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Abstract

With the rising availability and support of geospatial data and tools, geospatial data analysis is increasing
rapidly. However, geospatial data is challenging to extract and understand by individuals with limited or no
prior knowledge of handling such data. This study presents a novel platform that integrates generative artificial
intelligence (Gen. Al) and prompt engineering techniques for geospatial data retrieval and analysis. This is
achieved by firing natural language queries and integrating a generative pre-trained transformer GPT-3.5 for
data retrieval and analysis. The platform translates unstructured natural language inputs into structured
Overpass API queries, retrieving detailed geospatial data from OpenStreetMap (OSM). The system streamlines
the process, from query to visualization, enabling users without technical geospatial expertise to access spatial
information seamlessly. It supports geospatial data retrieval tasks such as Point of Interest (Pol) extraction,
proximity queries, and attribute-based retrieval. The experimental results show that the proposed approach
outperforms existing tools such as Google Earth Engine (GEE), GeoGPT, Geolnsight, MapQA, OSM-GPT with
an average query-execution time of 17.3 seconds and an average accuracy of 95%. It shows a significant
improvement in usability over manual Overpass query construction. The proposed framework achieves higher
performance while maintaining a lightweight design that does not require model fine-tuning or external training
data. Unlike existing tools that heavily rely on fine-tuned transformers with tightly coupled components, the
proposed framework is modular, prompt-driven, and API-based, which enables its rapid deployment and
minimal resource usage. This lightweight architecture helps to improve system maintainability, scalability, and
makes it easily accessible for real-time applications and end-users with limited technical infrastructure. Overall,
the framework offers a scalable, accessible, and extensible solution for spatial data querying in open-source
GIS workflows. This study can transform conventional geospatial data analysis practices into a more inclusive
and user-friendly approach that features a geointelligent environment.

Keywords: Artificial Intelligence, Geospatial Data, GIS, Generative Al, GPT, Natural Language Processing,
OpenStreetMap, Prompt Engineering

1. Introduction

Geospatial analysis is the science of collecting, knowledge required to effectively wuse them

processing, and interpreting geographic data, which
has become essential in various fields [1].
Applications that use geospatial data can be found in
urban planning, environmental monitoring, disaster
management, agriculture, etc. [2]. The geospatial
data can be accessed and analyzed using geographic
information systems (GIS) tools, integrated
programming platforms, cloud computing, and
natural language processing (NLP) based
frameworks. The traditional geospatial data analysis
tools often present significant barriers to non-expert
users due to their complexity and the specialized
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[21[3][4]1[5] and [6]. For example, the traditional
problem of locating nearby schools using geospatial
tools involves a) specification of location
coordinates, b) distance range, c) conditions like
proximity to gardens and transportation services, and
traffic conditions. For this, the Buffer tool is used,
followed by the Intersect tool, to filter the results for
locating the schools. From this example, it is
pertinent that users without technical GIS knowledge
find it challenging to adapt to such workflows. This
limits the accessibility of powerful geospatial tools to

a broader audience.
m
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It also affects the ability of the users and decision
makers to make informed decisions driven by spatial
data analysis. Many times, officers involved in urban
planning and survey fields do not have GIS technical
expertise for formulating the query or defining a
sequential workflow through a series of geospatial
operations for geospatial data analysis. This
necessitates a requirement of a user-friendly platform
for accessing geospatial data without a specific
prerequisite for GIS knowledge and/or commands.
Recent developments in digital mapping, web-
based platforms, and artificial intelligence (Al) have
opened new opportunities for geospatial data
analysis. The confluence of Al and GIS has garnered
attention in recent years, culminating in the
emergence of GeoAl as a dedicated research frontier
[4] and [6]. One of the most promising developments
in this regard is integrating NLP technologies [7] and
[8] with geospatial data. It enables users to interact
with complex systems using natural language.
ChatGPT is an Al chatbot built upon OpenAl’s large
language models (LLMs), which is used for the
generation of ideas, content, code, and multimedia
data, translation, and getting specific answers
pertaining to any specific query [9][10] and [11].
LLMs can solve complex tasks with a chain-of-
thought strategy [12]. This strategy involves getting
the answer from LLM through a series of steps (few-
shot prompting) against directly answering a given
question (zero-shot prompting). It is further seen that
these LLMs return their results in text-based
solutions. Existing natural language interfaces for
spatial data retrieval exhibit a number of structural
and functional limitations that restrict their
applicability in broader geospatial contexts. Systems
such as NLMaps [13] and MapQA [14] rely heavily
on manually curated grammars and predefined
templates to parse user queries. While effective
within narrow domains, such approaches lack
flexibility and tend to underperform when exposed to
open-ended or syntactically irregular input. More
recent tools like OSM-GPT [15] attempt to leverage
general-purpose language models to bridge this gap.
However, these implementations fail to capture the
semantic nuance of user queries. In many cases, they
generate a syntactically correct Overpass query that
is logically misaligned with the users’ intent,
particularly when dealing with ambiguous questions.
Inspired by the capability of LLMs to solve
complex tasks, easily accessible geospatial data using
OSM [16] and [17], and limitations of existing
studies, this study presents an innovative framework
for the retrieval of geospatial data using OSM. The
preliminary work undertaken in this study involves:
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a) Design and Development of an Integrated GPT-
powered Chatbot for geospatial data analysis.

b) Utilization of prompt engineering for efficient
spatial data extraction.

¢) Development of an open-source, low-cost
platform for comprehensive geospatial data analysis.

The proposed framework involves a web-enabled
framework supporting the following stages: 1) User
queries are accepted in natural language, 2) These
natural language queries are converted to well-
curated prompts for feeding them to GPT 3.5. 3)
Structured queries returned by ChatGPT are
integrated with the Overpass API of OSM to retrieve
geospatial data. This helps in smoother retrieval and
analysis of geospatial data, making it accessible to all
individuals irrespective of their background. Figure 1
shows the methodological flow of the proposed
framework. The Overpass API [18] is a web service
that enables advanced querying of OSM data using a
specialized query language. It supports real-time
extraction of spatial features based on tags and
geographic constraints, making it a key component in
automating the data retrieval process in this study.
The remaining sections of this article are organized
as follows: Section 2 discusses related work, while
the methodology of the proposed technique is
discussed in section 3. Section 4 highlights the results
of the findings, followed by the discussion. The
proposed framework sets a new standard for
accessibility and usability in geospatial data analysis,
paving the way for more inclusive and efficient
spatial data solutions. Section 5 concludes with a
focus on the role of the proposed technique in
enhancing geospatial technology, with a discussion
on future avenues.

2. Related Work

The evolution of geospatial technologies over the
past few decades has transformed the utilization of
spatial data. This is achieved by providing tools for
visualization, analysis, and decision-making [1]. The
advancement in  digital and information
communication technologies (ICT) has enabled
techniques that have made geospatial data more
accessible and interactive [19] and [20]. Currently, to
solve any geospatial problem, GIS tools, integrated
programming  frameworks, cloud computing
platforms and/or Natural-language processing
platforms with support from large language models
(LLM) are used for accessing and analysing the
geospatial data. Web-based GIS platforms like
ArcGIS Online [21] and Google Earth Engine (GEE)
[22] allow users to visualize and analyze spatial data
using a web browser.
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Figure 1: Flow of Proposed Framework
(User queries in natural language are transformed to structured queries using custom prompts)

Whilst ArcGIS Online supports natural language
search to a limited extent, complex spatial queries
still require manual configuration and scripting using
ArcPy. Moreover, it is proprietary to use and access
the geospatial data using this platform. It limits the
capability of normal users to analyse the geospatial
data. While GEE supports free cloud-based planetary
data retrieval and access with ease, it requires users
to be familiar with scripting and geospatial data
structures. This allows users to run complex
algorithms on satellite imagery and geospatial
datasets through a commodity of parallel servers on
the fly. Query formulation in GEE is explicit and
programmatic, making it less accessible for non-
specialists. Moreover, GEE is optimized for raster-
based remote sensing data and is less focused on the
fine-grained vector queries often supported by
Overpass queries. Mapbox is a platform for building
custom maps and visualizations. This is widely used
in navigation applications [23].

Recent advances in NLP, such as OpenAl's GPT-
3, have enabled machines to understand and generate
human-like language [24]. GPT-3 has been used in
the application Geolnsight to translate user queries
into geospatial data requests [25] and [26]. Such
systems focus on domain-specific spatial analytics
that prioritize interpretation over flexible data
extraction. These systems tend to encapsulate
common use cases but offer limited support for
arbitrary or novel spatial queries. Models such as
GPT-4 [27], PaLM [28], PaLM-2 [29], and LLaMa
[30] have been used in recent research contributions.
These models present zero-shot or few-shot
performance in tasks like semantic question
answering [31] and semantic reasoning [32] and [33].

LLaMA-based models are typically deployed as
general-purpose language models. Their integration
into geospatial systems requires significant
infrastructure for interpretation, fine-tuning, and
prompt engineering. These models require larger
computing resources for overall processing and
analysis. LLMs were used to generate more concise
descriptions of objects of interest to produce better
images [34] and [35]. In the field of GIS, researchers
have also investigated whether LLMs can understand
and then solve geospatial tasks [36][37] and [38]. The
spatial semantic reasoning ability of ChatGPT is
assessed on geospatial tasks in [39]. GeoGPT [40]
attempts to integrate natural language interfaces with
geospatial reasoning by fine-tuning transformer
models on spatial datasets. It is observed that the
performance of this model is sensitive to the quality
and scope of its training data, with the need for task-
specific tuning. MapQA [14], an open-source
question answering system for geospatial data
retrieval using OSM, requires heavy computational
resources for model training and fine-tuning. Further,
the system shows performance drops while
generalizing it with complex or multi-tag queries.
OSM-GPT [15] offers a notable implementation that
leverages GPT-3.5 to convert natural language
queries into Overpass QL, facilitating OSM data
retrieval. While it provides a user-friendly interface
and demonstrates commendable performance, it fails
to showcase the promising outcome in semantic
query understanding. From the comprehensive
literature review, it is observed that existing
applications and web frameworks require domain
knowledge of GIS while accessing these tools for
geospatial data retrieval and analysis.
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Table 1: Analysis of findings from existing works against proposed framework

Tool/ Interface Average Average Findings and Usage / Reference
Frame- Accuracy Execution Analysis Licensing
work (%) Time (s)
MapQA Geospatial QA 89 20-23 Requires fine-tuning Open-source [14]
system using and requires a larger
OSM, BERT and computational
GPT-4 resource
OSM-GPT  Prompt-based, 88 22-24 Sensitive to phrasing Open-source [15]
GPT-3.5 and word sequencing  but needs valid
API-key
ArcGIS GUI + Python 92 60, can vary  Scales with enterprise Proprietary [21]
Scripting (ArcPy) depending on  resources; supports
script for both vector and raster
advanced operations
operations
GEE Script-based (Java 93 Depends on script ~ Scales well with Free tiers with [22]
Script/Python) and algorithms, global data; optimized options for paid
spatial and for raster operations subscription
temporal extent
Geolnsight Dashboard-based 89 19-24 Limited to predefined Proprietary ~ [25] and [26]
NLP layers and dashboards
LLaMA General-purpose 84 26-28 Requires significant ~ Free usage with [30]
LLM memory and options for paid
computing subscription for
Performance depends  using advanced
on the input task and functionality
LLaMa version
GeoGPT  Fine-tuned LLM 91 20-24 Computationally Free usage with [40]
heavy for large-scale  options for paid
use subscription for
using advanced
functionality
Proposed Prompt-based 16-20 Performs well on Open-source This study
Framework  GPT-3.5 with dense OSM layers
query templates

Inspired by this challenge and to make a more user-
inclusive platform, irrespective of their backgrounds,
this study presents a web-enabled framework that
utilizes queries in natural language for accessing and
analyzing the geospatial data through an interactive
dashboard. Table 1 presents a comparative analysis
of existing platforms against the proposed
framework. It is observed that the proposed
framework excels in terms of faster query response
time, precise outcomes using a lightweight structure
in an open-source environment against existing
frameworks.

3. Materials and Methods

In this section, we introduce a web-enabled
framework developed to assist non-geospatial users
in retrieving geospatial data from the open-source
environment. This is achieved by accessing OSM
with the aid of structured queries generated using

GPT. Figure 2 presents the overall architectural
representation used in developing the proposed web-
enabled framework. This framework offers features
like selection of area of interest (AOI), user input
processing, custom prompt generation, structured
query generation, and processing through Overpass
API, followed by geospatial data retrieval and
visualization. Each of these phases is discussed
below.

3.1 Web-Enabled Framework

User interaction is crucial for providing a user-
intuitive experience while handling the geospatial
data by non-experts. This is carefully considered
while designing the UI with facilities that support
easy navigation. For the development of web
application, Reacts' Next.js framework [41] and [42]
has been utilized.
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Figure 2: Functionalities of Proposed Web-enabled Framework

This is chosen considering its capabilities in server-
side rendering and static site generation. This
framework provides a dynamic and responsive user
interface for easily accessing geospatial data.
Furthermore, TypeScript and Tailwind CSS were
utilized to develop a user-friendly interface. Node.js
is used to provide backend services, considering its
ability to handle multiple concurrent requests. This
ensures frameworks' continual availability and
responsiveness while handling larger geospatial data.

3.2 Components and Modules

Users can interact with the developed web
framework in two ways: a) Specification of Overpass
API query in a structured format directly b)
Specification of query in Natural language. If the
query is specified in a structured format, the
framework retrieves geospatial data and presents it
for visualization and export in GeoJSON format. If
the user specifies the query in natural language, the
user is facilitated with the selection of AOI, query
specification, data retrieval, extraction of selected
features, followed by visualization over the map
using a sequential pipeline. This is achieved with the
help of the generative Al model GPT 3.5 for
generating custom prompts from user queries, which
are further directed to OSM through the Overpass
API for geospatial data retrieval.

The natural language queries are fed to GPT 3.5
along with custom prompts, sample input queries,
and expected outputs. The structured query as per the
requirements of Overpass QL will be generated by
GPT, which is directed to OSM, and finally retrieved
geospatial data outcome will be presented to the user.
The user is provided the facility to visualize, export,
and manage the retrieved geospatial data. Each of the
modules in the framework is discussed below:

3.2.1 Selection of AOI

Users can select an area of interest (AOI) by
browsing through the interactive world map. This
ensures easy data retrieval with a focus on users'
interests. This further provides facilities like Zoom,
PAN, and a selection of areas easily.

3.2.2 Input using natural language

With the integration of GPT services, this platform
allows users to input their queries using natural
language. For instance, users can direct queries such
as "Show all parks" to this platform. These queries
are then interpreted based on the user's selected AOI
and converted to Overpass API requests in a
structured format. This integration aids in the
extraction of geospatial data and visualization
without the requirement of any technical expertise.
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3.2.3 Processing

This stage involves the generation of a structured
query from natural language input, which is required
for retrieving the geospatial data using an Overpass
query from OSM. It uses custom prompt templates
involving prompt initialization, specification of
output format, followed by sample examples. These
carefully curated prompts help GPT to understand the
semantic context of the query before responding with
the output. The generated structured query is used
further to retrieve geospatial data from the open-
source environment OSM. The details of each stage
are discussed in the following sections.

3.2.3.1 Query generation through custom prompt

This stage involves designing specific prompts to
guide the GPT model in creating precise responses.
The main steps involved include understanding the
user intent by referring to their past interactions and
crafting the prompt required for instructing GPT 3.5.
It translates user input into a structured Overpass
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query (Figure 3). The transformation of natural
language queries into structured Overpass queries
depends on carefully crafted prompts. This helps to
produce syntactically valid and semantically relevant
queries. The design of these custom prompts is driven
by three core components: structural guidance,
semantic grounding, and failure containment.

Structural Guidance:

Prompts consistently include a fixed template to
ensure syntactic conformity with the Overpass query.
These templates define the expected structure for the
output format and query blocks.

Semantic Grounding:

In this, contextual hints that map user intent to OSM
tagging conventions are embedded in the prompts.
For example, if a user asks for “public transportation
stations” the prompt may include a dictionary of
synonymous OSM tags like '"railway=station",
“airport=station”, etc.

Structured Query Generation using Custom Prompts

var opend[Prompt = 'Give me a data query for OpenStreetMap that shows common things found in the

Prompt
Initialization ~| OpenStreetMap database related to the term: "' + usertext + ".1n" +
‘Respond with just the "query name" and "data", after "data=" all should be of the querystring and no
axplanation.' + Response
[} /PN L S Sy  § ) 17, ]'r' \'11{[' 7y TV T g — FO[mat
Format your response like this: query_name= {ONE_TWO_WORD NAME FOR_QUERY} ||| data= )
Instructions
Example

Specification | .,

Figure 3: Workflow of structured query generation

International Journal of Geoinformatics, Vol. 21, No. 6, June, 2025
ISSN: 1686-6576 (Printed) | ISSN 2673-0014 (Online) | © Geoinformatics International



Failure Containment & Iterative Refinement:
Each of the generated query is validated. If a
generated query fails validation or returns no results,
the system includes fallback prompts that ask GPT to
reformulate the query using wider tags. For example,
queries such as "Extract all schools" or "Hills that are
over a height of 500 meters" within a bounding box
are provided with formatted responses to illustrate
the expected output. The application captures the
model's responses, extracts the relevant data query,
and prepares it for execution. The responses are
parsed to separate the query name and the data string,
ensuring they can be directly used to query the OSM
database. The components in the template of the
custom prompt are as follows:

1. Prompt Initialization

Start with a request for a data query related to a
specific term by passing user input text in natural
language.

2. Response Format Instruction
Specify the format that includes "query name" and
"data."

3. Example queries

Provide example queries and expected responses to
guide the model. When executed through GPT, these
custom prompts will generate structured queries in
the format required by the Overpass API.

Table 2 shows the taxonomy of various prompt
categories used while generating the custom prompt
templates, which are later used for the generation of
the structured Overpass query.

3.2.3.2 Data retrieval

The structured query generated from GPT by
processing user queries is used to retrieve geospatial
data. This is carried out with the help of Overpass
API. The Overpass API is a powerful query interface
designed to extract structured data from the OSM
database. It allows users to formulate complex
queries based on tags, spatial constraints (e.g.,
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bounding boxes, radii), and logical operators. In this
study, Overpass API serves as the backend data
source for all spatial queries generated by the
proposed framework [18]. The steps involved in data
retrieval are:

1. Fetch Request to Overpass API

The application sends a POST request to the
Overpass API endpoint with dynamically generated
queries. The signal parameter from
overpassAbortController allows the request to be
aborted if necessary. The request includes the
Overpass API query specified using geographical
bounds.

2. Processing the API Response

The output format is converted to JSON for easier
processing. This contains the requested geospatial
data.

3.2.3.3 Handling and visualizing data

Features, if available, are added to the map as new
layers with unique identifiers and colors. These
features include points, lines, and polygons, which
are added and visualized on an interactive map as
distinct layers. These layers are customizable, which
ensures better usability. Multiple features can be
extracted simultaneously through this platform. This
helps in advanced geospatial analysis while handling
complex geospatial data.

3.2.4 Data visualization

The data retrieved from the Overpass API into
GeoJSON format and displays it as interactive layers
on the map using the GeoJSON layer component.
Each layer represents specific geographical features
like roads, buildings, or parks. The application
facilitates  handling  multiple data layers
simultaneously. Layers are dynamically added based
on the user queries. Each layer is displayed
hierarchically to avoid obscuring important features.
Users can modify the appearance of each map layer
in terms of color, opacity, and order.

Table 2: Taxonomy of prompt categories

Prompt Category Usage

Example

Direct Conversion

Contextual
Rewriting

Spatial Constraints
Multi-entity
Queries

Clarify vague intent before
translation

prompt

Conversion to Overpass Query

Enforce geolocation-specific results
Extract multiple categories in one

Translate this query: ‘bike racks near train
stations in Mumbai’

Rewrite and then convert: ‘places for eating
near garden’

Use bounding box for: ‘schools in Pune’
Find parks with sports facilities in Delhi
using Overpass QL”
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Figure 4: Outcome generated by proposed application

This allows for a personalized and comprehensible
map view. Toggling layer visibility and zooming to
specific layers are also facilitated through this
application. These customization features ensure that
users can tailor the map presentation to their specific

needs.

4. Results and Discussion

The retrieval and analysis of geospatial data are
facilitated through the web-enabled framework
through functions that support the specification of
input queries using natural language. Users can
specify their queries in plain English, which are
converted to precise, structured queries using tailored
custom prompts passed to GPT, which are then
passed to OSM for geospatial data retrieval. The
following example shows a sample user input, its
corresponding query generated through custom
prompts of GPT, followed by the results returned by
our application (Figure 4).

User Specified Query in Natural Language:
“Find all nearby hospitals”

Structured Query generated through GPT:
{

"query name":"hospitals", "osmquery":

[out:json] [timeout:45] ;nwr['amenity'="hospital'] ({{
bbox}});

out,>;out skel gt;"

}

Results obtained through OSM:
The results show the points indicating hospitals near

the user’s current location.

These points are automatically added as features on
the interactive map. The proportion of points that are
precisely returned is comparable to available
commercial solutions. The user can further customize
these depending on the requirements. The application
allows users to select AOI by drawing a bounding
box around the desired area while formulating the
query. This ensures that the application returns only
the corresponding geospatial data from the selected
area.
For example, for a user query “Show me the parks
within the bounding box", the application returns all
the parks within the specified area. This can help
urban planners who may not have geospatial
knowledge to seamlessly retrieve the data for green
space assessments. This application provides the
facility for interacting with geospatial data and
downloading it using GeoJSON format. The
downloaded data can be easily imported into GIS
software. The obtained results are precise,
demonstrating an average performance of 95%
accurate geospatial data retrieval. In applications
such as urban density analysis and transportation, this
framework can be utilized directly for faster and
more precise geospatial data extraction. Users can
export the building data and perform urban density
analysis using our application. This is helpful for city
planners in making informed decisions related to
future developments. Figure 5 shows the results
obtained for extracting specific features like college
buildings to analyze nearby buildings/other features.
This can aid the respective government officials to
analyze this data more suitably, and it helps in
planning for further infrastructure.
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Figure 5: Results generated for extraction of specific feature

Analysis can also help to know the status of various
features like analysis of parking spaces and total
commercial area near the college. On the other hand,
planners involved in managing transportation
networks can use this application to learn the present
status of bus stops and bus routes.

Model Validation:
All the experimentation was conducted on a terminal
with an i5 processor having 16 GB of RAM without
graphics support on the Windows 11 operating
system. Design and development of web-enabled
dashboard and its integration with GPT 3.5, custom
prompt design, etc., was undertaken using this
terminal. A freely available API key for accessing
GPT 3.5 and Overpass API was procured through
respective portals. The proposed framework and the
script used for integration do not require model fine-
tuning or support from external training data, making
it lightweight and faster.

To support the reported average accuracy of 95%,
a structured evaluation was conducted on a test suite
of 50 user queries covering diverse spatial data types
and query patterns. Each query was evaluated on two
criteria: a) Syntactic validity, which assesses whether
the generated Overpass QL executed successfully. b)
Semantic correctness for assessing if the output
matched the user’s intended feature class and spatial
scope. Manual verification and sample-based spatial
overlays were used to validate the outputs. The
overall average accuracy was 95%. However, a
significant variance was observed across query
categories, as shown in Table 3. The framework was
tested on a wide range of query categories, and the
system outcome was assessed by human evaluators.
The accuracy reported is the average accuracy results

obtained on multiple queries of the same category. It
was calculated as the ratio of correct responses
against the total number of responses returned by the
framework. The correctness of the response was
assessed by geospatial experts. The responses and
failure modes pertaining to each of the query
categories were also assessed.

Further to validate our findings, a task-specific
comparison of the proposed framework against
existing works was undertaken, which focused on
spatial data extraction pertaining to three common
tasks in geospatial data analysis:

1. Pol Extraction (e.g., "Find all hospitals in
South Delhi")

2. Buffer/Proximity Queries (e.g.,
"Restaurants within 1 km of IIT Bombay")

3. Complex/Multi-tag Queries (e.g., "Schools
with playgrounds in Pune")

It is observed that the proposed framework
outperforms in terms of average accuracy of the
retrieved geospatial data in raster and vector formats
across Pol extraction and buffer queries, while it
shows some lag and vagueness in the outputs
produced for complex queries, as shown in Table 4.

Ethical Considerations and Model Bias:

The response generated by LLMs are directly
dependent on their training data, including
assumptions about geographic context (e.g.,
overrepresentation of urban contexts). These biases
may result in incorrect or skewed Overpass query
outputs. To address this, we designed carefully
curated prompt templates that encourage explicit
geographic referencing and discourage implicit
assumptions.
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Table 3: Result analysis of proposed framework across various query categories

Query Category Sample Queries Average End-End Failure Mode(s)
Accuracy Execution Time (s)
(%)
Point of Interest (Pol) "Hospitals in Mumbai" 98 13.6 Minor tag mismatches
Extraction
Multi-tag Features "Tourist spots with 89 23.9 Misordered logic; missed
cafes" spatial filters
Vague Queries "Public spaces around" 94 19 Ambiguous tags; overly
broad Overpass filters
Proximity-based "Bus stops within 250m 97 14.2 Incorrect radius filter
Spatial Queries of railway stations" syntax or bounding box
failure
Land Use & "Residential zones in 95 15.2 OSM tag gaps;
Infrastructure Delhi-NCR" underspecified labels
Contextual Named "Near Gateway of India' 94 20.4 Named entity resolution
Entities ambiguity

Table 4: Task-specific analysis of proposed framework vs. existing frameworks

Framework Task Type and Average Accuracy Key Observations
Pol Buffer-based Complex
Extraction  Queries Queries
OSM-GPT [15] 90 83 86 Fixed prompt templates
ArcGIS [21] 92 90 91 1.Requires manual layer selection
2.Scripting using Python
GEE [22] 90 87 89 1.Requires JavaScript and vector
data conversion
2. No native support for buffering
GeoGPT [40] 88 81 85 In some cases, buffer spatial
extents are misunderstood, and
incorrect outputs are produced
Proposed 98 97 89 Structured prompt pipeline with
Framework custom and categorized prompts

The prompt validation checks are performed through
manual interventions and validation to ensure spatial
relevance. The proposed framework follows the
OpenStreetMap Foundation’s Open Database
License (ODbL) by attributing all data sources and
clearly indicating the source of extracted features
wherever applicable.

Discussion and Analysis of Results:

The present study attempts to provide a highly
effective and interactive application for accessing
and analyzing geospatial data. The advanced
capabilities of GPT are integrated into a web-enabled
framework. Users can specify their queries in natural
language using customized prompts. The integration
of generative Al for geospatial data extraction via the
Overpass API represents a significant shift in the
field of geospatial technology. By transforming
natural language queries into structured prompts, this
technique improves both accessibility and
operational efficiency. Existing techniques that use
generative Al for the extraction of geospatial data
[43][44][45] and [46] need high computational

resources and a larger response time. It requires more
effort and person-hours, depending on the
complexity of the task. The proposed technique
outperforms existing works with improved speed in a
simpler and more accessible framework (Figure 6).
Through experimental results, it is observed that the
proposed technique outperforms conventional
systems with an average accuracy of 95% in precise
geospatial data extraction against various geospatial
tasks. Further, the average execution time required
for end-to-end response by the proposed system is
significantly lower in comparison with existing
works (Table 1, and Table 3). The platform's
integration of customizable map layers allows for
more dynamic and detailed visualizations,
facilitating a better understanding of spatial data.
This flexibility is essential for applications in fields
like environmental monitoring, urban development,
and logistics, where varying layers of data need to be
analyzed concurrently. It strengthens the geospatial
technology by significantly reducing the time
required to retrieve data, maintaining high accuracy,
and simplifying user interaction.
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Figure 6: Comparative analysis of frameworks/tools for geospatial data extraction/analysis

Although the proposed framework demonstrates
good performance, it has some limitations. The
model struggles with ambiguous queries, such as
“show important areas nearby," where it lacks cues to
translate the intent into precise spatial filters. The
complex queries that involve multiple constraints or
logical operations (e.g., "parks near hospitals with
parking") are not always precisely converted to
structured queries for the Overpass API. This
highlights a need for enhanced query parsing or
multi-step prompt strategies in the future.
Additionally, the reliance on GPT-3.5 introduces
dependency on external APIs that limit local or
offline deployment scenarios. The framework's
performance in dense urban environments shows
some bottlenecks, such as slower response time while
dealing with the larger number of features and/or
larger areas. To overcome these limitations,
techniques like data chunking, where large queries
are divided into smaller bounding boxes, and parallel
execution of sub-queries can be explored. In addition,
a result caching layer for frequently queried locations
can be introduced to reduce repetitive API calls to
OSM and improve responsiveness.

5. Conclusion

This study presents an interactive web-enabled
framework for translating user queries in natural
language to structured Overpass queries and
retrieving geospatial data through OSM. It presents
a comprehensive data pipeline that leverages GPT 3.5
for user query translation and geospatial data access
with the aid of custom prompts. It bridges the

usability gap between non-technical users and
complex spatial databases by automating query
generation and execution. Our evaluation shows that
the system delivers competitive accuracy and faster
response times when compared to contemporary GIS
workflows and NLP baseline models. This affirms
the suitability of this approach in real-time
applications like disaster management and urban
planning. Including customizable map layers further
strengthens the platform's functionality, offering
users dynamic and intuitive ways to visualize spatial
data. Notably, the approach enhances usability
without sacrificing spatial correctness, making it
suitable for exploratory tasks and lightweight spatial
analysis. However, limitations exist in processing
ambiguous or highly compound queries, which
sometimes lead to misinterpretation or incomplete
data extraction. We also observed minor scalability
constraints when handling large spatial extents in
dense urban areas. Future work will focus on
integrating multi-turn query refinement, prompt
chaining  techniques, and improved Ul
responsiveness via data chunking and caching
mechanisms. In addition, a result caching layer for
frequently queried locations can be introduced to
reduce repetitive API calls to OSM and improve
responsiveness. We also plan to expand the system’s
multilingual capabilities and test it across broader
geographies and query types. This work lays the
foundation for more intuitive spatial data access
through large language models within open-source
ecosystems.
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