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ABSTRACT 

The global tourism industry is undergoing a rapid transition from traditional service-based models to 
those driven by multimodal data. As a key tourist destination situated in the heart of China's karst 
region, Guilin is rich in natural landscapes, cultural heritage, and multilingual tourism content. 
However, these resources are dispersed and fragmented, which hinders the integration required for 
effective smart tourism management. Despite substantial domestic research in areas such as 
geospatial multimodal fusion, tourism corpora, and geovisualization, these efforts are often siloed 
within individual disciplines and struggle to establish a cohesive system that links multimodal data 
integration, corpus construction, and visualization. This paper addresses these issues by reviewing 
the evolving trends in these three core fields and emphasizing the critical role of multimodal data 
integration, the function of tourism corpora as data storage and semantic linkage tools, and the 
transformative potential of visualization in making multimodal data more accessible and 
understandable. The study develops a framework for collaborative multimodal fusion, corpus 
support, and visualization output, focusing on Guilin as a case study. By integrating diverse datasets, 
such as terrain remote sensing data, images of scenic areas, tourist reviews, and spatio-temporal 
paths, this work provides valuable data support for Guilin's tourism strategy and fills gaps in domestic 
research on the integration of multimodal geospatial data, tourism corpora, and visualization. 
Furthermore, it proposes a transferable model for similar international tourist destinations, advancing 
interdisciplinary research at the intersection of geospatial information science and tourism 
management. 
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1. INTRODUCTION 

The global tourism industry is currently experiencing significant restructuring (World Economic 

Forum, 2025). With the increasing integration of artificial intelligence (AI), big data, and geographic 

information technologies, the industry is shifting from a traditional service-oriented model to one 

driven by multimodal data. This transition is not only a technological advancement but also represents 

a fundamental rethinking of how tourism supply and demand are matched. The widespread adoption 

of technologies such as high-resolution remote sensing satellites (RSS), unmanned aerial vehicles 

(UAVs), and social media has introduced a new layer of complexity to tourism information, which 

now includes visual images, text reviews, spatio-temporal paths, geospatial data, and other related 

forms (Fitzpatrick et al., 2024; Yang & Chen, 2025). Traditional decentralized models of information 

management, which rely on single databases and static text, can no longer meet the demands of smart 

tourism that require personalized services for tourists and dynamic decision-making for managers 

(Rogowski, 2020; Juan et al., 2024). Furthermore, multimodal information fusion technologies have 

overcome the limitations of single-modal data processing, enabling deeper semantic connections 
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through cross-modal attention mechanisms. Notably, systems like the multimodal machine learning 

classification system developed by Baltrušaitis et al. (2017) and the Vision-and-Language 

Transformer (ViLT) model proposed by Kim et al. (2021) have provided a framework for the 

integration of Guilin's tourism information, covering images, text reviews, and geospatial data. 

Additionally, visualization technologies, which serve as key carriers linking multimodal data and user 

cognition, are reshaping the transmission and interaction of tourism information (Qin & Pan, 2023). 

Their intuitive and interactive nature effectively reduces the cognitive load on users, enhancing 

decision-making efficiency. 

Currently, both domestic and international studies in geospatial multimodal fusion, tourism corpora, 

and geovisualization have made significant strides (Yang & Chen, 2025, on landscape planning 

models; Juan et al., 2024, on the Self-AM-V Trans algorithm; Šoltésová et al., 2025, on GIS-based 

tourism resource evaluation). However, existing research is mostly confined to specific technical 

dimensions and lacks a comprehensive, cross-disciplinary approach. As a key international tourist 

city in China's karst region, Guilin is home to various forms of tourism data, including natural 

landscapes, cultural heritage, and multilingual tourist reviews (Lan et al., 2022; Cao et al., 2023). 

Despite these abundant resources, the scattered nature of tourism information poses challenges for 

implementing an integrated tourism strategy. Issues such as the lack of connection between ecological 

data from the Lijiang River basin and tourist data from nearby scenic spots, and the separation of 

historical information about the Jingjiang Prince's Mansion from its physical context, create 

difficulties in both regional management coordination and efficient access to information for tourists. 

Additionally, domestic research has predominantly focused on isolated technological applications, 

which has led to challenges in interdisciplinary collaboration, platform integration, and the bridging 

of theory and practice. This has resulted in the failure to establish a complete chain from data fusion 

to corpus construction and visualization (Han et al., 2025). 

This study addresses these gaps by analyzing Guilin's tourism data, integrating multimodal geospatial 

information, and employing geovisualization technologies to construct a visualized tourism 

information corpus. This corpus combines multimodal data (e.g., geospatial coordinates, landscape 

images, and tourist reviews) and enables an intuitive visual presentation of the tourism landscape in 

Guilin. Its core value lies not only in supporting the city's tourism strategy but also in facilitating the 

sustainable development and intelligent management of the tourism industry. Moreover, the study 

advances domestic research in multimodal geospatial data fusion and tourism visualization 

technologies and offers a practical, transferable model for similar international tourist cities. 

2. DEVELOPMENT BACKGROUND OF MULTIMODAL INFORMATION 
FUSION IN GEOSPATIAL INFORMATION SCIENCE 

Since the 1990s, the emergence of Geographic Information Systems (GIS) has enabled researchers to 

investigate spatial information using computerized tools such as spreadsheets, databases, and graphic 

software. Maps have evolved from static representations into interactive geospatial data interfaces 

that facilitate data exploration and information acquisition (Kraak, 2003). At the same time, rapid 

advances in information science have transformed data storage, analysis, decision-making, and 

visualization. The explosive growth of complex multimodal data, together with the increasing 

demand for dynamic interaction, has accelerated the development of new information technologies 

such as virtual reality, machine learning, cloud computing, big data, and the Internet of Things (Lee 

& Kang, 2015). The fixed functions of traditional GIS are no longer adequate for handling the 

complexity of multimodal data (Shaw et al., 2008; Han et al., 2025). This has encouraged the 

application and optimization of cross-modal information fusion analysis, which has become a key 

approach to enhancing the understanding of complex geographical phenomena and supporting 

decision-making. The theoretical foundation of multimodal fusion lies in the interdisciplinary 

evolution of information fusion theory. Lahat et al. (2015) described multimodality as a framework 



 

128 

that enhances usability more effectively than single-modality systems. Originally applied to multi-

sensor data integration in the military domain, this theory has since expanded into geospatial 

applications. Within the context of information systems and human-computer interaction, 

Ramachandram and Taylor (2017) and Baltrušaitis et al. (2017) further refined the theory, defining 

multimodal information fusion as an interdisciplinary system that integrates information from visual, 

textual, and geospatial modalities to achieve semantic association and synergy. Its essence lies in 

enabling heterogeneous data to collaborate in ways that generate greater analytical and decision-

making value. This theoretical evolution provides a framework for integrating the heterogeneous data 

of Guilin's tourism sector, encompassing natural landscape imagery, cultural heritage texts, and the 

spatio-temporal paths of tourists. 

At the technical level, Furgale et al. (2013) jointly estimated the temporal offset and relative spatial 

displacement between measurements from different sensors. Serving as a bridge between theory and 

practice, their research offered technical guidance for synchronizing and calibrating multi-sensor data 

in tourism scenarios. Over the following decade, the use of electronic devices for tourism information 

acquisition became increasingly prevalent (Amadu et al., 2025), alongside significant advances in 

sensing technologies such as high-resolution remote sensing satellites, UAV-borne multispectral 

sensors, and IoT-based devices. For example, Arora et al. (2023) employed sensor technologies to 

monitor tourist flow within scenic areas, extending their application scope within tourism contexts. 

The smart tourism sensor network established by Tang et al. (2022) and the sensor research on trail 

tourist flow conducted by Madden et al. (2021) have further refined the use of sensing technologies 

in tourism information collection from system-level and scenario-specific perspectives. Rogowski 

(2020) combined infrared pyroelectric sensors with digital imaging and transmission technologies, 

overcoming data acquisition challenges in mountainous tourism areas and providing technical 

references for similar work in the karst mountain regions surrounding Guilin. 

Meanwhile, non-sensor-based methods of information acquisition have also gained traction. Global 

Positioning System (GPS) technology can accurately record tourists' outdoor movement paths, 

compensating for the limitations of sensors in capturing dynamic trajectory data. For instance, 

Bielański et al. (2018) examined outdoor leisure activities in protected areas using GPS tracking, 

while Jurado Rota et al. (2019) employed Volunteered Geographic Information (VGI) to monitor 

tourist movements in similar environments. Both studies offer valuable methodological references 

for acquiring tourist trajectory data in tourism research. Motion-sensing cameras have also been 

widely used to capture interactive imagery between tourists and landscapes, adding dynamic visual 

data that complement sensor-based information (Miller et al., 2017; Sitarz et al., 2018). The integrated 

use of tracking devices and emerging technologies has advanced tourism information acquisition 

toward multidimensional collaboration. Gao and Schmöcker (2021) recorded tourists' movement 

patterns using Wi-Fi data packet sensors, demonstrating a novel integration of static sensing data and 

dynamic path analysis. Similarly, research on IoT sensors by Sehrawat and Gill (2020), along with 

studies on smart wearable devices by Jovanov (2019), has contributed to the collection of behavioral 

data from tourists, broadening the range of device-linked information acquisition in tourism contexts. 

Together, these advancements have endowed geographic information science with robust multimodal 

data acquisition capabilities. They have led to the development of comprehensive systems 

characterized by multi-device, multi-dimensional, and multi-scenario data collection, thereby laying 

a solid foundation for subsequent multimodal data fusion and analysis. 

Traditional GIS has long been centered on geometric space, while multimodal fusion extends its 

analytical scope to include semantic and cognitive spaces. Tatane et al. (2024) and Chantrapornchai 

et al. (2018), for example, integrated textual emotion data with the spatial distribution of Points of 

Interest (POIs) to examine tourists’ perceptions of urban landscapes, thereby demonstrating the 

feasibility of fusing geometric and semantic spaces. Yang et al. (2024) conducted a case study of 

Xuanwu Lake in Nanjing, proposing a method for mining and visualizing cultural imagery related to 

tourist attractions. By combining cognitive dimensions, such as semantic network analysis of high-
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frequency terms, with emotional dimensions represented through pie charts and word clouds, they 

designed a mobile interactive cultural tourism map that enhanced communication within scenic sites. 

Recent advances in artificial intelligence, particularly deep learning and cross-modal attention 

mechanisms like Vision-Language Transformers, have provided crucial technical support for this line 

of research. Building on multimodal information fusion theory, Baltrušaitis et al. (2017) developed a 

multimodal machine learning classification framework that clarified the technical pathways for cross-

modal data processing, including feature extraction, alignment, and fusion. This laid the 

methodological foundation for multimodal semantic association in geospatial analysis. Similarly, the 

multimodal convolutional neural network proposed by Srivastava et al. (2019), which integrates map 

imagery and Google Street View features, achieved semantic consistency across modalities and 

expanded the framework established by Baltrušaitis and colleagues. Du et al. (2021) applied a multi-

scale semantic segmentation network and object-based methods to delineate detailed urban functional 

zones from remote-sensing imagery, extending multimodal semantic analysis to large-scale spatial 

planning. Song et al. (2025) combined mobile sensing technology with machine learning to perform 

semantic segmentation on panoramic images of Suzhou's classical gardens, enabling the evaluation 

of tourism space quality. This work demonstrates the practical adaptability of multimodal techniques 

and presents a transferable analytical paradigm for cultural and tourism contexts such as Guilin's karst 

landscapes and the Jingjiang Prince's Mansion.   

In practice, multimodal information fusion has been applied across various fields, including smart 

cities, public health, and smart tourism. Zhou et al. (2020) proposed a classification model for urban 

functional zones that confirmed the effectiveness of integrating frequency statistics with 

convolutional neural networks for multimodal data analysis. Seghieri (2023) designed an 

optimization framework for medical resource allocation, integrating geospatial, mobility, and 

healthcare data. This framework also offers a useful reference for coordinating tourism resources, 

visitor flows, and service infrastructure in Guilin. Yang and Chen (2025) further developed a rural 

tourism landscape planning model that incorporates geospatial data, social media imagery and text, 

and online tourist reviews. The resulting three-dimensional evaluation framework, emphasizing 

ecology, culture, and commerce, aligns well with Guilin’s multi-dimensional development needs, 

particularly in relation to its karst ecology, cultural heritage, and tourism economy.   

Research on multimodal fusion in geospatial information science not only enhances analytical 

precision but also contributes to holistic social development. It helps resolve practical challenges in 

fields like public welfare, urban management, and resource utilization, delivering both scientific and 

societal value. As a vital driver of regional economic growth, the tourism industry features strong 

spatial attributes, diverse data types, and flexible application scenarios, all of which align closely with 

the core capabilities of geospatial information science. This synergy not only provides a critical 

testing ground for multimodal fusion technologies but also stimulates their continuous refinement, 

forging a mutually reinforcing cycle between technological innovation and application practice.   

Even with these advancements, multimodal data fusion still faces several challenges. Dalla Mura et 

al. (2015) noted that fusing irrelevant data can distort analytical outcomes, highlighting the need to 

avoid misassociations between non-tourism social media data and tourism-related geospatial data in 

the context of Guilin. Another issue concerns multimodal data heterogeneity, as discussed by 

Baltrušaitis et al. (2017), which arises from differences in resolution, source, and consistency. In 

Guilin's tourism data, this problem is reflected in the disparity between the high resolution of remote-

sensing imagery and the unstructured nature of tourist reviews. Han et al. (2025) further emphasized 

the quality issues present in user-generated content, such as advertisements or malicious reviews, that 

need to be filtered out during data processing. These challenges represent key directions for 

improving the construction of Guilin's tourism information corpus, which this study aims to address. 
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3. RESEARCH BACKGROUND OF THE TOURISM INFORMATION 
CORPUS 

Several factors, including urbanization and the upgrading of tourism consumption, have jointly driven 

the digital transformation of the tourism industry (Vujko et al., 2025). Within this context, tourism 

information has gradually come to exhibit characteristics of multi-sourcing and heterogeneity (Cerba 

et al., 2015; Wang et al., 2022), which has rendered traditional management models insufficient to 

meet the current demands of smart tourism. In particular, tourists now seek personalized and 

immersive experiences (Juan et al., 2024), while management departments must monitor tourist flows 

and consumption preferences (Rogowski, 2020). For example, Hocevar et al. (2021) emphasized that 

tourism research should focus on regional dimensions like competitiveness and spatial structure, 

providing a theoretical basis for the regional orientation and focus of tourism corpora. Furthermore, 

Rogowski's (2020) work on tourist monitoring, along with Juan's (2024) research on route 

recommendation, introduces demands from both the management and user perspectives. These dual 

demands have contributed to the evolution of tourism information corpora from a focus on single-

text to a multi-modal integration approach. A corpus is defined as a collection of text fragments that 

reflect specific language variants or usage contexts and address targeted research questions (Clancy 

& Vaughan, 2023). Corpus linguistics theory forms the foundation for the systematic management of 

tourism big data (Qin et al., 2019). In the early stages of development, tourism corpora were primarily 

text-based. For example, Kirilenko et al. (2017) conducted sentiment analysis on tourism reviews, 

and Xu & Li (2016) performed text mining to assess hotel satisfaction. While these studies 

successfully applied text data, they lacked the integration of multi-modal and geospatial information. 

Recently, with the advancement of multimodal technologies, tourism corpora have started 

incorporating diverse data types, such as images and POIs coordinates. For instance, Maeda et al. 

(2018) utilized geotagged Twitter and Foursquare data to analyze variations in tourist preferences, 

establishing a connection between text and geospatial information. Wang et al. (2022) analyzed 

tourist distribution and sentiment through social media data, further clarifying the value of integrating 

multi-source data. Mattei (2024) quantified differences in tourism visual communication by 

classifying corpus data, supplementing the integration of text and visual information. These studies 

collectively contributed to the development of a multimodal tourism corpus, integrating text, visual 

information, and geospatial data, providing valuable insights for designing the multimodal data 

architecture of the Guilin tourism information corpus. 

As an essential part of digital technologies, a high-quality tourism information corpus can offer data 

support and underpin the digital transformation of the tourism industry, propelling the sector from 

basic informatization to digitalization and intelligentization (Yu, Min, et al., 2024). In tourism 

informatization, such corpora facilitate the identification of geographic entities and the extraction of 

relevant information. The 2023 European Common Tourism Data Space document issued by the 

European Commission highlights the potential of data sharing to break down data silos (European 

Commission, 2023), providing a policy basis for data integration in tourism corpora. Additionally, 

relevant text-based collections can support the targeted delivery of tourism products and AI-driven 

personalized recommendations, generating strategic commercial value (Lan et al., 2022; Shrestha et 

al., 2024). For example, the Self-AM-V Trans algorithm proposed by Juan et al. (2024) employs 

Vision Transformer (ViT) to extract image features and Long Short-Term Memory (LSTM) for 

sequential data encoding, addressing the challenge of linking visual and sequential information. The 

studies mentioned above have established a comprehensive pathway for the Guilin tourism 

information corpus to integrate multi-source data and support personalized recommendations. For 

instance, by integrating images of Guilin's scenic spots, multilingual reviews, and POIs data, the 

algorithm can generate personalized travel itineraries, such as a combination of a Li River cruise and 

a visit to Elephant Trunk Hill. 
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In geographic semantic analysis, multi-modal fusion emphasizes deeper semantic-level associations 

(Baltrušaitis et al., 2017). Both Chantrapornchai et al. (2018) and Tatane et al. (2024) have noted that 

ontology-based knowledge representation methods can effectively integrate semantic relationships 

within tourism corpora, enhancing the accuracy of semantic analysis and refining the processing of 

tourism texts. These methods can create tight semantic links between elements such as the Guilin 

landscape, karst landforms, Li River cruise, and Elephant Trunk Hill, offering a new solution to 

address semantic disconnection among natural landscapes, cultural heritage, and tourist behavior in 

the Guilin tourism context. This approach will improve the accuracy of the corpus's semantic analysis. 

For example, Malamatidou (2024) analyzed a multilingual tourism corpus and found that English 

texts focus on natural experiences, while French texts emphasize cultural atmosphere. This difference 

provides a basis for developing cross-cultural tourism destinations. In the context of Guilin’s 

positioning as an international tourist city, such corpus analysis can identify preference differences 

between English-speaking tourists, who focus on karst landscapes, and Japanese-speaking tourists, 

who are more interested in folk culture, thereby enabling targeted optimization of cross-cultural 

tourism services. 

As an international tourist city within the core karst region, Guilin has complex and diverse tourism 

information. However, its decentralized management model has limitations in effectively managing 

this information. For example, Lan et al. (2022) studied tourist reviews of high-star hotels in Guilin 

and found that multilingual reviews were not linked to geospatial data, hindering the precise analysis 

of tourist preferences. Additionally, unstructured data, such as videos of folk activities and texts about 

landscape legends, lacks systematic integration (Cao et al., 2023), making it difficult to design all-

inclusive tourism products. Therefore, it is crucial to use corpus technology as the core, integrating 

the geospatial-text fusion logic proposed by Maeda et al. (2018) with the semantic association method 

developed by Tatane et al. (2024) to consolidate Guilin's multi-source tourism information. This 

integration will enable the deep coupling of multi-modal data, geospatial information, and semantic 

analysis, driving the high-quality development of Guilin's tourism industry. 

4. APPLICATION OF VISUALIZATION TECHNOLOGY IN THE 
INTERSECTION OF GEOGRAPHY AND TOURISM 

Visualization technology serves as a powerful tool for extracting critical information and interpreting 

multimodal spatio-temporal data. It enables the real-time display of dynamic data, supports cross-

platform collaborative analysis, and plays a crucial role in both analytical and communicative aspects 

of geovisualization and scientific visualization.. Visualization technology, defined by three core 

features including cross-platform compatibility, interactivity, and real-time performance, has 

significantly advanced the way geospatial data is analyzed (Mwalongo et al., 2016). The Earth's 

inherent attributes pertaining to three-dimensional geometric features and four-dimensional temporal 

characteristics provide the foundational logic for the development of geovisualization and geovisual 

analytics (Fitzpatrick & Hedley, 2023). Historically, Andrienko & Andrienko (2007) emphasized the 

integration of computational analysis within visualization technology to overcome the limitations of 

traditional methods. This shift has driven the evolution of geovisualization from static displays to 

dynamic analytics, a trend that persists to this day (Carbonell-Carrera & Hess-Medler, 2019). With 

the advancement of massive data collection and computing capabilities, visualization technology has 

integrated a range of disciplines, including cartography, scientific visualization, data analysis, and 

geospatial information science, reinforcing its central role in these fields (Fitzpatrick & Hedley, 2023). 

Over the past seventy years, the development of geovisualization and modeling technologies has been 

substantial. The introduction of GIS in the 1990s laid the groundwork for dynamic spatial interaction 

of geospatial data (Kraak, 2003), and the extensive use of Synthetic Aperture Radar (SAR) over the 

last two decades has significantly improved data acquisition precision. Traditional cartographic 

models, often challenged by accuracy issues and difficulties in conveying complex geospatial 



 

132 

information, have benefited from the integration of GIS and SAR technologies, which has driven the 

widespread adoption of three-dimensional geovisualization (Juřík et al., 2020). Earth scientists have 

expanded data sources via various technical methods, broadening the application scope of 

geovisualization. High-resolution topographic and geomorphic data, acquired through 

photogrammetry and Light Detection and Ranging (LiDAR) technologies have provided high-

precision and multi-type data for geovisual analytics. This field has focused on the development of 

interactive spatial analysis methods to address the challenges of analyzing three- and four-

dimensional geospatial data (Robinson, 2017). This expanded application of geovisualization has 

been demonstrated through case studies. For example, Maio et al. (2013) used geospatial visualization 

techniques to reconstruct the historical landscape of the American Revolutionary War battlefield. 

Tyner et al. (2018) employed spatial heat maps to analyze the geographical impacts of the Cambodian 

genocide. These studies validate geovisualization's ability to restore spatial contexts and illustrate 

distributions, providing a replicable framework for practices in Guilin, such as visualizing historical 

scenes at the Jingjiang Prince's Mansion and spatially mapping tourist flows within scenic areas. 

As the field of geographic visualization has developed, researchers have gained valuable insights 

from geographic visualization software and emerging hardware devices (Rhyne et al., 2006). High-

resolution datasets and faster computing speeds have further advanced these technologies (Mitasova 

et al., 2012). Big data analytics platforms, such as Hadoop and Spark, allow for rapid cleansing and 

correlation of multi-source data, which, when paired with visualization tools such as ArcGIS Pro and 

QGIS, creates a robust data processing and visualization workflow. The advancements in sensing 

technologies like LiDAR, photogrammetry, and others have generated massive datasets, driving the 

need for enhanced processing capabilities in 3D and 4D environments (Havenith et al., 2019). The 

evolution of sensor technologies, including satellite remote sensing, UAV-based aerial photography, 

and IoT terminals, has broadened the scope of geospatial information, incorporating imagery, text, 

and real-time data (Fitzpatrick & Hedley, 2023). However, as Afzal et al. (2019) noted, large-scale 

data processing and the selection of suitable visualization tools remain significant challenges. These 

constraints have led to the development of technology-enabled platforms that integrate multiple tools, 

enabling seamless presentation of multi-modal data across various scales (Lovelace et al., 2016). 

Multi-window dashboard-based visualization architectures have been developed, leveraging different 

visualization technologies to present complex information synchronously across multiple dimensions 

(Hollberg et al., 2021). This approach holds great potential in fields such as geological exploration 

and tourist guidance. 

In tourism, visualization technologies can support the development of intelligent management 

systems by processing multi-source operational data. These systems can facilitate knowledge 

discovery and provide targeted support for both tourists and managers (Qin & Pan, 2023). Case 

studies have shown the feasibility of such systems across different regions. For example, in Pati 

Regency, Indonesia, the local government utilized QGIS software to digitize and classify spatial data, 

which was then imported into a WebGIS system and used to create an interactive tourism map. This 

system provided effective decision-making support for developers, government agencies, and tourism 

professionals (Saputro et al., 2024). Similarly, Marieta Šoltésová et al. (2025) used GIS-based 

visualization, integrating data acquisition and spatial analysis technologies, to analyze tourism 

patterns and dynamics. This work has proven the practical value of visualization technologies in 

tourism planning and sustainable destination management. Furthermore, Amadu et al. (2025) 

advanced the field by integrating mobile navigation systems, Mixed Augmented Reality (MAR), and 

animation, creating a comprehensive application that allows tourists to interact with the system in 

real-time without relying on physical maps or needing directions. The technical framework described 

above is particularly suitable for tourism destinations like Guilin, which possess unique ecological 

and cultural features. By integrating spatial, visual, and audio modalities, such as real-time navigation 

of bamboo rafting on the Yulong River and audio guides for Zhuang ethnic cultural fairs, Guilin can 

enhance the visitor experience and provide managers with real-time insights into visitor distribution 
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and ecological conservation needs. These insights will contribute to the balanced development of 

tourism, culture, and ecology in Guilin. 

As mentioned earlier, geographic visualization has evolved significantly, going beyond simple visual 

communication or the use of digital technologies. Empirical research shows that geographic 

visualization can improve spatial thinking and decision-making (Carbonell-Carrera & Hess-Medler, 

2019). Practitioners can tailor designs to specific geoscientific phenomena and dynamic user needs, 

contributing to more effective tourism marketing (Qin & Pan, 2023). These advancements not only 

support data communication and geovisual analysis but also facilitate data exchange among key 

stakeholders, such as government officials, the general public, and experts (Jacquinod & Julia 

Bonccorsi, 2019). 

Despite these advancements, challenges remain, especially in tourism cities like Guilin, where 

complex terrain and cultural diversity create operational hurdles. Fitzpatrick & Hedley (2023) noted 

that large-scale data processing and 3D modeling remain significant challenges. Traditional 

technologies often struggle with the volume of tourism data, and the irregular topography of karst 

landscapes complicates 3D modeling. However, innovations including Neural Radiance Fields 

(NeRF) and Non-Photorealistic Rendering (NPR) have unlocked new possibilities for modeling 

dynamic landscapes. NeRF can accurately reconstruct the 3D features of karst landforms, while NPR 

enhances the aesthetic qualities of Guilin's scenery. Together, these technologies provide an effective 

solution for 3D modeling and dynamic landscape visualization, addressing the unique challenges 

faced by Guilin. 

5. SYNERGISTIC LOGIC AND PRACTICAL CHALLENGES OF 
MULTIMODALITY, CORPUS, AND VISUALIZATION 

Data serves as a core resource for all organizations (Stienmetz, 2024). In the tourism domain, it is 

further integral as the foundational pillar of smart tourism (Gretzel et al., 2015). The synergy among 

multimodal technologies, corpora, and visualization plays a pivotal role in unlocking the value of 

tourism data. Specifically, multimodal technologies have addressed the challenge of integrating 

different modes of geo-tourism data (Baltrušaitis et al., 2017; Kim et al., 2021). Corpora function as 

foundational carriers for storing multimodal data and enabling semantic association (Juan et al., 2024; 

Tatane et al., 2024). Visualization technologies provide intuitive presentations of integrated data, 

supporting cognitive transformation (Qin & Pan, 2023; Šoltésová et al., 2025). Together, these 

components form a cohesive system for data integration, storage association, and visualization output, 

propelling geo-tourism research beyond traditional qualitative descriptions toward quantitative 

visualization and interactive experiences. Han et al. (2025) noted that multi-modal spatio-temporal 

data visualization technology is integrated throughout the full lifecycle of landscape projects, 

spanning from investigation and analysis to planning and design, as well as operation and 

management. This application logic provides a framework for the Guilin tourism information corpus, 

covering the entire process from data collection to visualization deployment. In 2025, the University 

of Central Florida (UCF) introduced the GAEA model (Geolocation Aware Conversational Model), 

which for the first time integrates precise geolocation with conversational capabilities. By integrating 

geospatial functionality and multimodal dialogue, this model offers valuable insights for enhancing 

the visualization interaction of the Guilin tourism information corpus. For instance, when tourists 

inquire about Guilin's karst landscapes through conversational interfaces, the corpus automatically 

associates remote sensing imagery with POIs, presenting them in a visualized format. 

At present, most domestic studies have applied multimodal data fusion technology to specific aspects 

of urban tourism. However, a systematic and integrated visualized tourism information corpus 

grounded in multimodal geospatial information fusion remains underdeveloped. As a key 

international tourist city and a renowned historical and cultural city in China, Guilin boasts abundant 

tourism resources, diverse scenic areas, and favorable geographical conditions. The circular tourism 
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zone centered on Guilin extends outward to surrounding regions, covering over 20,000 square 

kilometers (Cao et al., 2023), offering a unique scenario for multimodal geospatial information fusion. 

The visualized Guilin tourism information corpus developed in this study addresses this research gap, 

establishing a reusable fusion paradigm defined by geospatial and cultural-tourism multimodality. It 

aims to overcome the limitations of traditional visualization, which only presents a single data 

dimension. Specifically, it integrates Guilin's multi-modal information, including topographic remote 

sensing data, 360-degree VR panoramas of scenic areas, real-time positioning data for Li River cruise 

ships, Gui opera performance footage, and tourist review texts, with geospatial coordinates as the 

core anchoring reference. This integration will result in a corpus system that creates dynamic linkages 

between spatial location, multimodal content, and user needs, offering foundational support for the 

precise implementation of smart tourism. It facilitates the transformation of tourism research from a 

single data-driven paradigm to one driven by multi-modal cognition, while simultaneously opening 

new avenues for interdisciplinary inquiry, such as human geography and data visualization. 

However, the field still faces multiple core challenges that require targeted solutions tailored to the 

tourism context of Guilin. These challenges include multi-dimensional hurdles in corpus construction, 

where tourism information corpora must address issues related to multi-source heterogeneous data 

integration, semantic consistency maintenance, and visualization readability (Han et al., 2025). The 

approach proposed by Różycki et al. (2024), which involves constructing geospatial vector layers 

using QGIS and ArcGIS Pro, can be applied to integrate heterogeneous data, such as historical and 

current remote sensing imagery and scenic area POIs. Additionally, it is essential to apply the 

ontological knowledge representation method developed by Tatane et al. (2024) to ensure semantic 

consistency across Guilin's landscapes, karst landforms, and folk customs, thus mitigating 

discrepancies in data association. In terms of accurately matching unstructured data with geospatial 

information, unstructured data such as landscape legend texts and folk activity videos are difficult to 

directly anchor to geospatial coordinates. The SOS-Match framework proposed by Thomas et al. 

(2024), which extracts target masks through a zero-shot segmentation model and achieves frame 

alignment based on geometric consistency, can be adapted for precise matching between folk activity 

videos (e.g., the March 3rd Song Festival) and their respective locations (e.g., Yangshuo West Street), 

addressing the spatial association challenge for unstructured data. Furthermore, in addressing the 

balance between privacy protection and visualization, for Guilin tourism's Volunteered Geographic 

Information (VGI), including location-tagged photos uploaded by tourists, the HyperLogLog (HLL) 

data abstraction format proposed by Dunkel et al. (2020) can preserve data utility while safeguarding 

privacy, making it suitable for visualization processing of Guilin's specific VGI. Regarding the need 

for visualization design to balance information richness and simplicity, the geometric simplification 

and layered rendering strategy developed by Dübel et al. (2017) can be applied to the design of 

Guilin's comprehensive tourism map. For example, scenic area distribution can be shown on the 

bottom layer, tourist flow on the middle layer, and review sentiment on the top layer. This strategy 

enhances information density while preventing visual clutter. 
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