directions of AWD.

tinuous and complete glass surfaces, while 3D data provides distinct 
three-dimensional characteristics, such as window sills and frames. 
Integrating both modalities through deep learning and 3D Gaussian 
splatting may represent an effective approach for enhancing window 
detection.

• Version alignment of data sources and window assets: The same 
window assets across different data sources (e.g., photogrammetry 
models from Google Earth and governmental databases) may exhibit 
discrepancies, such as incomplete features in one source while being 
complete in another. Aligning the detected window versions from 
various platforms can yield more comprehensive and accurate win-
dow detection results.

• Encourage open-source 3D benchmark datasets: High-quality 3D 
benchmark datasets for window detection are needed. Such datasets 
will facilitate baseline model training and the evaluation of exe-
cution methods, thereby supporting the development of new algo-
rithms and reducing the learning curve for non-experts.

• Reconstruction of CIM and BIM models with high LoD: High LoD 
CIM or BIM models, with window details, serve as the foundational 
geometry of DTB applications [114]. Moreover, in BIM’s automated 
modeling, the low LoD of building components hampers building 
simulations across the entire lifecycle [115]. Thus, developing auto-
mated and cost-effective methods for high LoD CIM/BIM modeling 
is necessary to promote AWD and DTB applications.

• Extraction of contextual information for windows: Different 
building data sources encompass a range of information, from in-
trinsic attribute data to external contextual information. For exam-
ple, photorealistic CIMs represent the up-to-date and vivid appear-
ances of building facades. In contrast, architectural drawings de-
pict indoor layouts but are less digitized and may be misaligned 
with the constructed buildings. The automated integration of win-
dow information based on indoor and outdoor data sources (such 
as drawings and photorealistic CIM) represents a promising re-
search avenue for achieving comprehensive semantic enrichment of
windows.

• Adoption of advanced window detection methods: New deep 
learning models are emerging with the development of computer 

vision. The hybrid method can consist of the following potential di-
rections to improve the performance of window detection results: 
(i) Utilizing up-to-date 2D semantic segmentation models, such as 
Segment Anything [116]; (ii) Introducing vision-language models to 
assist in identifying errors in post-data processing steps, because of 
the multi-modality nature and large-scale pretraining on existing hu-
man digitalized knowledge; (iii) Utilizing interactive labeling to im-
plement few-shot learning to dynamically improve the model’s seg-
mentation capabilities, given the similarity of windows on a single 
building [117].

• Improvement of window detection methods based on domain 
knowledge: The 3D deep learning model architecture can be im-
proved by domain-characteristic-based adjustments, such as loss 
function design based on symmetry and repeatability, synthetic 
data generation and training, and contrastive learning to enhance 
3D scene understanding [118]. Additionally, 3D scene comple-
tion can be used to mitigate the effects of occlusion and glass
reflections.

• Development of low-cost, low-power algorithms: The large-scale 
window detection requires devices such as drones to collect city-
wide window information. Considering the high computational cost 
of current execution methods, algorithms with low computational 
cost and power consumption are needed.

5.2.  The sandwich model and guidelines

5.2.1.  Implications
The sustainable development of building life-cycle projects is in-

creasingly emphasized across many fields. Window detection plays a 
crucial role in various building life-cycle activities (e.g., design, con-
struction, and management) that align with the Sustainable Develop-
ment Goals (SDGs). The growing number of new buildings underscores 
the necessity of Automated Window Detection (AWD) at both the mi-
croscale (e.g., indoor facilities management) and the macroscale (e.g., 
urban energy consumption), with attributes being essential for both in-
door and outdoor windows.
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A systematic analysis of the current literature was conducted based 
on coded classification results, general workflows, and emerging trends. 
This paper further proposes a three-step guideline for newcomers 
aiming to develop applications based on AWD results. Four decision 
trees–covering data sources, attributes, storage plans, and methods–
demonstrate suitable options for users addressing specific application 
tasks. This guideline, combined with the conceptual model, reveals po-
tential connections between the three layers and seven components of 
application-driven AWD. It also provides new insights relevant to fields 
such as remote sensing, building engineering, building energy consump-
tion, and urban planning.

5.2.2.  Limitations and future work
This paper has several limitations that should be addressed in fu-

ture research. First, the literature review covers publications only up 
to December 2025. Given the rapid evolution of large models, regular 
updates–ideally every five years–are recommended to keep pace with 
advancements in the field. Second, the literature search was limited 
to the Web of Science and Scopus databases, which may introduce se-
lection bias. Third, only papers written in English were included, po-
tentially overlooking significant contributions from non-Anglophone re-
search communities. Although the applications span the entire building 
life cycle, there is a disproportionate focus on studies related to the Op-
eration and Maintenance (O&M) phase, which limits insights into the in-
tegration of design and construction phases using the proposed decision 
trees. The impact of rapid technological advancement on the conceptual 
model and guidelines needs to be assessed. Future research should val-
idate the robustness and accuracy of the proposed generic conceptual 
model and guidelines across diverse building life-cycle scenarios and 
applications in different regions.

6.  Conclusion

The digitalization of building assets provides a foundational platform 
for enabling applications throughout the building lifecycle in alignment 
with the Sustainable Development Goals (SDGs). Windows, as integral 
elements of the building envelope, play a pivotal role in functions such 
as air exchange and heat transfer. Consequently, accurate window de-
tection is essential for deriving high-level building information, estimat-
ing energy consumption, and monitoring human activities, among other 
applications. Although numerous studies have explored advanced appli-
cations that leverage automated window detection (AWD) results, the 
nature of the relationship between these applications and AWD remains 
insufficiently addressed.

Therefore, this paper establishes a clear definition of automated win-
dow detection (AWD) and introduces a conceptual ‘sandwich’ model 
comprising three layers–requirement as ‘top’, data and information as 
‘meat’, and execution as ‘base’–and six components: application, phase, 
data source, attribute, storage, and method. Utilizing the PRISMA stan-
dard and the proposed ‘sandwich’ model, 105 relevant publications were 
systematically collected, analyzed, and evaluated to assess a posteriori
status and trends of each component. Furthermore, a set of three-step 
guidelines is presented to assist prospective users: (1) selecting the input 
data source, attributes of interest, and information storage strategy; (2) 
determining the appropriate method to employ; and (3) processing and 
transforming the results. The four decision trees achieved an average 
accuracy of 88.1% in the validation set, pinpointing the reliability and 
robustness of our proposed guidelines and decision trees.

To the best of our knowledge, this paper presents the first compre-
hensive review of AWD applications in the AEC-related industry and 
provides full coverage of the literature from 2009 to 2025. It delineates 
the current status, prevailing trends, and key developments that inform 
the selection of critical factors for AWD-based applications. The pro-
posed three-step guidelines offer a practical framework for future re-
searchers and industry practitioners seeking to implement AWD-based 
solutions. Recommended future research directions include: investigat-
ing novel application domains, enhancing window detection across di-
verse building typologies, developing cloud-based platforms, integrating 
multi-source data fusion, harmonizing heterogeneous data versions, pro-
moting the development of 3D public datasets, refining high LoD CIM 
and BIM models, expanding window information repositories, adopting 
innovative detection methodologies, and advancing 3D learning through 
domain-specific knowledge. This review is limited to literature pub-
lished up to 2025 and relies exclusively on sources indexed in the Web of 
Science and Scopus databases and written in English. It is recommended 
that systematic reviews be conducted every five years to capture the 
evolving landscape of AWD research and validate its applicability across 
various stages of the building life cycle.
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Appendix A.  Literature database

Table A.1 
List of 105 cases of application-driven AWD.
 No.  Reference  Scenarios∗  Phase†  Application‡  Data Source§  Method  Attribute  Storage
 1  Becker [66]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 2  Chung et al. [65]  C.S.  O&M  Building Info.  LiDAR  Rule  Shape  3D-Model
 3  Meixner and Leberl [53]  R.S.  O&M  Semantic Enr.  RGB Camera  Rule  Position  Raw
 4  Meixner and Leberl [119]  C.&B. T.  O&M  Building Info.  RGB Camera  Rule  Position  3D-Model
 5  Truong-Hong et al. [120]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 6  Demisse et al. [121]  C.S.  O&M  Energy Sim.  LiDAR  Rule  Status  Raw
 7  Dumitru et al. [122]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Position  Raw
 8  Truong-Hong et al. [123]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 9  Tuttas and Stilla [21]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 10  Wang et al. [124]  C.&B. T.  O&M  Energy Sim.  LiDAR  Rule  Shape  3D-Model
 11  Xiong et al. [83]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 12  Riedinger et al. [125]  C.S.  O&M  Heritage Cons.  Drawings  Rule  Position  3D-Model
 13  Frommholz et al. [126]  R.S.  O&M  Semantic Enr.  RGB Camera  Rule  Shape  3D-Model
 14  Hong et al. [127]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 15  Liu and Qin [128]  R.S.  O&M  Semantic Enr.  LiDAR-RGB  Rule  Shape  2D-Polygon
 16  Sadeghi et al. [129]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 17  Arnaud et al. [130]  C.S.  O&M  Semantic Enr.  RGB-D  Rule  Position  3D-Model
 18  Colleu and Benitez [131]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Position  3D-Model
 19  Díaz-Vilariño et al. [132]  R.S.  O&M  Building Info.  LiDAR  Rule  Shape  3D-Model
 20  Gimenez et al. [133]  C.&B. T.  O&M  Semantic Enr.  Drawings  Rule  Position  3D-Model
 21  Jung et al. [134]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 22  Lachat et al. [135]  R.S.  O&M  Semantic Enr.  RGB-D  Rule  Shape  3D-Model
 23  Nguatem et al. [136]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 24  Paravolidakis et al. [137]  C.S.  O&M  Semantic Enr.  RGB Camera  Rule  Shape  3D-Model
 25  Valero et al. [52]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 26  Oskouie et al. [22]  C.&B. T.  O&M  Semantic Enr.  RGB Camera  Rule  Type  3D-Model
 27  Ruwanthika et al. [35]  C.&B. T.  Design  Semantic Enr.  Drawings  Rule  Position  2D-Polygon
 28  Bacharidis et al. [74]  R.S.  O&M  Heritage Cons.  RGB Camera  Rule  Shape  3D-Model
 29  Chen et al. [138]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  Raw
 30  Franz et al. [139]  C.&B. T.  O&M  Semantic Enr.  RGB-D  Rule  Shape  3D-Model
 31  Hao et al. [49]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Position  3D-Model
 32  Jung et al. [140]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 33  Lu et al. [75]  C.&B. T.  O&M  Semantic Enr.  RGB Camera  Classification  Shape  3D-Model
 34  Previtali et al. [141]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Position  3D-Model
 35  Wu et al. [142]  C.&B. T.  O&M  Semantic Enr.  Drawings  Rule  Position  Raw
 36  Cui et al. [143]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 37  Kim et al. [28]  C.&B. T.  Design  Semantic Enr.  BIM  Classification  Type  3D-Model
 38  Masiero et al. [68]  R.S.  O&M  Heritage Cons.  LiDAR  Rule  Position  Raw
 39  Shi et al. [62]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 40  Tang et al. [144]  R.S.  O&M  Semantic Enr.  RGB-D  Rule  Shape  3D-Model
 41  Van Ackere et al. [51]  R.S.  O&M  Damage Sim.  LiDAR-RGB  Instance  Dimension  2D-Polygon
 42  Zheng et al. [79]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Rule  Status  Raw
 43  Adán et al. [50]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 44  Dochev et al. [36]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Rule  Position  3D-Model
 45  Yin et al. [70]  C.&B. T.  Design  Semantic Enr.  Drawings  Rule  Shape  3D-Model
 46  Arjoune et al. [73]  R.S.  O&M  Energy Sim.  IRT  Instance  Shape  Raw
 47  Fan et al. [145]  R.S.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 48  Pexman et al. [61]  R.S.  O&M  Heritage Cons.  LiDAR  Rule  Position  3D-Model
 49  Touzani et al. [97]  R.S.  O&M  Energy Sim.  RGB Camera  Semantic  Shape  3D-Model
 50  Vor̆ís̆ek et al. [146]  C.S.  O&M  Semantic Enr.  LiDAR  Rule  Position  3D-Model
 51  Wang et al. [147]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Semantic  Shape  Raw
 52  Feng et al. [9]  C.&B. T.  O&M  Damage Sim.  LiDAR  Instance  Shape  3D-Model
 53  Golombek and Marshall [54]  R.S.  O&M  Building Info.  LiDAR  Rule  Shape  3D-Model
 54  Gu et al. [55]  C.&B. T.  O&M  Damage Sim.  RGB Camera  GAN  Shape  3D-Model
 55  Jarząbek-Rychard and Maas [148]  R.S.  O&M  Semantic Enr.  RGB Camera  Instance  Shape  3D-Model
 56  Jiang et al. [149]  C.&B. T.  O&M  Semantic Enr.  RGB Camera  Semantic  Shape  3D-Model
 57  Li et al. [150]  C.&B. T.  O&M  Energy Sim.  IRT  Semantic  Shape  Raw
 58  Luong et al. [31]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Rule  Status  Raw
 59  Murtiyoso et al. [59]  R.S.  O&M  Building Info.  RGB Camera  Semantic  Shape  Raw
 60  Pantoja-Rosero et al. [151]  C.&B. T.  O&M  Semantic Enr.  RGB Camera  Semantic  Shape  3D-Model
 61  Sun et al. [23]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Classification  Status  Raw
 62  Szcześniak et al. [26]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Rule  Position  3D-Model
 63  Tien et al. [57]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Localization  Status  Raw
 64  Wang et al. [38]  C.&B. T.  Con.  Robotics  LiDAR  Rule  Shape  Raw
 65  Wysocki et al. [152]  R.S.  O&M  Semantic Enr.  LiDAR  Semantic  Shape  3D-Model
 66  Xiao et al. [37]  C.&B. T.  O&M  Building Info.  BIM  Classification  Type  3D-Model
 67  Zhang and Aliaga [45]  C.S.  O&M  Building Info.  RGB Camera  Semantic  Shape  Raw
 68  Zhao et al. [100]  C.&B. T.  O&M  Building Info.  Drawings  Semantic  Shape  Raw
 69  Adán et al. [64]  C.&B. T.  O&M  Energy Sim.  LiDAR-IRT  Rule  Dimension  3D-Model
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Table A.1 
Continue.

 70  Biswanath et al. [44]  R.S.  O&M  Energy Sim.  IRT  Rule  Shape  3D-Model
 71  Johns et al. [29]  C.&B. T.  Con.  Robotics  IRT  Rule  Shape  Raw
 72  Liu et al. [72]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Localization  Status  2D-Polygon
 73  Lu et al. [60]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Instance  Position  Raw
 74  Walter et al. [71]  C.&B. T.  O&M  Energy Sim.  IRT  Semantic  Position  Raw
 75  Wei et al. [78]  R.S.  O&M  Semantic Enr.  LiDAR  Semantic  Shape  3D-Model
 76  Zeng et al. [69]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 77  Drobnyi et al. [47]  C.&B. T.  O&M  Building Info.  RGB-D  Rule  Shape  3D-Model
 78  Forth et al. [30]  C.&B. T.  O&M  Energy Sim.  LiDAR-RGB  Semantic  Shape  3D-Model
 79  Gu et al. [98]  C.&B. T.  O&M  Damage Sim.  RGB Camera  Semantic  Shape  3D-Model
 80  Knechtel et al. [43]  C.&B. T.  O&M  Semantic Enr.  Drawings  Semantic  Position  Raw
 81  Ma et al. [27]  C.&B. T.  Con.  Robotics  LiDAR-RGB  Semantic  Shape  Raw
 82  Ogawa et al. [56]  R.S.  O&M  Semantic Enr.  RGB Camera  Instance  Shape  3D-Model
 83  Pérez and Sánchez [41]  C.S.  O&M  Heritage Cons.  RGB Camera  Instance  Shape  3D-Model
 84  Surojaya et al. [96]  C.S.  O&M  Damage Sim.  RGB Camera  Instance  Position  2D-Polygon
 85  Tan et al. [67]  R.S.  O&M  Building Info.  LiDAR  Rule  Dimension  3D-Model
 86  Wang et al. [76]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Localization  Status  Raw
 87  Xia and Gong [32]  C.&B. T.  O&M  Building Info.  RGB Camera  Localization  Position  2D-Polygon
 88  Yoon et al. [153]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Localization  Shape  3D-Model
 89  Hu et al. [154]  C.&B. T.  O&M  Building Info.  RGB Camera  Semantic  Shape  Raw
 90  Wang et al. [155]  R.S.  O&M  Semantic Enr.  RGB Camera  Semantic  Shape  3D-Model
 91  Chen et al. [156]  C.S.  O&M  Building Info.  RGB Camera  Localization  Position  Raw
 92  Chang et al. [157]  C.S.  O&M  Semantic Enr.  Drawings  Semantic  Dimension  3D-Model
 93  Su et al. [158]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Semantic  Shape  3D-Model
 94  Yoon et al. [159]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Localization  Shape  3D-Model
 95  Suppa et al. [40]  R.S.  O&M  Energy Sim.  RGB Camera  Localization  Dimension  2D-Polygon
 96  Xie et al. [160]  C.&B. T.  O&M  Building Info.  RGB Camera  Semantic  Position  Raw
 97  Mirzabeigi et al. [161]  C.&B. T.  O&M  Energy Sim.  IRT  Semantic  Dimension  Raw
 98  Liang et al. [46]  C.S.  O&M  Semantic Enr.  LiDAR  Semantic  Shape  Raw
 99  Ariss et al. [39]  C.&B. T.  O&M  Damage Sim.  RGB Camera  Localization  Shape  3D-Model
 100  Zhang et al. [48]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Localization  Dimension  3D-Model
 101  Yavariabdi et al. [162]  C.&B. T.  O&M  Damage Sim.  RGB Camera  Semantic  Position  Raw
 102  Hany et al. [163]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Semantic  Shape  3D-Model
 103  Fan et al. [164]  C.&B. T.  O&M  Damage Sim.  IRT  Semantic  Position  Raw
 104  Zhao et al. [42]  R.S.  O&M  Semantic Enr.  LiDAR  Localization  Shape  3D-Model
 105  Mehraban et al. [165]  C.&B. T.  O&M  Semantic Enr.  RGB Camera  Semantic  Shape  3D-Model

∗ RS = Remote Sensing, CS = Computer Science, C&BT = Construction & Building Technology
†O&M = Operations and Management, Con. = Construction
‡Enr. = Enrichment, Info. = Information extraction, Sim. = Simulation, Cons. = Conservation
§IRT = Infrared Temperature Sensor

Table A.2 
List of 21 cases for validation collected from Scopus.
 No.  Reference  Scenarios∗  Phase†  Application‡  Data Source§  Method  Attribute  Storage
 1  Zhu et al. [166]  C.S.  O&M  Semantic Enr.  RGB Camera  Semantic  Shape  Raw
 2  Lu et al. [167]  C.S.  Design  Semantic Enr.  Drawings  Semantic  Position  3D-Model
 3  Pan et al. [168]  C.&B. T.  O&M  Semantic Enr.  LiDAR-RGB  Semantic  Shape  3D-Model
 4  Xing et al. [106]  C.&B. T.  Design  Building Info.  Drawings  Localization  Position  Raw
 5  Yu et al. [169]  R.S.  O&M  Building Info.  LiDAR  Localization  Position  Raw
 6  Haznedar et al. [170]  C.&B. T.  O&M  Heritage Cons.  LiDAR-RGB  Semantic  Shape  Raw
 7  Pantoja-Rosero et al. [171]  C.&B. T.  O&M  Damage Sim.  RGB Camera  Semantic  Shape  3D-Model
 8  Chua and Cheah [102]  C.&B. T.  Con.  Building Info.  RGB Camera  Localization  Shape  2D-Polygon
 9  Dai et al. [172]  C.&B. T.  O&M  Building Info.  RGB Camera  Semantic  Shape  Raw
 10  Escalada [173]  C.&B. T.  O&M  Building Info.  RGB Camera  Semantic  Shape  Raw
 11  Fotsing et al. [174]  C.&B. T.  O&M  Semantic Enr.  LiDAR-RGB  Rule  Shape  3D-Model
 12  Li et al. [175]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Rule  Shape  3D-Model
 13  Mehranfar et al. [176]  C.&B. T.  O&M  Semantic Enr.  RGB Camera  Localization  Shape  3D-Model
 14  Ro and Gong [107]  C.&B. T.  O&M  Damage Sim.  RGB Camera  Semantic  Shape  Raw
 15  Chowdhury et al. [105]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Localization  Position  3D-Model
 16  Duan et al. [177]  C.&B. T.  O&M  Semantic Enr.  RGB Camera  Localization  Position  3D-Model
 17  Hou et al. [104]  C.&B. T.  O&M  Heritage Cons.  RGB Camera  Semantic  Shape  Raw
 18  Lai et al. [103]  C.&B. T.  Con.  Building Info.  RGB Camera  Localization  Position  Raw
 19  Zhong et al. [178]  C.&B. T.  O&M  Building Info.  RGB Camera  Semantic  Shape  Raw
 20  Forouzandeh et al. [179]  C.&B. T.  O&M  Semantic Enr.  LiDAR  Semantic  Shape  3D-Model
 21  Kim et al. [101]  C.&B. T.  O&M  Energy Sim.  RGB Camera  Localization  Position  3D-Model

∗ RS = Remote Sensing, CS = Computer Science, C&BT = Construction & Building Technology
†O&M = Operations and Management, Con. = Construction
‡Enr. = Enrichment, Info. = Information extraction, Sim. = Simulation, Cons. = Conservation
§IRT = Infrared Temperature Sensor
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