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Abstract

Rapid urbanization and technological advancements present an exciting opportunity to re-design urban trans-
portation systems. Traditional models rely heavily on static, structured data, which fail to capture urban mobility’s
dynamic, human-centered nature. However, the emergence of unstructured data sources, such as web posts, social
media content, and user-generated information, provides a wealth of location-specific insights in real-time that can
make transportation systems more adaptive and user-centric. Large language models (LLMs), with their advanced
natural language processing capabilities, are particularly well suited for handling unstructured data. They can inter-
pret context, detect patterns, and extract valuable insights from vast and diverse data streams. This paper explores
how LLMs can process these unstructured data streams to enhance urban mobility systems. By effectively extracting,
transforming, and using these data sources with LLMs and the corresponding tools, we can develop more adaptive
transportation systems that improve efficiency, accessibility, equity, and user experience. Our approach outlines a gen-
eral workflow for handling unstructured urban and transportation data, with a specific focus on extracting meaningful
location-based information relevant to urban and mobility-related challenges.

1 Motivation and Background
The limitations of traditional urban mobility data stem from its structured nature, which primarily captures pre-defined
metrics such as scheduled transit operations, fixed infrastructure constraints, and aggregated traffic patterns. Although
valuable for transportation planning and system optimization, these datasets do not reflect the fluidity of real-world
mobility behaviors. Human movement patterns are shaped by numerous unpredictable factors, including spontaneous
travel decisions [7], weather or event-induced disruptions [6]. As a result, transportation systems that rely solely on
structured data often struggle to adapt to emerging urban challenges, such as sudden congestion surges [8], localized
accessibility issues [3], or shifting commuter trends [9].

Unstructured data sources, including user-generated content on social networks, mobility-related online records,
and crowd-sourced travel reviews, offer a unique lens into these real-time urban dynamics. Unlike structured data,
these sources provide granular insights into user sentiment, service satisfaction, and evolving mobility trends. For
instance, a surge of complaints about delays at a particular station on social media might indicate an unreported
operational issue, while a spike in ride-sharing discussions in a specific neighborhood could reflect a growing demand
for alternative transit options. However, the sheer volume, variability, and noise inherent in unstructured data make it
difficult to systematically extract meaningful, actionable insights.

Conventional approaches to analyzing such data typically involve manual review or rudimentary keyword-based
extraction techniques, both of which are impractical and time-consuming processes that fail to capture detailed context
or infer dependencies between different data points. The emergence of large language models (LLMs) [1, 2] presents
a transformative opportunity to bridge this gap. By leveraging their advanced natural language understanding and
contextual reasoning capabilities, LLMs can process and extract large amounts of unstructured, location-specific data,
automatically categorizing and structuring information in ways that are directly useful for urban mobility planning [4].
This capability enables the development of more adaptive real-time transportation models that integrate human-centric
insights, allowing for smarter, more responsive urban mobility solutions.
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2 Proposed Approach
Given the previously mentioned challenges and opportunities, we propose a conceptual framework that leverages
LLMs to extract meaningful location-based insights from unstructured data across various urban, transportation, and
mobility domains. The framework focuses on a generalized, scalable workflow for processing diverse data sources,
which includes web posts, social media interactions, reviews, and other forms of user-generated content.
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Figure 1: The proposed conceptual framework.

The overall workflow is shown in Figure 1 and is detailed as follows:

• Data Collection and Preprocessing: Unstructured data are scraped from diverse online platforms, including social
media posts, travel blogs, forums, and multimedia content (images, videos). Techniques like Automatic Speech
Recognition (ASR), Optical Character Recognition (OCR), and Image Captioning (IC) are applied to transcribe
multimedia content and extract text from images, ensuring that multimedia sources are also included in the analysis.

• Insight Extraction Using LLMs: LLMs are prompted or fine-tuned to process location-based, transportation-
related, and urban mobility content. These models identify location-specific references, such as places, events,
transport modes, and routes, along with contextual details like user sentiment, activity patterns, and potential chal-
lenges. The extracted insights are categorized into relevant themes such as popular routes, congestion hotspots,
points of interest, and accessibility challenges.

• Geolocation and Contextual Mapping: After identifying meaningful locations and activities, geolocation APIs are
used to map these points to geographic coordinates (longitude, latitude). The data is enriched with contextual infor-
mation, such as real-time activity patterns, environmental factors, or emerging transportation needs (e.g., temporary
road closures, special events), to provide a more complete understanding of urban mobility dynamics.

• Database Integration and Continuous Updates: The insights are integrated into a dynamic database that is con-
tinuously updated through ongoing scraping of relevant unstructured data sources. This ensures that the data reflects
real-time shifts in user behavior and urban conditions, helping to adapt transportation models to changing mobility
needs.

• Multi-source Data Fusion and Modeling: The location-based insights extracted from unstructured data are com-
bined with other structured and semi-structured data, such as traffic data, transit schedules, and environmental sen-
sors. By merging these data streams, we generate adaptive, real-time urban mobility models that better reflect the
complexities of the urban environment.

• User-Centric Service Delivery Platform: To effectively translate these insights into actionable services, a user-
centric platform should be developed to provide real-time mobility solutions based on dynamic information. This
platform, potentially an LLM-driven Mobility-as-a-Service (MaaS) system, can offer personalized travel recommen-
dations, multimodal route optimization, demand-responsive transport options, and accessibility enhancements. By
integrating live updates and predictive analytics, the platform ensures that users receive timely and relevant mobility
support, improving efficiency, convenience, and inclusivity in urban transportation.

The proposed conceptual framework can leverage unstructured, location-based data to enhance various user-centric
services, including urban itinerary planning, transportation optimization, and real-time alerts and notifications. Each
module in this framework can be further augmented with LLM-assisted capabilities, such as automated data prepro-
cessing, intelligent insight extraction, contextual enrichment, adaptive data fusion, and personalized service recom-
mendations. Figure 2 illustrates an example framework proposed by [5], showcasing an on-demand, LLM-driven
urban itinerary generator that dynamically responds to user requests.
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{
“itinerary”: “Starbucks Coffee 

-> … -> Yuyuan Garden",
“overall reason”: “This 

itinerary takes you through 
the heart of the city, 
beginning …",
"pois": {
“1”: “The journey starts at 

Starbucks Coffee, for coffee 
lovers...",
“4": "Next, we'll explore 

Beijing East Road, a bustling 
artery of the city that …",
    …
   "41": "The final stop, 
Yuyuan Garden, is a peaceful 
retreat from the urban 
hustle, …
}

}
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Figure 2: The example urban itinerary generator design following the conceptual framework.

3 Significance and Value

3.1 Technical Value
One of the key technical advantages of the proposed conceptual framework is its ability to process heterogeneous,
noisy, and high-volume data streams efficiently. Unlike structured databases, unstructured data varies in format,
language, and context, making it difficult to analyze with traditional rule-based methods. LLMs excel in semantic
understanding, contextual inference, and pattern recognition, enabling them to extract meaningful insights without
relying on predefined keyword lists or rigid taxonomies. This flexibility allows the system to detect emerging trends,
uncover hidden mobility patterns, and generate high-resolution urban insights that evolve dynamically.

Additionally, the multi-source data integration within this framework ensures that urban transportation models re-
main fluid, responsive, and continuously updated. By combining LLM-driven unstructured data extraction with struc-
tured datasets such as public transit schedules, traffic sensor readings, and geospatial databases, the system enables
real-time multimodal transportation optimization. This adaptability is crucial for handling unexpected disruptions,
peak hour congestion, and emergency response planning, where traditional static models often fall short.

From an implementation perspective, this framework is designed for scalability and interoperability. Cloud-based
processing and edge AI capabilities can facilitate real-time data ingestion and analysis across diverse urban regions,
ensuring seamless integration with existing smart city infrastructure. Moreover, the API-driven architecture allows it
to be incorporated into Mobility as a Service (MaaS) platforms, urban planning dashboards, and transit management
systems without requiring extensive modifications to legacy systems.

3.2 Social Value
The ability to collect real-time, user-generated data from unstructured sources represents a democratization of urban
mobility data. Unlike traditional data collection methods, which are often centralized and controlled by government
agencies or large corporations, this approach allows for a more inclusive and decentralized data ecosystem. The infor-
mation is processed to be location-based, with user information properly anonymized to protect privacy. Individuals
can contribute valuable insights without compromising their privacy, ensuring that the data remains user-owned and
ethically sourced. By leveraging diverse and dynamic data streams, the system can cater to a broad spectrum of user
needs, whether it is avoiding congestion, identifying safer routes, or discovering underutilized transportation options.
This inclusivity fosters a more participatory urban mobility landscape where citizens actively shape their environments
rather than passively adapting to them.

Moreover, this conceptual framework enhances equity and accessibility in urban transportation systems. Tradi-
tional planning models often overlook marginalized communities, including people with disabilities, lower-income
populations, and those living in underserved areas. By integrating real-time, user-driven insights, transportation ser-
vices can be adapted to accommodate diverse mobility needs, improving accessibility for all. For example, identifying
and addressing gaps in public transit coverage or highlighting infrastructure challenges (such as inaccessible pedestrian
paths) can lead to more inclusive urban development.
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From a sustainability perspective, real-time mobility insights can play a crucial role in promoting efficient and
eco-friendly transportation solutions. By dynamically adjusting services based on demand and congestion patterns,
urban transit systems can reduce unnecessary emissions and energy consumption. For instance, ride-sharing and
public transit optimization based on real-time user input can help reduce single-occupancy vehicle use, contributing to
reduced traffic congestion and a lower carbon footprint.

4 Conclusion
This paper presents a conceptual framework that leverages LLMs to transform unstructured, location-based data into
actionable insights for urban mobility. By integrating advanced natural language processing with multi-source data
fusion, our approach enables real-time situational awareness and adaptive transportation planning that addresses the
limitations of traditional, static models.

The proposed framework not only enhances operational efficiency through dynamic data integration but also pro-
motes a more inclusive and responsive urban ecosystem. By democratizing data collection and enabling user-centric
service delivery, it lays the groundwork for smarter, equitable, and sustainable urban transportation systems. Future
work will focus on refining extraction algorithms, expanding integration capabilities, and validating the framework in
real-world settings, ultimately contributing to the evolution of resilient and adaptive cities.
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