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Background: In an era of rapid media technology and AI advancement, deep 
learning (DL)-driven visual images (VI) is emerging as a critical mode of cultural 
transmission (CT). Despite the growing application of DL in the VI domain, there 
is a lack of a systematic review that comprehensively explores its transmission 
pathways, mechanisms of influence, and associated challenges. This study aims 
to systematically explore the pathways and impacts of DL-driven VI in CT and 
identify key trends and issues in the field through a systematic scoping review 
of existing literature.
Methods: This review analyzes 18 studies published between 2015 and 2024. 
The literature search was conducted across five databases: WOS, ScienceDirect, 
Scopus, ACM, and A&HCI. The research was undertaken rigorously following the 
Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension 
for Scoping Reviews (PRISMA-ScR) guidelines, ensuring systematic selection, 
extraction, and analysis of the identified studies.
Results: The study analyzed the literature from four aspects: transmission 
pathways, content, technology, and cultural context, identifying three main 
research areas: (1) the influence mechanisms of AI and social media on 
cultural transmission; (2) the role of VI in cross-cultural communication; and 
(3) the application of AI and digital technology in the conservation of Cultural 
Ecosystem Services (CES). The study finds that AI-driven visual technologies 
significantly enhance the breadth and impact of CT, particularly through DL 
algorithms. However, the field faces critical challenges such as algorithmic bias, 
cultural homogenization, and the reliability of user-generated content.
Conclusion: By systematically synthesizing the existing literature, this study 
provides a theoretical foundation for future research and points to emerging 
research directions, such as how to use DL to address ethical challenges in 
cultural communication and explore the differences in the application of DL 
and VI in different cultural contexts.
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1 Introduction

Human behavior, shaped by preferences, beliefs, and norms, is 
partly a result of genetic evolution and partly acquired through 
generations via learning and other forms of social interaction 
(Panchanathan, 2024). This transmission occurs through both inter-
generational and inter-generational social interactions and is referred 
to as CT (Bisin and Verdier, 2025). CT is a unique human behavior, 
central to which is the high-fidelity replication of cultural traits 
(Crema et al., 2024), accurately copying elements, values, and customs 
so that each generation can build upon the knowledge and practices 
of the previous one (Hewlett et al., 2024). This process distinguishes 
human culture from that of non-human primates and is a key 
mechanism in fostering intercultural understanding, respect, and 
global diversity (Legare, 2017). While traditional CT media such as 
language, writing, and rituals have deep historical roots, they are 
prone to information loss during cross-temporal and cross-spatial 
transmission, resulting in discontinuities in CT (Della Lena and 
Panebianco, 2021; Schönpflug, 2008).

Against this backdrop, VI has increasingly become a vital mode 
of CT. As one of the primary channels for CT, imagery has a long 
history (Eerkens and Lipo, 2007). From prehistoric cave paintings to 
medieval religious art, and from modern photography to digital 
media, the patterns and impacts of image dissemination have evolved 
alongside technological advancements (Homer, 1998; Robb, 2020). 
Early images were primarily used to record societal values and 
religious beliefs, while modern VI focuses on the immediacy and 
diversity of visuals, effectively conveying different cultural lifestyles, 
societal values, and aesthetic ideals (Heise, 2004; Mirzoeff, 1999). 
With the rapid development of globalization and digital technologies, 
the widespread use of visual media has greatly enhanced the efficiency 
of CT and facilitated emotional resonance between individuals, 
especially in cross-cultural communication, where the influence of VI 
now surpasses that of traditional textual communication (Fahmy 
et al., 2014).

Compared to textual dissemination, VI’s intuitive nature breaks 
down language barriers, extending the reach and scope of cultural 
transmission (Soreanu and German, 2022). The dissemination of urban 
imagery and landscapes utilizes VI to vividly depict the historical and 
cultural evolution of cities, making it an effective CT tool for 
showcasing unique cultural characteristics and historical heritage (Bai, 
2023; Huang and Yang, 2016). While VI demonstrates significant 
advantages across various CT domains, its limitations are equally 
evident. Due to its intuitive and emotionally resonant nature, VI is 
regarded by scholars as an effective tool for fostering intercultural 
understanding (Mirzoeff, 1999). Despite these challenges, AI 
technology presents new opportunities to enhance the application of 
VI in CT. By combining AI, VI has significantly accelerated the global 
flow of CT (Somaini, 2023). Moreover, integrating AI and digital 
technologies offers innovative solutions for preserving and 
reconstructing cultural heritage, such as image restoration driven by 
DL and the digital reconstruction of virtual cultural sites (Basu et al., 
2023). The advances in AI technology, especially DL, provide innovative 
solutions to these challenges with their powerful image processing and 
generation capabilities, playing a core role in the cultural transmission 
of visual imagery (Li and Wang, 2022; Somaini, 2023). DL plays a core 
role in the CT of VI through its powerful image processing and 
generation capabilities. This study primarily focuses on DL algorithms 

such as Convolutional Neural Networks (CNNs) (Xia et al., 2025), 
Large Language Models (LLMs) (Luo et  al., 2025), and Natural 
Language Processing (NLP) (Jiang et al., 2023). However, despite its 
breakthroughs, AI’s limitations in generating and disseminating VI 
remain substantial, particularly regarding dataset representativeness 
and the simplicity of algorithmic designs, which could introduce biases 
in the CT process (Laba, 2024; Shahbazi et al., 2023).

Current reviews on CT, especially those focusing on VI, still 
exhibit certain limitations in scope and methodological frameworks 
(see Appendix A). First, these studies have not sufficiently addressed 
the complexity and diversity of CT mechanisms, often focusing on a 
single perspective or partial analysis. For example, the study by Wang 
et  al. focuses solely on gamification in cultural heritage, without 
considering the broader applications of VI (Wang et  al., 2024). 
Similarly, Romanazzi et al. limit their analysis to economic evaluation 
methods based on a single database (Romanazzi et al., 2023). Research 
by Plieninger et al. and Scholte et al. lacks a systematic review and 
focuses solely on ecological service systems (Plieninger et al., 2015; 
Scholte et al., 2015), while Hegetschweiler et al. concentrate only on 
the European context (Hegetschweiler et al., 2017).

In the context of the AI era, exploring pathways and methods for 
VI in CT can promote the effective dissemination and preservation of 
cultural heritage across regions. The specific research questions are 
as follows:

	 1.	 What are the scientific outcomes and geographical distributions 
of studies related to VI in CT (e.g., country distribution, 
publication years)?

	 2.	 Which DL has been used?
	 3.	 What are the CT themes and VI processing methods?
	 4.	 What platforms and dissemination paths can be  used for 

VI-based CT?
	 5.	 What are the impacts of different forms of VI processing on CT?

This study systematically explores the pathways and impacts of VI 
in CT, examining its potential for CT. By comprehensively addressing 
these topics, this research contributes to understanding how VI affects 
CT and identifying key trends and issues in the field of VI research in CT.

2 Methods

2.1 Search strategy

This study employs the PRISMA method for conducting a 
systematic scoping review, aiming to enhance the transparency and 
reproducibility of the literature screening process. The literature 
searches spans five databases: Web of Science, ScienceDirect, Scopus, 
ACM Digital Library, and A&HCI. The PRISMA approach ensures the 
structural rigor of the research process while increasing the 
transparency and consistency of the review process. This systematic 
scoping review adheres to the guidelines outlined in the Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses extension 
for Scoping Reviews (PRISMA-ScR).

The literature search was conducted on November 20, 2024, using 
search terms including “image,” “image vision,” “computer vision,” 
“cultural,” “cultural transmission,” “cultural communication,” “public,” 
and “service.” The search strategy included the following steps: (1) a 
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preliminary screening in all databases to exclude irrelevant studies; 
(2) removal of duplicate references using EndNote 21.4 software; (3) 
detailed screening of titles and abstracts to identify studies relevant 
to the research topic; and (4) full-text review to exclude studies that 
were not directly related to the research topic. The specific search 
formula is shown in Table 1 (The PRISMA-ScR checklist is provided 
in Appendix B).

2.2 Data selection and extraction

All retrieved records were imported into the reference management 
software EndNote version 21.5, and duplicate entries were removed 
using the software. Two independent reviewers (JY and TL) screened 
the titles and abstracts of the articles based on predefined inclusion 
criteria. In cases of discrepancies between the reviewers, a third 
reviewer (PP) was consulted to reach a consensus. The inclusion 
criteria (see Table 2) for selecting studies were as follows: (1) research 
involving the application of VI in CT; (2) involves the specific 
application of CT and inheritance; (3) VI studies based on AI 
technology; (4) studies presenting original research; (5) published 
between 2015 and 2024; (6) full text in English.

2.3 Data charting

A data extraction form was developed based on the scoping 
review methodology guidelines provided by the Joanna Briggs 
Institute. After conducting a preliminary trial with five articles, the 
form was revised to enhance its effectiveness and accuracy. The 
form includes the following key data extraction items: author, 
publication year, country, AI technology, topic, VI type, target 
group, dissemination platform, dissemination path, and findings. 
Data extraction was performed by two independent reviewers, and 
any discrepancies were resolved through consultation with a senior 
reviewer to ensure the accuracy and consistency of the 
extracted data.

2.4 Collating, summarizing, and reporting 
the results

During this process, all three authors concurred on narrowing the 
scope of categories to ensure that they specifically address the research 
questions of this study. Descriptive statistics were employed to 
systematically organize, summarize, and report the results. The 
findings were presented in a narrative format, complemented by 
figures and tables to enhance clarity.

3 Results

As illustrated in Figure 1, a total of 15,743 articles were retrieved 
through the systematic search. After removing duplicate entries using 
EndNote software, 15,461 articles remained. Two reviewers independently 
screened the titles and abstracts, excluding 15,395 articles that were not 
directly related to the research topic and 17 non-English articles. Studies 
focusing on image usage in advertising and marketing, corporate image 
construction, and body image perception were excluded due to their lack 
of direct relevance to the CT theme. Additionally, excluded studies 
primarily emphasized the functionality of images in business, education, 
or health promotion rather than the specific analysis or application of 
CT. The remaining 49 articles underwent a thorough evaluation by both 
reviewers, resulting in the exclusion of 30 articles. Ultimately, 18 articles 
were included in the scope evaluation of the system (see Table 3).

3.1 Publication characteristics of studies

Figure 2 illustrates the annual evolution trend of the included 
literature. The time series indicates that relevant research began in 
2015, gradually developing thereafter, and reaching a peak in 2022 
with a total of four studies published. During the COVID-19 
pandemic, the closure of cultural institutions and the global shift to 
online spaces prompted a transition of cultural content toward virtual 
engagement. This increased the need to explore the role of digital and 
virtual media in CT, which may explain the rise in publications in 
2022 and the following year (Li et al., 2022).

Regarding the geographical distribution of the research, Figure 3 
displays the number of contributions by country and region. China 
published six papers, accounting for 33.3% of the total, temporarily 
leading the field. China has 56 cultural and natural heritage sites listed 
on the UNESCO World Heritage List, ranking second globally. This 
leadership is likely closely related to the rapid development of China’s 

TABLE 1  Selected databases and search formats.

Database Search formula

WOS

ALL = ((Image OR “Image vision” OR “Computer vision”) AND 

(Cultural OR “Cultural transmission” OR “Cultural 

communication”) AND (Public AND Service))

ScienceDirect

(Image OR “Image vision” OR “Computer vision”) AND 

(Cultural OR “Cultural transmission” OR “Cultural 

communication”) AND (Public AND Service)

Scopus

(“Image” OR “Image vision” OR “Computer vision”)

AND (“Cultural” OR “Cultural transmission” OR “Cultural 

communication”)

AND (“Public” AND “Service”)

ACM

(Image OR “Image vision” OR “Computer vision”) AND 

(Cultural OR “Cultural transmission” OR “Cultural 

communication”) AND (Public AND Service)

A&HCI

ALL = ((Image OR “Image vision” OR “Computer vision”) AND 

(Cultural OR “Cultural transmission” OR “Cultural 

communication”) AND (Public AND Service))

TABLE 2  Inclusion and exclusion criteria.

Inclusion criteria Exclusion criteria

Research on the application of VI in CT Study on the application of non-VI in CT

Involves the specific application of CT 

and inheritance

Studies that focus only on culture, not 

on the process of transmission

VI research based on AI technology VI research not based on AI technology

Research type articles
Review articles, theses, non-academic 

publications, book chapters, etc.

Published between 2015 and 2024 Published outside the 2015–2024 range

Full text in English Full text in other languages
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digital cultural industry in recent years and government support for 
visual culture research. At the regional level, Asia dominates with ten 
articles, representing 55.6%, followed by Europe with six articles 
(33.3%), and North America with two articles (11.1%).

3.2 AI technology

In the included studies, the majority employed DL algorithms for 
AI-based VI processing in CT applications, particularly CNN. 11 
studies utilized CNN to process and generate image data. CNN has 
significant advantages in handling image data, enabling tasks such as 
image classification and detection. Secondly, cloud computing was 
used for data processing in two studies. Image processing often involves 
textual data; for example, input text data can be transformed into VI 
through generative AI, thereby involving LLM and NLP. However, HCI 
and XAI were less frequently employed in the research (see Figure 4).

3.3 Research topics

The thematic classification identified 18 topics across seven major 
categories. CES evaluation and utilization was the most prominent, 

encompassing five topics, highlighting researchers’ focus on assessing 
and applying CES in various contexts, essential for urban planning and 
environmental management. Landscape & environmental management, 
as well as urban image & perception, included four and two topics, 
respectively, emphasizing the role of landscape management and urban 
image in enhancing sustainability and residents’ quality of life. 
Classification systems and recreation & aesthetic evaluation each 
comprised two topics, indicating the need for specific classification 
methodologies and aesthetic value assessments. Cultural heritage and 
technology in urban Studies featured one and two topics, respectively. 
This reflects the increasing recognition of cultural heritage tourism and 
emerging technologies, such as hybrid 3D virtual museums and 
generative AI, in enriching cultural experiences and research. Overall, 
the distribution of topics underscores current academic interests in CES, 
landscape management, and technological applications (see Table 4).

3.4 Target group

The analysis reveals that social media users (36%), tourists (28%), 
and urban residents (22%) are the primary target groups across the 
studies. The frequent combination of these groups highlights the 
importance of social media in urban and tourism research, as well as 

FIGURE 1

PRISMA flowchart.

https://doi.org/10.3389/fcomm.2025.1645168
https://www.frontiersin.org/journals/Communication
https://www.frontiersin.org


Yang et al.� 10.3389/fcomm.2025.1645168

Frontiers in Communication 05 frontiersin.org

TABLE 3  Overview of study characteristics.

Authors, 
year, 
country

AI 
technology

Topics Visual 
image type

Target 
group

Dissemination 
platform

CT path Findings

Su et al. (2023)

China
CNN

Perception of 

Urban Image

Landmark 

buildings, natural 

scenery

Urban residents, 

tourists
Weibo

Digital 

dissemination

Social media images 

influence urban image and 

cultural cognition

Cardoso et al. 

(2022)

Portugal

CNN CES evaluation

Natural 

landscapes, 

cultural heritage 

images

Social media 

users
Flickr, Wikiloc

Digital 

dissemination

Image classification 

supports CES evaluation 

and promotes cultural 

dissemination

Zhao et al. 

(2024)

China

SHAP (XAI)

Park 

accessibility 

and 

attractiveness

User-generated 

images

Urban residents, 

social media 

users

Weibo, WeChat

Digital 

dissemination, 

localization 

adaptation

Social media images 

influence cultural cognition 

of urban parks

Motte and 

McInnes (2019)

France

Human-computer 

interaction (HCI)

Estuarine 

landscape 

changes

Paintings, 

engravings, 

postcards

Citizens, tourists Specialized websites

Localization 

adaptation, 

digital 

dissemination

Artistic images enhance 

cultural understanding of 

coastal landscape changes

Huai et al. 

(2022)

China

CNN
CES evaluation 

in urban parks

Social media 

photos

Urban residents, 

tourists, social 

media users

Flickr
Digital 

dissemination

Social media photos and 

computer vision advance 

CES dissemination

Hoffmann 

et al. (2023)

Germany

CNN

Building 

function 

classification

Street view 

images

Urban residents, 

social media 

users

Flickr
Digital 

dissemination

Social media images 

contribute to cultural 

cognition of urban building 

functions

Richards and 

Tunçer (2018)

Singapore

CNN CES evaluation
Geo-tagged 

photos

Urban residents, 

tourists, social 

media users

Flickr
Digital 

dissemination

Image recognition 

technology improves 

efficiency in CES 

dissemination

Ferracani et al. 

(2024)

Italy

LLM

Cultural 

heritage 

tourism

Narrative tourism 

image

Urban residents, 

tourists
APP

Cultural 

inheritance

Ai-generated narratives and 

images that visually 

represent the user in the 

context of the story achieve 

good immersion and 

engagement

Eizenberg and 

Cohen (2015)

Israel

CNN

Cultural events 

and urban 

image

Urban 

landscapes, art 

exhibitions

Residents, 

tourists, art 

enthusiasts

Social media, 

exhibition spaces

Cross-cultural 

dissemination, 

localization 

adaptation

Cultural flagship events 

reconstruct urban image, 

enhance cultural identity

Shi et al. (2021)

Japan
CNN

River 

landscape 

management

River photos

Tourists, urban 

residents, social 

media users

Social media, 

traditional media

Digital 

dissemination, 

localization 

adaptation

Image recognition 

classification enhances 

cultural landscape 

dissemination

Van Berkel 

et al. (2018)

USA

Cloud 

Computing
CES evaluation

Natural 

landscapes, 

historical sites

Environmental 

researchers, 

social media 

users, tourists

Panoramio

Digital 

dissemination, 

localization 

adaptation

Social media and LiDAR 

enhance CES dissemination

Winder et al. 

(2022)

USA

CNN

Recreation 

activities and 

landscape 

evaluation

Social media 

images

Social media 

users, activity 

enthusiasts

Flickr
Digital 

dissemination

Open-source classifiers 

promote cultural 

dissemination of 

recreational activities

(Continued)
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the need to understand the dynamics between local residents and 
visitors. Additionally, the inclusion of niche groups points to diverse 
research interests that can be  further explored to enrich the 
understanding of cultural and urban ecosystems (see Figure 5).

3.5 Dissemination platforms

The analysis reveals that Flickr and social media are the 
predominant dissemination platforms, with usage frequencies of 41 
and 35%, respectively. This emphasizes the importance of visual 
content and social interactions in information dissemination. The 
strategic combination of multiple platforms underscores the need to 
reach a broader and more varied audience. While emerging 
technologies are currently underutilized, their potential for enhancing 
dissemination strategies is evident, presenting opportunities for future 
research and application. The integration of physical and digital 
dissemination methods also highlights the evolving landscape of 
information sharing, aiming for more comprehensive and effective 
communication (see Table 5).

3.6 The path of CT

The analysis reveals that digital dissemination (50%) is the 
predominant pathway for CT, highlighting its central role in 
contemporary cultural exchange. The strategic combination of digital 
dissemination with localization adaptation (22%) and social media 
dissemination (11%) underscores the importance of contextual and 

interactive approaches in enhancing the effectiveness of CT. Cross-
cultural dissemination (11%) also plays a notable role, reflecting the 
interconnectedness of global cultures. Cultural inheritance (6%) 
maintains a unique position, emphasizing the preservation of 
traditional cultural elements (see Figure 6).

3.7 Findings

The analysis of the findings reveals several key themes underpinning 
the mechanisms of CT within urban contexts. Social media images 
emerge as a predominant factor, influencing both urban image and 
cultural cognition across various domains such as urban parks, building 
functions, and coastal landscapes. Specifically, SMP facilitates the 
dissemination and enhancement of cultural understanding through 
visual content, as evidenced by multiple findings.

Image classification and recognition technologies play a crucial role 
in supporting CES evaluation and promoting broader cultural 
dissemination. These technologies enhance the efficiency and accuracy 
of disseminating cultural landscapes and intangible cultural heritage, 
leveraging tools such as computer vision, open-source classifiers, and 
multi-modal image classification. DL further augments CT by 
generating immersive narratives and facilitating aesthetic dissemination. 
The integration of advanced technologies like LiDAR, remote sensing, 
and 3D models enhances the depth and reach of cultural dissemination 
efforts, enabling more comprehensive and interactive cultural 
experiences. Cultural flagship events significantly contribute to the 
reconstruction of urban images and the enhancement of cultural 
identity. The use of unlabeled images presents both advantages and 

TABLE 3  (Continued)

Authors, 
year, 
country

AI 
technology

Topics Visual 
image type

Target 
group

Dissemination 
platform

CT path Findings

Lee et al. 

(2019)

Germany

CNN

Spatial 

distribution of 

CES

Social media 

images

Social media 

users, tourists
Flickr, Clarifai

Digital 

dissemination, 

social media 

dissemination

Unlabeled images exhibit 

advantages and limitations 

in cultural dissemination

Gosal and Ziv 

(2020)

UK

NLP

Scenic 

aesthetics 

evaluation

Social media 

images

Social media 

users, general 

public

Social media
Digital 

dissemination

Integration of social media 

and machine learning 

enhances aesthetic cultural 

dissemination

Fan et al. 

(2023)

China

CNN
ICH image 

classification

New Year 

paintings, clay 

sculptures

Social media 

users, tourists

Social media, 

exhibition spaces

Digital 

dissemination, 

cross-cultural 

dissemination

Multimodal image 

classification promotes ICH 

dissemination

You et al. 

(2022)

China

CNN
Forest eco-

tourism

Remote sensing 

imagery data

Social media 

users, tourists

Social media, remote 

sensing technologies

Digital 

dissemination, 

social media 

dissemination

Integration of remote 

sensing and social media 

enhances forest cultural 

value dissemination

Hu et al. (2017)

China

Virtual reality 

(VR)

Hybrid 3D 

virtual 

museums

Panoramic 

images, 3D 

models

Tourists, 

smartphone 

users

Unity 3D, web, 

smartphones

Digital 

dissemination

Panoramic images and 3D 

models enhance immersive 

cultural dissemination

Richards and 

Friess (2015)

Singapore

CNN
CES utilization 

evaluation

Social media 

images

Social media 

users, urban 

residents, tourists

Flickr
Digital 

dissemination

Social media data enables 

rapid response in CES 

dissemination
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limitations, indicating a need for balanced approaches in CT strategies. 
Overall, the findings underscore the synergistic interplay between social 
media, advanced image technologies, and DL in fostering effective CT.

4 Discussion

4.1 The role of AI technologies in visual 
imagery cultural transmission

DL enhances CT by generating immersive narratives and promoting 
aesthetic dissemination. Studies show that AI-generated narratives and 
images that visually present users in a story context can achieve good 

immersion and engagement (Dong, 2025). Image classification and 
recognition technologies play a crucial role in supporting CES evaluations 
and promoting broader cultural dissemination (Ju, 2024). DL improves 
the efficiency and accuracy of disseminating cultural landscapes and 
intangible cultural heritage by leveraging tools such as computer vision 
and multimodal image classification (Gîrbacia, 2024). Pre-trained CNNs 
have shown high effectiveness in accurately identifying cultural heritage 
elements from social media images (Belhi et al., 2021). For instance, some 
studies have used pre-trained VGG19 and Xception models to significantly 
improve the accuracy and efficiency of traditional cultural heritage image 
classification through transfer learning (Janković Babić, 2024). The 
integration of advanced technologies such as LiDAR, remote sensing, 
and 3D modeling enhances the depth and breadth of CT by creating 

FIGURE 2

Annual number of publications.

FIGURE 3

Regional distribution map of publications.
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interactive cultural experiences for urban populations (Y. Li et al., 2023), 
as such technologies enable computers to capture in-depth environmental 
data and generate artistic output based on sensing. A hybrid 3D virtual 
museum combines panoramic images and models to offer a more 
realistic and interactive cultural experience (Barrile et al., 2022).

4.2 The impact of social media platforms 
on visual imagery cultural transmission

Social media images, through a collective construction process, 
significantly influence cultural cognition and the formation of urban 
identity across different urban contexts (Loughran et al., 2015). Unlike 
the unidirectional dissemination of traditional media, SMP facilitate 
two-way cultural exchange through user-generated content and 
interactive functions (such as comments, reposts, and likes), encouraging 
users to actively participate in content creation and sharing (Eroglu, 
2023). This collective construction process significantly influences 
cultural cognition and enhances the role of visual content in promoting 
cultural understanding (Gooding, 2004). Moreover, real-time content 
dissemination on SMP significantly accelerates CT relative to the slower, 
fixed schedules of traditional broadcast media (Chukwu, 2023). On a 
technical level, image classification and recognition technologies play a 
crucial role in supporting CES evaluations and promoting broader 
cultural dissemination. These technologies, utilizing tools like computer 

vision and multimodal image classification, improve the efficiency and 
accuracy of transmitting cultural landscapes and intangible cultural 
heritage. Research indicates that platforms like Flickr and Weibo are core 
channels for disseminating visual content and facilitating social 
interaction (Liang et al., 2022).

4.3 Visual imagery and cross-cultural 
transmission

VI, due to its intuitive and universal nature, can transcend 
language barriers, simplifying complex cultural concepts and 
promoting understanding without the need for translation 
(Vishwakarma, 2023). For example, traditional Chinese New Year 
pictures express themes of happiness, good fortune, and prosperity 
through symbols like figures, animals, and plants, which helps 
audiences from different cultural backgrounds understand core 
Chinese cultural values (Welch, 2013). Algorithmic diversification 
strategies, such as “explore mode” and randomized recommendations 
(Fang et al., 2020), are effective in broadening users’ exposure to 
cross-cultural content by correcting the “filter bubble” effect often 
found in recommendation systems (Grossetti et al., 2021).

Furthermore, AI-driven visual technologies are pivotal in creating 
immersive and interactive cultural experiences that drive cross-cultural 
communication. In the context of digital cultural tourism, technologies 

FIGURE 4

AI technology type.

TABLE 4  Research topics.

Category Topics N

Evaluation and utilization of CES CES evaluation, evaluation in urban parks, Spatial distribution of CES, CES utilization evaluation 5

Landscape and environmental management
Park accessibility and attractiveness, estuarine landscape changes, river landscape management, 

forest eco-tourism
4

Urban image and perception Perception of urban image, cultural events and urban image 2

Classification systems Building function classification, image classification 2

Recreation and aesthetic evaluation Recreation activities and landscape evaluation, scenic aesthetics evaluation 2

Technology in cultural and urban studies Hybrid 3D virtual museums, generative AI in image generation 2

Tourism and cultural heritage Cultural heritage tourism 1
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like virtual tours and 3D modeling allow global audiences to explore 
cultural heritage sites and traditions regardless of physical distance 
(Napolitano et al., 2018). These visual mediums not only attract tourists 
but also serve as educational tools, enabling a deeper appreciation of 
diverse cultures. The application of AI in this domain transforms passive 
viewing into an active, engaging experience, fostering a more direct and 
personal connection between individuals and foreign cultures.

4.4 Challenges and risks posed by AI

Despite advancements, AI technology introduces several challenges 
in CT. A primary concern is algorithmic bias, as many AI models are 
trained on datasets dominated by Western aesthetic standards, leading 
to biases in recognizing non-Western cultural content. This can distort 
cultural heritage representations and exacerbate cultural inequalities 
(Gosal and Ziv, 2020). AI models often lack a deep understanding of 
cultural symbols and contexts, resulting in misinterpretations, especially 

with religious or historical images (Fan et al., 2023). Another significant 
risk is cultural homogenization and the loss of creativity. In creative 
fields, reliance on repetitive data can stifle innovation, leading to 
homogenized cultural products (Fan et al., 2023).

Privacy and data security also present pressing concerns. Training 
facial recognition models requires vast amounts of personal images, 
raising issues of privacy infringement (Su et al., 2023). AI can be misused 
to create fake images or videos, which can mislead the public and 
undermine social trust, such as fabricated political videos used as 
propaganda (SHI et al., 2021). To mitigate these issues, both technological 
and methodological improvements are essential. Expanding AI training 
datasets to include diverse cultural elements such as language, music, 
and text can help reduce bias (Fan et al., 2023). Incorporating cultural 
context into algorithm design through cultural tagging or building 
knowledge bases can enhance the understanding of cultural nuances and 
reduce misinterpretations (Huai et al., 2022). Developing explainable AI 
algorithms is crucial for improving transparency in decision-making and 
identifying potential biases (Huai et al., 2022).

4.5 Future directions

Future research should expand its methodological scope to 
provide more balanced insights into the application of AI and SMP 
in diverse cultural contexts. This can be achieved by incorporating 
a wider range of sources from various cultural backgrounds and 
conducting more nuanced analyses of the practical challenges and 
ethical implications. Additionally, the potential of digital tools 
such as VR, 3D modeling, and panoramic imaging to 
simultaneously strengthen cultural engagement and ecological 
conservation should be  explored. This could be  achieved by 
creating virtual tours of heritage sites that highlight both their 
cultural significance and the need for ecological protection. 
Ultimately, future studies should investigate the potential of 

FIGURE 5

Target group.

TABLE 5  Dissemination platform.

Category Topics N

Social media

Flickr

18
General social media

Weibo

Others (WeChat, Wikiloc, Panoramio)

Other Digital

Smartphones

6Specialized Websites, APP, Clarifai, Remote 

sensing Technologies, Unity 3D, Web

Physical Platforms
Exhibition spaces

3
Traditional media

Combined Usage Various Combinations 7
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user-generated content in supporting CES by developing 
collaborative cultural-ecological conservation models that foster 
public participation and promote conservation efforts.

4.6 Limitations

This scoping review has several limitations and strengths that warrant 
discussion. Many studies relied heavily on user-generated content from 
SMP, which inherently introduces biases. Factors such as sample selection, 
tagging practices, and subjective interpretations may distort the 
representativeness of cultural narratives. These limitations are 
compounded by the under-representation of diverse cultural contexts, 
particularly from regions with limited access to advanced technological 
tools. Addressing this imbalance would require broader geographic and 
demographic inclusion in future research. In conclusion, while this 
systematic scoping review provides valuable insights into the role of VI in 
CT, particularly in the era of DL, it is crucial for future research to address 
these limitations by expanding the scope of the literature review, 
incorporating a broader range of sources, and providing a more nuanced 
analysis of the challenges and practicalities of implementing AI and SMP 
strategies in diverse cultural contexts.

5 Conclusion

In this study, we conducted a systematic scoping review to analyze the 
role of DL-driven VI in CT. We have identified that DL-driven visual 
technologies, especially DL algorithms, significantly enhance the breadth 
and impact of CT. One of our contributions also highlighted key 
challenges, including algorithmic bias, cultural homogenization, and the 
reliability of user-generated content. Future research should focus on 
improving the inclusivity of DL algorithms, addressing biases in cultural 
representation, and enhancing the accuracy and authenticity of content 
through advanced image recognition technologies. This research provides 
a foundational framework for understanding the complex interplay 
between AI, VI, and CT, paving the way for more nuanced and effective 
applications in the future.
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