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Abstract

Geographic modeling plays a critical role in addressing complex environmental and
urban challenges, enabling researchers to simulate spatial processes across climate
assessment, disaster prediction, and resource management. Jupyter has emerged as a
widely adopted platform for modeling due to its capabilities in interactive computing,
reproducible workflows, and collaborative research. However, a critical gap persists:
Jupyter lacks seamless access to professional-level geographic models—sophisticated,
domain-specific algorithms that encapsulate decades of expertise and are essential for
rigorous urban system analysis. We have previously developed the Open Geographic
Modeling and Simulation (OpenGMS) platform, which hosts over 3,000 validated
models spanning urban hydrology, transportation analysis, and terrain modeling.
Building upon this foundation, we introduce PyGeoModel, an open-source Python
package that bridges Jupyter’s interactive environment and OpenGMS’s model
repository. PyGeoModel delivers two key innovations: (1) a code-free graphical
interface that enables direct model invocation, eliminating technical barriers for
non-programmers, and (2) intelligent model services powered by large language
models, including a context-aware model recommendation system and a knowledge-
enhanced question-answering service for real-time model parameter guidance. We
demonstrate PyGeoModel’s effectiveness through a case study assessing urban rooftop
photovoltaic potential in Xuanwu District, Nanjing, China. Using PyGeoModel’s
graphical interface and intelligent services, researchers complete the entire analysis
within a single Jupyter notebook, from data loading and model selection to execution
and visualization. What traditionally demands extensive manual configuration,
specialized software, and deep domain knowledge is now accessible through intuitive
interactions and AI-assisted guidance, advancing open urban data science and
enabling interdisciplinary collaboration on urgent environmental challenges.
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1. Introduction

Urban systems face unprecedented challenges in the era of rapid urbanization and
climate change (Zhou, 2025), from managing stormwater runoff and air quality to
optimizing energy infrastructure and transportation networks. Geographic modeling
has become indispensable for evidence-based urban planning and policy-making
(Goodchild, 2009), enabling researchers to simulate complex urban processes. By
integrating sophisticated algorithms with diverse urban datasets spanning building
footprints, mobility patterns, environmental sensors, and socioeconomic indicators,
these models provide critical insights into climate change impacts (Sheng et al., 2025),
natural disaster risks (Wang et al., 2023), and sustainable resource management
(Lü et al., 2025). However, the technical complexity and fragmented toolchains of
urban modeling workflows pose significant barriers to broader adoption, limiting the
participation of interdisciplinary researchers.

Recent years have seen the rapid maturation of the Python geospatial ecosystem.
Libraries such as GeoPandas and GDAL form the backbone of vector and raster data
processing (Jüstel et al., 2022), alongside machine learning frameworks like TorchGeo.
Jupyter plays a distinct role within this ecosystem by providing an interactive
computing environment that seamlessly integrates these processing capabilities with
visualization and narrative documentation (Wagemann et al., 2022). This integration
significantly enhances workflow efficiency and scientific reproducibility (Pimentel
et al., 2021). Leveraging Jupyter’s unique widget infrastructure, the community has
further developed tools that transform static scripts into interactive applications,
such as geemap for observation data access (Wu, 2020), and leafmap or PyGMT for
interactive mapping (Wu, 2021; Uieda et al., 2021). These tools demonstrate the
platform’s potential to streamline urban modeling workflows from data acquisition
to visualization (Zhang et al., 2025).

Despite these advances, a critical gap persists within the Python computational
ecosystem: the lack of seamless integration with urban analysis models. These sophis-
ticated, validated models, such as the Storm Water Management Model (SWMM)
(Gironás et al., 2010) for urban hydrology, the Integrated Valuation of Ecosystem
Services (InVEST) (Nelson et al., 2009) for urban green space assessment, or special-
ized models for solar potential estimation, encapsulate decades of domain expertise
and are essential for rigorous urban system analysis. These models often operate as
standalone executables or rely on complex, non-standardized input formats, lacking
native Python interfaces. Consequently, even within a unified environment like
Jupyter, researchers are compelled to exit their computational workflows, navigate
external platforms, manually transfer data, and execute models in separate interfaces.
This fragmentation undermines the reproducibility and analytical coherence that
Python-based workflows otherwise enable (Zhu et al., 2023).

This integration gap stems from two fundamental challenges. First, model
availability: professional geographic models are distributed across institutional
repositories with unique access protocols (Chen et al., 2020; Zhang et al., 2021), and
many are computationally intensive, exceeding typical local computing capacities
(Yang et al., 2017). Second, model usability: even when models are accessible
via APIs, invoking them requires programming expertise to handle authentication,
data serialization, parameter configuration, and result parsing (Morsy et al., 2017;
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Ma et al., 2025a). These tasks demand domain-specific expertise and complex
configurations (Chen et al., 2020; Longley and Chen, 2025), including parameters
that require deep understanding of physical processes and local environmental
conditions (Zhang et al., 2016). Moreover, researchers struggle to identify optimal
models from vast repositories, selecting appropriate models demands understanding of
model assumptions, input requirements, and regional applicability, expertise typically
confined to domain specialists. These dual barriers of availability and usability limit
participation from interdisciplinary researchers, constraining the broader impact of
urban data science.

To address the availability challenge, we developed the Open Geographic Modeling
and Simulation (OpenGMS) platform (Xu et al., 2024a) (https://geomodeling.
njnu.edu.cn) in our prior work, which hosts over 3,000 validated models spanning
urban hydrology, climatology, transportation, and terrain analysis. Through service-
oriented architecture, OpenGMS transforms complex models into web-accessible
services with standardized interfaces and distributed computing capabilities, enabling
global access to professional models without local installation or configuration. This
infrastructure establishes a foundation for model sharing and reuse, resolving the
fragmentation and computational resource barriers that previously limited model
accessibility.

Building upon the OpenGMS infrastructure, we introduce PyGeoModel, an
open-source Python package designed to integrate geographic modeling services
into the Jupyter environment. The package acts as a bridge for domain researchers
and data scientists, enabling them to utilize specialized geographic models without
mastering the specific implementation details of these models or deep domain ex-
pertise. To achieve this, PyGeoModel implements two primary capabilities: (1) a
hybrid interface that enables model invocation via standard Python scripts, while
providing an optional graphical interface for parameter configuration that can be
converted into executable code; and (2) intelligent support services that deliver
model recommendations and answer context-specific questions by analyzing notebook
content—including research objectives, data characteristics, and spatial context. By
connecting distributed model resources with this Python-native integration, PyGeo-
Model facilitates the rigorous application of urban modeling tools in interdisciplinary
research.

2. Background

2.1. The Emergent Role of Jupyter in Urban Data Science

2.1.1. Core Advantages for Urban Analysis

Jupyter has emerged as the de facto standard for data-intensive scientific research
(Perkel, 2018). Recent studies indicate a dramatic increase in Jupyter’s usage within
data science, with over 2.7 million public notebooks on GitHub by 2020 (Källén and
Wrigstad, 2020) and a significant portion dedicated to urban data science applications
(Gil et al., 2016; Söchting et al., 2025). As illustrated in Figure 1, Jupyter’s widespread
adoption is driven by four fundamental advantages—Interaction, Reproducibility,
Collaboration, and Ecosystem—which collectively address longstanding challenges in
urban data science.
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• Interaction: Jupyter’s interactive environment profoundly changes how re-
searchers conduct research by enabling real-time experimentation with data
and visualization (Choromański et al., 2023). Jupyter supports GUIs through
widgets, enabling researchers to create sophisticated “Research GUIs” with
minimal programming effort. These interfaces integrate scientific code with
interactive elements—such as sliders, buttons, and menus—making advanced
urban analyzes accessible to non-programmers and accelerating the iterative
research process.

• Reproducibility: By combining code, data, documentation, and results in a
single, shareable document, Jupyter enhances transparency and reproducibility
(Samuel and Mietchen, 2024). For instance, a notebook built to assess urban
solar potential can seamlessly bundle the Python scripts that calculate building
sun exposure, the raw geospatial data of rooftops, interactive maps showing
intermediate results, and the narrative text that documents the entire analytical
methodology, ensuring that other researchers can replicate the study exactly
as conducted, making Jupyter a preferred choice for publishing and sharing
modeling workflows (Kluyver et al., 2016).

• Collaboration: Jupyter facilitates collaboration among researchers by enabling
teams to work together. Notebooks can be hosted on cloud platforms, such as
Binder or Google Colab, allowing remote researchers to edit, comment, and
execute code collaboratively. Urban modeling often involves multidisciplinary
collaboration, by providing a centralized platform for sharing and reviewing
modeling process, Jupyter fosters interdisciplinary dialogue and accelerates the
dissemination of research findings.

• Ecosystem: Jupyter’s ecosystem offers researchers a comprehensive array of
specialized tools and libraries. This ecosystem encompasses numerous libraries
specifically designed for urban modeling, such as GeoPandas (Bossche et al.,
2024) (for vector data processing), GDAL (Rouault et al., 2025) (for vector
and raster operations) and xarray (Hoyer et al., 2024) (for multi-dimensional
array analysis), which enable researchers to conduct urban modeling workflow
within a single notebook.

2.1.2. Existing Toolchains and Established Workflows

The urban modeling community enables a relatively comprehensive modeling
workflow through specialized tools, as systematically illustrated in Figure 2. We
organize urban modeling across four sequential stages: (1) Data Acquisition and
Processing is facilitated through interfaces like geemap (Wu, 2020) for accessing
Google Earth Engine (Gorelick et al., 2017), and OSMnx (Boeing, 2017) for retrieving
urban network data; (2) Statistical Modeling and Model Simulation demonstrates how
TorchGeo (Stewart et al., 2022) and Hugging Face (Wolf et al., 2020) are employed
for implementing machine learning algorithms; (3) Data Analysis and Visualization
showcases functional implementations using PyL7VP (https://li.antv.antgroup.
com) to transform model outputs into interactive visualizations; and (4) Collaboration
and Notebook Sharing highlight publish mechanisms through nbviewer (https:
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• Leverage the power of 
open-source tools.

• Foster a collaborative
modeling community.

• Realize modeling with code, data, and
visualization in real time.

• Modeling process is iterative and
exploratory.

• Combine code, documentation, and 
~results in a single document.

• Facilitate researchers’ 
sharing and collaboration.

• Enhance reproducibility and 
transparency.

• Enable scientists to work on 
modeling together.

Figure 1: Jupyter’s Advantages in Urban Data Science.

//nbviewer.org) and Binder (https://mybinder.org), researchers transform from
private to shareable scientific products. These implemented toolchains demonstrate
the concrete realization of Jupyter’s theoretical potential, provide researchers with
practical pathways to leverage Jupyter’s capabilities across the complete modeling
lifecycle

2.2. The Critical Integration Gap: Availability and Usability Challenges

Despite Jupyter’s advancements in urban modeling workflows, a significant gap
remains in integrating what constitutes the critical and resource-intensive step:
professional geographic models. Lacking direct access, researchers must halt their
analysis within the notebook, manually export their data into formats compatible
with an external tool, execute the model in that separate environment, and then
laboriously re-integrate the results back into Jupyter for continued analysis, under-
mining Jupyter’s otherwise comprehensive environment for urban modeling. This
gap stems from several challenges:

2.2.1. The Availability Challenge: Fragmentation and Computational Barriers

Professional geographical models are distributed across numerous institutional
platforms (Chen et al., 2020), each with unique access protocols, execution envi-
ronments, and documentation standards. This fragmentation forces researchers to
navigate disparate systems outside Jupyter, manually transferring data between
platforms and disrupting the unified workflow that Jupyter otherwise facilitates.

Many sophisticated geographical models demand substantial computational re-
sources and specialized execution environments that exceed typical local computing
capabilities. While Jupyter offers some distributed computing options, it lacks
native support for orchestrating the high-performance computing infrastructure often
required by professional geographical models.

5

https://nbviewer.org
https://nbviewer.org
https://nbviewer.org
https://mybinder.org


whiteboxgui

PyEcharts PyL7VP

Data Acquisition 
and Processing

Statistical modeling 
and 

model simulation

Data Analysis and 
Visualization

Collaboration and 
Notebook sharing

Step Toolsets Example Snippets

Figure 2: Urban modeling workflow and the corresponding tools in Jupyter. It illustrates the four-
stage urban modeling workflow supported by Jupyter, as described in the text: Data Acquisition and
Processing (e.g., geemap, GDAL), Statistical Modeling and Model Simulation (e.g., TorchGeo, scikit-
learn), Data Analysis and Visualization (e.g., PyL7VP, leafmap), and Collaboration and Notebook
Sharing (e.g., Binder, nbviewer). Example snippets demonstrate how these tools streamline
fragmented workflows into a unified, interactive environment.

2.2.2. The Usability Challenge: Domain Expertise and Configuration Complexity

Unlike general-purpose data analysis tools or standard machine learning frame-
works, professional geographical models typically incorporate sophisticated physics-
based algorithms (Bhasme et al., 2022; Gurbuz et al., 2024), require complex setup
procedures (Brookfield et al., 2023; Vivoni et al., 2011) and demand domain-specific
expertise that extends beyond basic programming skills (Qin et al., 2025). This
inherent complexity poses a significant usability challenge for researchers, and simul-
taneously complicates the task of creating standardized, user-friendly integrations
for developers.

These gaps represent a significant barrier to realizing Jupyter’s full potential as
an integrated environment for urban modeling, as it forces researchers to fragment
their workflows precisely at the stage where integrated analysis is most crucial.

2.3. OpenGMS: A Foundation for Solving Model Availability

OpenGMS is an open geographic modeling and simulation platform, designed to
promote collaborative research by supporting the sharing of geographic resources
such as models, tools, and data within the scientific community (Xu et al., 2024a).
In particular, OpenGMS provides a robust environment where experts and users can
upload, share, and access professional geographic models, as shown in Figure 3.

2.3.1. Model Sharing via Service-Oriented Architecture

OpenGMS employs a service-oriented architecture (SOA) to transform complex
geoscientific models into web-distributed services, significantly enhancing their acces-
sibility and reusability (Zhang et al., 2020). This mechanism addresses the challenges
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Figure 3: Model Sharing Process of OpenGMS. It shows how model contributors share on OpenGMS
by packaging models with dependencies and licenses. The models are organized into categories like
Hydrological, Atmospheric, and Soil Models, and made available to users worldwide through a user
interface and distributed computing.

of resource fragmentation and technical barriers by enabling seamless integration
and distributed computing across global networks.

The process begins with experts uploading their models through the OpenGMS
portal, which bridges resource contributors and users. Experts encapsulate their
models as services, packaging essential components such as source code, executable
files, dependency libraries, and metadata into a standardized format (Zhang et al.,
2019). The encapsulation leverages SOA principles, allowing models to be deployed
as web services that can be invoked remotely via application programming interfaces.
The platform’s distributed computing framework further enhances this process by
utilizing idle computing resources across the internet, enabling models to run on
any connected computer worldwide without requiring users to download or configure
complex local environments.

The upload and publication workflow are meticulously structured to ensure
efficiency and adherence to FAIR principles (Findable, Accessible, Interoperable,
Reusable) (Xu et al., 2024a). Experts first register their models on the OpenGMS
portal, providing detailed metadata including the model’s name, purpose, applicable
domain, input/output specifications, and usage guidelines. OpenGMS then facili-
tates the transformation of these models into web services, generating comprehensive
metadata to enhance their discoverability and interoperability. This structure or-
ganizes resources effectively and supports a classification system that categorizes
models by application-focused (e.g., natural, human, or integrated perspectives) and
method-focused criteria (e.g., data or process perspectives) (Xu et al., 2024b). After
submission, these models will be available for global users to search, access, and
invoke through a simple graphical interface.

2.3.2. The OpenGMS Repository and Community Ecosystem

OpenGMS has become a flourishing hub for geographic modeling and simulation
(Bayer et al., 2021; Jiang et al., 2022), amassing contributions from experts across a
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Figure 4: Semantic Maps of Resource Contexts on OpenGMS. (a) Model contexts, including themes
like Climate Analysis and Hydrology; (b) Data contexts, covering areas such as Land Cover and
Nighttime Imaging, highlighting the diverse themes and fields supported by OpenGMS.

wide range of domains, resulting in over 3,000 online models. It’s now attracting a
global community of researchers, practitioners, and institutions, fostering a vibrant
ecosystem.

The diversity of model contributions is driven by a multidisciplinary network of
experts who have enriched OpenGMS with specialized models, including prominent
models like the Soil and Water Assessment Tool (SWAT) (Arnold et al., 2012), Storm
Water Management Model (SWMM) (Gironás et al., 2010), Integrated Valuation of
Ecosystem Services and Tradeoffs (InVEST) (Nelson et al., 2009), and Community
Atmosphere Model (CAM) (Collins et al., 2006). OpenGMS’s community ecosys-
tem, comprising resource contributors—such as model developers, universities, and
research institutes—and a diverse user base, including academics, policymakers, and
environmental practitioners. OpenGMS’s community ecosystem is further bolstered
by its integration into broader scientific networks, such as CoMSES Net (Network for
Computational Modeling in Social and Ecological Sciences) and the Open Modelling
Foundation.

OpenGMS hosts a rich and diverse collection of geographic resources, encom-
passing both models and data, which cater to a wide array of research needs across
natural, human, and integrated domains. As illustrated in the resource context se-
mantic maps (Figure4 (a) and (b)), these resources span numerous themes and fields.
Figure 4(a) illustrates the thematic landscape of the available models, with clusters
representing key application areas like Climate Analysis, Hydrology, Wind Energy,
Land Use, and Ecological Balance, enabling researchers to simulate processes such
as evapotranspiration, population dynamics, and solar radiation impacts. Similarly,
Figure 4(b) maps the subject matter of the platform’s data, covering diverse fields
from Shipping Statistics, Land Cover, and Nighttime Imaging to Air Quality and
Economic Data, alongside specialized datasets like Historical Maps and Remote Sens-
ing. This extensive coverage ensures that OpenGMS provides comprehensive support
for interdisciplinary studies, from urban planning and environmental management to

8



climate change assessment, thereby facilitating collaborative and impactful research.
The vast repository of models and data on OpenGMS thus represents a major, yet

largely untapped, resource for the geoscientific community. To unlock this potential
and directly address the critical integration gap within Jupyter, we developed
PyGeoModel—a tool designed to seamlessly connect these two powerful ecosystems.

3. PyGeoModel: A User-Centric Approach to Professional Urban Model-
ing in Jupyter

3.1. Overview

PyGeoModel realizes a user-centric approach for professional urban modeling in
Jupyter. The package is designed to shift the researcher’s focus from the complex-
ities of technical implementation to the core of scientific inquiry. To achieve this,
PyGeoModel is built upon two key components: (1) a code-free GUI that abstracts
away the procedural steps of model configuration and execution, and (2) a suite of
intelligent, LLM-powered services designed to lower the domain knowledge barrier.
These services include a context-aware recommendation system to aid in model
selection, and a knowledge-enhanced Q&A service to provide real-time guidance.
This integrated, user-centric architecture streamlines the decision-making process,
empowering researchers to engage with sophisticated models more efficiently.

As illustrated in Figure 5, PyGeoModel seamlessly integrates with Jupyter
Notebook and the OpenGMS platform, facilitating the invocation of over 3000
validated geographic models. The system allows researchers to access, configure, and
run these models through an intuitive GUI, supported by intelligent services such as
model recommendation and knowledge-enhanced Q&A.

3.2. Graphical User Interface Architecture

PyGeoModel employs a three-tier architectural design that seamlessly integrates
professional urban modeling capabilities within the Jupyter ecosystem. This architec-
ture bridges the gap between Jupyter’s interactive computational environment and
the distributed OpenGMS backend infrastructure through a user-friendly interface
paradigm.

The architecture comprises three interconnected layers that work in concert to
deliver a cohesive modeling experience. At the presentation layer, the client-side GUI
leverages Jupyter’s native widget framework to provide an intuitive interface for model
interaction. The ModelGUI class serves as the primary orchestrator, dynamically
rendering interactive components including model selection dropdowns, file upload
interfaces, parameter configuration panels, and execution controls through Jupyter’s
ipywidgets library. As demonstrated in Figure 6(a), this interface transforms complex
modeling workflows into accessible point-and-click operations while maintaining
full transparency of the underlying processes within the notebook environment.
The architectural flow (Figure 6(b)) illustrates how the IPython kernel initializes
PyGeoModel components and renders the interactive interface through ipywidgets,
while the model selection and configuration interface (Figure 6(c)) showcases the
practical implementation with features such as model browsing, parameter input,
and intelligent assistance through the integrated Q&A system.
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Figure 5: PyGeoModel and OpenGMS Integration Workflow for Urban Analysis. This figure shows
the integration of PyGeoModel within the Jupyter Notebook environment and its connection to the
OpenGMS platform. It highlights key functionalities and applications in urban analysis, including
urban planning, disaster assessment, and environmental modeling.
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Figure 6: PyGeoModel Architecture for Urban Modeling in Jupyter. (a) User interface components
and model management workflow showing the integration between GUI widgets and backend services;
(b) Kernel initialization process illustrating how IPython kernel loads and renders PyGeoModel
components through ipywidgets; (c) Model selection interface displaying SWAT model configuration.
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Figure 7: SDK Architecture for PyGeoModel’s Model Execution in Jupyter. This figure illustrates
the SDK supporting PyGeoModel’s model invocation, as described in the text. Components like
OGMSTask and StateManager manage task lifecycles and states, while MDL simplifies model
descriptions for user interaction. OGMSAccess integrates with backend services (Task Management
and Data Storage) to enable efficient model execution within Jupyter.

The intermediate layer consists of a Software Development Kit (SDK) that serves
as the operational backbone connecting user interactions to backend services. This
SDK architecture, detailed in Figure 7, encompasses five specialized components
working in coordination: (1) OGMSAccess orchestrates the complete task lifecycle,
managing the progression from model selection through result retrieval and ensuring
seamless workflow continuity; (2) OGMSTask provides precise control over individ-
ual modeling operations, handling data uploads, execution monitoring, and status
tracking with robust error handling capabilities; (3) HttpClient encapsulates all
communication protocols with backend services, implementing secure and efficient
data transfer mechanisms for task management and storage operations; (4) State-
Manager maintains persistent task state information, enabling reliable tracking of
long-running computations and supporting workflow resumption capabilities; and (5)
Model Description Language (MDL) parser translates complex model specifications
into user-comprehensible configurations, abstracting technical implementation details
while preserving modeling precision.

This layered architecture enables a streamlined yet powerful workflow by trans-
lating what are typically complex, code-based modeling requirements into a guided,
graphical process. Once the user defines a task through this interface, the SDK
transparently coordinates its execution across the OpenGMS distributed cloud infras-
tructure via standardized HTTP protocols. The resulting outputs are then seamlessly
integrated back into the notebook environment, ready for immediate analysis and
visualization. By distributing computational workloads to specialized backend re-
sources, this design ensures exceptional scalability—supporting access to thousands
of models without overwhelming local computing resources—while maintaining the
responsive interactivity that characterizes an effective Jupyter workflow.

3.3. Context-aware intelligent model services powered by Large Language Models

The practical employment of professional geographical models relies on significant
domain-specific expertise. It particularly impacts non-specialists attempting to
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leverage these powerful analytical tools. Furthermore, with OpenGMS hosting
over 3,000 models, researchers frequently encounter two critical bottlenecks in their
workflows: first, navigating this vast selection to identify the optimal model that
aligns with their specific research objectives, data characteristics, and regional
contexts; and second, overcoming operational challenges in correctly parameterizing
chosen models, managing input/output requirements, and interpreting results—tasks
that typically require specialized knowledge often confined to domain experts or
original model developers. These challenges significantly limit the broader adoption
and impact of sophisticated urban modeling approaches across disciplines.

To address these critical limitations, we introduce context-aware intelligent model
services powered by LLMs, seamlessly integrated within the PyGeoModel framework.
These services harness natural language processing and reasoning capabilities to
deliver two synergistic functionalities: (1) context-aware model recommendation
that streamlines model selection by analyzing users’ research contexts and auto-
matically identifying optimal models from the extensive OpenGMS repository, and
(2) knowledge-enhanced Q&A that provides real-time, domain-specific guidance for
model configuration, parameter optimization, and result interpretation. This intelli-
gent service architecture effectively bridges the complexity gap between sophisticated
professional models and diverse user requirements, thereby democratizing access to
advanced urban modeling capabilities while maintaining scientific rigor.

3.3.1. Dynamic Context Building Framework

To maximize the effectiveness of LLM in domain-specific applications, researchers
must first solve a fundamental challenge: how to provide them with relevant, struc-
tured, and high-quality input. This has given rise to context engineering, a critical
new field focused on the systematic design and optimization of the information
provided to these models. PyGeoModel realizes this principle through a dynamic
context-building framework specifically tailored for urban modeling workflows. This
approach leverages in-context learning (Dong et al., 2022), a technique that enhances
model performance by embedding rich, task-specific information directly within
the prompts sent to the LLM. By actively constructing a context that understands
the user’s research intentions (Phua et al., 2024; Jin and Ma, 2024) and integrates
domain-specific knowledge (Song et al., 2025), PyGeoModel’s intelligent services can
provide far more precise and relevant support.

Without a comprehensive understanding of the user’s Jupyter notebook con-
text—including ongoing analytical tasks, dataset characteristics, and research objec-
tives—LLM responses may be too generic or misaligned with user needs. To address
this challenge, we developed a dynamic context-building framework that integrates
diverse elements of the workflow into a unified contextual profile. This approach
systematically constructs the profile by synthesizing real-time information across
three key dimensions:

• Modeling-History Context: This dimension is derived by parsing the content
of Jupyter notebook, including markdown annotations, code cells, and out-
puts. Rather than treating the notebook’s content as a static collection of
keywords, the framework analyzes the ordered progression of these elements.
This sequential analysis allows it to construct a timeline of the user’s evolving
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analytical objectives. For example, it can infer intent from narrative text and
track the progression of data preprocessing steps, thus providing a dynamic
understanding of the user’s immediate analytical goals.

• Model-Repository Context: Sourced from the OpenGMS model repository, this
dimension provides comprehensive metadata for over 3,000 models, including
input/output specifications, domain classifications (e.g., hydrology, climatol-
ogy), computational dependencies, and regional applicability. This information
allows the framework to map user needs to the most suitable models within
the repository, enhancing the precision of model recommendation. Beyond
traditional keyword-based matching, this dimension implements semantic em-
bedding techniques to map the functional capabilities and application domains
of each model. This enables intelligent discovery through a conceptual match
between user research contexts and model capabilities.

• Data-Repository Context: Encompassing metadata from datasets accessible to
the user—including local files within the Jupyter’s workspace or external re-
sources linked to repositories like the Yangtze River Delta Science Data Center,
National Earth System Data Center (https://geodata.nnu.edu.cn)—this
dimension includes attributes such as geographic coverage, file size, tempo-
ral resolution, and structural format. The metadata enables the framework
to assess data compatibility with available models, ensuring that recommen-
dations account for practical constraints and research-specific requirements.
This dimension implements a process of proactive data-model validation: it
continuously evaluates the alignment between the user’s data and a model’s
requirements across multiple dimensions, enabling the proactive identification
of workflow bottlenecks and alternative solutions.

By aggregating these dimensions into a coherent contextual profile, this dynamic
framework enhances the precision of PyGeoModel’s intelligent services by embedding
real-time, workflow-specific information into LLM prompts. For example, the model
recommendation service utilizes the contextual profile to suggest the most suitable
models from the OpenGMS repository, ensuring compatibility with the user’s dataset
and research objectives. Similarly, the Q&A service provides tailored guidance on
parameter configuration and result interpretation, reducing technical barriers for
users. By transforming fragmented workflows into a unified analytical process, this
dynamic context framework enables LLMs to accurately understand the Jupyter
Notebook context, thereby improving the effectiveness of intelligent services in
PyGeoModel.

3.3.2. Context-Aware Model Recommendation: Improving Model Selection Efficiency

Navigating the vast repository of geographical models to find the optimal fit
for a specific task can be a notable challenge for researchers. Selecting the right
model requires careful consideration of research objectives, dataset properties, and
regional applicability (Chen et al., 2021; Ma et al., 2022). Conventional methods
for discovery, like manual browsing or keyword searching, face inherent limitations
in this complex selection process. Manual browsing is often laborious and depends
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Figure 8: Dynamic Context-Building Framework for Context-Aware Intelligent Model Services in
PyGeoModel. The framework integrates three dimensions—Modeling-History Context (extracted
from Jupyter notebook cells), Data-Repository Context (sourced from Jupyter Lab and Science
Data Center), and Model-Repository Context (derived from the OpenGMS Model Hub and model
description files)—which are reorganized and synthesized into a unified context profile to support
LLM-driven model recommendation and Q&A services.

heavily on the user’s prior knowledge of model classification and applicability, making
it easy to overlook suitable options. Keyword-based searches, while faster, often
lack semantic understanding; they may return irrelevant results based on superficial
term matching or fail to identify models whose descriptions don’t perfectly align
with the search query, overlooking critical aspects like data format compatibility,
computational requirements, or the model’s appropriateness for the specific stage
of the user’s analytical workflow. Neither approach effectively synthesizes the rich
contextual information available — the user’s ongoing analysis, available datasets,
and the detailed specifications of potential models. To bridge this gap, PyGeo-
Model implements a context-aware model recommendation service that leverages
the dynamic context-building framework and LLMs to streamline model selection,
delivering tailored suggestions that enhance both efficiency and accuracy.

This service operates by harnessing the unified context profile constructed from
the three dimensions outlined earlier: modeling-history, data-repository, and model-
repository contexts. The process begins with the system analyzing the user’s Jupyter
activities to identify implicit or explicit modeling needs. For instance, a researcher
preprocessing rooftop vector data and documenting an objective like “assessing urban
photovoltaic potential” in markdown cells provides detectable signals of intent. These
signals, together with dataset metadata (e.g., geographic scope, format) and model
metadata from the OpenGMS repository (e.g., input requirements, domain tags),
are integrated into an LLM-driven recommendation pipeline. The pipeline employs a
multi-layered prompt structure, comprising: (1) a task definition layer that explicitly
instructs the LLM to perform model recommendation; (2) a context injection layer
that integrates current notebook content, data characteristics, and available model
metadata; (3) an inference guiding layer that directs the LLM to evaluate candidates
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Figure 9: PyGeoModel’s Two-Stage Strategy for Model Recommendation. Stage 1 merges context
(modeling history, model/data repositories) with an initial prompt to generate candidate models
using LLMs. Stage 2 refines the prompt with model details and datasets to deliver a final
recommendation with reasoning.

based on multi-dimensional criteria, including data compatibility, computational
complexity, and application scenario fit; and (4) an output formatting layer that
standardizes the presentation of recommendation results.

The recommendation workflow, illustrated in Figure 9, unfolds through a two-stage
strategy. In Stage 1, the dynamic context-building framework generates an initial
context profile by parsing notebook content in real time. This profile is enriched with
metadata from the data and model repositories, forming a comprehensive prompt.
The LLM then assesses a shortlist of models, scoring them based on predefined
criteria such as domain alignment, input/output compatibility, and contextual fit.
In Stage 2, an iterative refinement step verifies each candidate’s suitability by
cross-referencing its metadata with the user’s workflow specifics (such as regional
applicability or preprocessing steps) to ensure practical applicability. The final
output is presented in the output cell, showcasing a single, highly relevant model
deemed most suitable based on the contextual analysis. This output takes the form
of an interactive profile card for the recommended. This card features several key
informational sections derived from the model’s metadata and the contextual analysis:
(1) Model Core Strengths, detailing its primary advantages for the specific context;
(2) Recommendation Reason, justifying why this particular model aligns well with
the user’s inferred objectives and available data; (3) Application Scenario, suggesting
practical research or operational contexts where the model can be effectively applied;
and (4) Recommended Data Resources, specifying the required input datasets,
including necessary local and potentially relevant datasets from integrated knowledge
repository. Users can interact with elements within this profile, for instance, to follow
links to view knowledge repository data or potentially to directly select and configure
the recommended model for execution.

3.3.3. Knowledge-Enhanced Q&A: Supporting Geographical Modeling Expertise

After selecting an appropriate model, researchers often face challenges in un-
derstanding model mechanics, configuring parameters, or interpreting outputs due
to limited domain-specific knowledge (Ma et al., 2025b). Much of this knowledge
is available in published literature, model manuals, books, and online community
forums, yet accessing and synthesizing it in real time remains a hurdle for users,
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particularly non-experts. Rather than relying on external searches that often yield
irrelevant results, PyGeoModel’s knowledge-enhanced Q&A service provides tailored,
authoritative guidance directly within Jupyter. By leveraging the dynamic context-
building framework and LLMs, this service refines user queries to align with their
actual needs, ensuring relevant and actionable support within Jupyter.

The service integrates two types of knowledge sources to address diverse user
requirements, as illustrated in Figure 10. The first source taps into third-party
knowledge repository, such as Elicit (https://elicit.com), Consensus (https:
//consensus.app), and Mosaic (https://xiangqian.tech), which specialize in
thesis-based Q&A. These platforms have curated extensive databases of academic
papers, enabling the retrieval of answers and related literature based on user queries.
They can provide answers grounded in peer-reviewed research, along with citations
to original papers, providing scientific insights (Whitfield and Hofmann, 2023).

While academic papers focus on theoretical frameworks, methodologies, and
high-level insights, they frequently lack the fine-grained details about specific model
parameters or practical configurations critical for effective application (Puetz et al.,
2024). To address this gap, we developed a self-built knowledge repository comprising
modeling manuals, related books, and community forum discussions specific to the
geographical model repository. This knowledge repository captures detailed, model-
specific information, such as parameter descriptions, typical value ranges, and usage
scenarios—that complements the broader context from academic sources (Xu et al.,
2024b). The retrieval process employs a RAG pipeline (Lewis et al., 2020), where
content is segmented, vectorized using embedding techniques, and ranked for relevance
through semantic matching, ensuring precise information retrieval.

The Q&A workflow seamlessly integrates these sources. Upon receiving a user
query, PyGeoModel first leverages the dynamic context-building framework to refine
it, drawing on the unified context profile (modeling-history, data-repository, and
model-repository contexts) to clarify intent and align with the user’s workflow. The
refined query is then sent in parallel to both the third-party services and the self-built
knowledge repository. The LLM synthesizes retrieved content from both third-party
repositories (academic summaries with citations) and the self-built knowledge base
(detailed parameter guidance). The LLM evaluates the relevance of each response
based on the user’s context and query specifics, selecting the most suitable answer
or blending insights when appropriate. The final response will combine a theoretical
explanation from a paper with practical configuration advice from the model manual,
delivering both depth and applicability.

4. Case Study: Assessing Urban Rooftop Photovoltaic Potential

This case study demonstrates how PyGeoModel, integrated within Jupyter,
streamlines the workflow for assessing the rooftop PV potential of Xuanwu District,
Nanjing City, China. By leveraging graphic model invoking services, intelligent model
services, this experiment showcases PyGeoModel’s ability to simplify professional
urban modeling, reduce technical barriers, and enhance reproducibility. The scenario
follows a researcher equipped with Xuanwu District rooftop vector data, aiming
to evaluate the district’s PV potential distribution and total power generation, all
within a unified, interactive notebook.
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Figure 10: Knowledge-Enhanced Q&A Workflow in PyGeoModel. It retrieves academic answers
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from a self-built knowledge repository (e.g., model manuals, computational cases) are split into
chunks, vectorized, and processed. Both sources are then synthesized by LLMs to deliver a tailored,
knowledge-enhanced answer.

The workflow encompasses six key stages: (1) background and objective definition
using Jupyter’s literate programming, (2) data loading, (3) exploratory data analysis,
(4) model invocation via PyGeoModel, (5) result analysis, visualization, and (6)
notebook publication through Binder. The tools used in this case study are listed in
Table 1.

Table 1: Tools and Their Functions in the Case Study. This table lists the tools used, including their
versions and specific roles in supporting background definition, data analysis, model invocation,
visualization, and notebook sharing.

Tool Version Function in the case
folium v0.12.0 Map visualization
PyGeoModel v0.1.4 Model recommendation, interpretation, and invocation;

Data recommendation
Geopandas v1.0.1 Load and process data
Plotly v6.0.1 Statistical data visualization
Binder / Notebook Release and Sharing

4.1. Experiment Design

The experiment simulates a realistic urban modeling research scenario where a
researcher seeks to assess rooftop PV potential for urban energy planning. Nanjing,
a major economic hub in eastern China with a rooftop area of approximately 330.36
km², serves as an ideal case due to its high energy demand and favorable solar
conditions. The researcher begins with rooftop vector data of Xuanwu District,
reflecting a common starting point in urban modeling studies. The design leverages
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PyGeoModel’s capabilities to bypass the labor-intensive computations typical of
traditional PV potential assessments, such as those described by Zhong et al. (Zhong
et al., 2021), while integrating seamlessly with Jupyter’s ecosystem for analysis and
sharing.

Traditional PV potential assessments, as exemplified by Zhong et al., involve
a multi-stage, computationally intensive pipeline that demands significant exper-
tise and resources. Solar radiation modeling integrates Copernicus Atmosphere
Monitoring Service (CAMS) data with weather correction factors (e.g., monthly
atmospheric transmittance and diffusion ratios), requiring complex equations and
iterative computations to estimate per-rooftop potential. Power generation and
validation steps involve additional manual data processing and statistical analysis,
often using disparate tools like ArcGIS, Python, or MATLAB. Traditional workflow
spans multiple software environments, necessitates proficiency in GIS, programming,
and PV modeling, and consumes substantial time.

In contrast, PyGeoModel streamlines this process by encapsulating the entire
multi-stage methodology of Zhong et al. into a single model named the ‘Roof
Photovoltaic Carbon Emission Reduction Potential Assessment Model’, which is
accessible through an interactive, graphical interface within Jupyter. The user’s
role is reduced to two primary actions: uploading their rooftop vector data and
configuring key parameters (such as the assessment time period) via the GUI.
PyGeoModel then handles the entire subsequent computational pipeline—CAMS data
integration, solar radiation modeling, potential estimation, and attribute assignment.
This automation reduces the workflow from dozens of manual steps to a few GUI
interactions, requiring no coding or specialized hardware. By integrating intelligent
services (e.g., model recommendation and parameter guidance), PyGeoModel further
alleviates the technical burden, making professional-grade PV assessment accessible
to users without advanced GIS or programming skills.

4.2. Implementation Details
The experiment was conducted entirely within a Jupyter Notebook to showcase

the end-to-end integration of PyGeoModel, hosted on the widely accessible Google
Colab cloud platform to ensure transparency and reproducibility. As illustrated in
Figure 11, this all-in-one workflow is structured into six sequential stages, which are
detailed below.

Step 1: Background Documentation. The Jupyter Notebook commences with
markdown cells that delineate the research context: Nanjing, with a population of
8.44 million, faces increasing energy demands amidst China’s transition to renew-
able energy. This study aims to quantify Xuanwu district’s rooftop PV potential
distribution and evaluate its power generation using existing vector data. This
documentation establishes the foundation for the subsequent technical workflow,
utilizing Jupyter’s literate programming features to enhance clarity and readability,
embedding the ‘why’ alongside the ‘how’.

Step 2: Data Loading. Xuanwu District rooftop vector data, approximately 6
MB in shapefile format, are imported into the Jupyter Notebook using GeoPandas.
This step ensures the rooftop dataset is seamlessly integrated into the computational
environment for further analysis, a common starting point for many urban modeling
workflows.

18
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https://mybinder.org/v2/gh/MpLebron/PyGeoModel-Case/main?urlpath=%2Fdoc%2Ftree%2Fcode.ipynb
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Figure 11: The all-in-one Workflow and Results of Assessing Rooftop Photovoltaic Potential. (a)
Background documentation in the Jupyter notebook, outlining the research context and objectives
for assessing rooftop photovoltaic (PV) potential in Nanjing, China. (b) Interactive map visualizing
the spatial distribution of rooftops in Xuanwu District, generated using Folium during exploratory
data analysis (EDA). (c) Statistical analysis of rooftop areas in Xuanwu District, showing a
histogram of rooftop sizes (in square meters) with an average area of 615 m², created using
Matplotlib. (d) PyGeoModel GUI interface for model invocation, displaying the “Roof Photovoltaic
Carbon Emission Reduction Potential Assessment Model” model selection, parameter configuration
(e.g., PV conversion efficiency, solar radiation intensity), and execution options. (e) Heat map of
PV potential distribution across Nanjing’s rooftops, generated using Folium, with color gradients
indicating potential in kWh/m² (yellow for high potential, purple for low). (f) Binder publication
link for the notebook, enabling global access and replication of the experiment.
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Step 3: Exploratory Data Analysis. Exploratory Data Analysis is performed
to examine the characteristics of the loaded dataset. Basic statistical metrics are
computed, revealing 19,128 rooftops with an average area of 615 m². The spatial
distribution of rooftops is visualized using Folium, producing an interactive map
embedded within the notebook. Markdown cells document the analysis outcomes,
noting that the central urban zone exhibits a higher rooftop density, indicating a po-
tentially greater PV capacity. This interactive exploration helps build understanding
before formal modeling.

Step 4: Model Invocation. PyGeoModel is initialized through the invoke model()
function, which renders an interactive interface within the Jupyter Notebook. The
suggest model() function is then employed to analyze the notebook’s context, in-
cluding markdown references to “PV potential” and the rooftop dataset type, subse-
quently recommending the “Roof Photovoltaic Carbon Emission Reduction Potential
Assessment Model”, pre-encapsulated based on the methodology of Zhong.

The model requires an additional parameter named system efficiency. This
crucial parameter represents the overall efficiency of the PV system in converting
solar energy into usable electricity delivered to the end-user, accounting for losses
from components such as inverters, cables, and batteries. Through PyGeoModel’s
knowledge-enhanced Q&A functionality, a query is posed: “What is an appropriate
value for system efficiency?”. PyGeoModel retrieves information from its knowledge
base, providing the response: “System efficiency accounts for energy losses during
DC-to-AC conversion, transmission, and due to component degradation. For typical
rooftop installations, this value ranges from 0.8 (80%) to 0.9 (90%). A standard,
conservative value of 0.8 is recommended for this type of potential assessment.” This
context-specific guidance, obtained directly through the Q&A service, saves the user
the effort of researching component standards, performance ratios, or other system
derating factors. Based on this recommendation, the value 0.8 is input via the GUI,
validated by the ModelGUI class, and the model is executed using the “Run” button.
Utilizing OpenGMS’s distributed computing infrastructure, the task completes in
approximately 2 minutes, with results downloaded to the user’s local storage.

Step 5: Result Analysis and Visualization. The resulting dataset includes PV po-
tential attributes (in kWh/m²) for each rooftop. An interactive heat map, generated
using Folium, visualizes the spatial distribution of PV potential. Markdown cells
provide interpretive insights, stating that suburban industrial rooftops exhibit the
greatest potential due to their larger areas and fewer obstructions, directly linking
the visual output back to the research questions.

Step 6: Publication via Binder. To facilitate maximum reproducibility and
promote open science principles, the notebook is uploaded to a GitHub repository
and linked to Binder. Binder creates a fully executable environment directly from the
repository in the cloud, bundling the code, necessary dependencies (like PyGeoModel,
GeoPandas, etc.), and the notebook itself. This allows any researcher, educator,
student, or policymaker globally to re-run the entire analysis exactly as performed
with just a web browser and a single click, ensuring transparency and verification of
the results.

20



4.3. Results and Discussion

The experiment yields a comprehensive PV potential assessment for Xuanwu
District, Nanjing City. The estimated annual power generation is 2,365.28 GWh.
The workflow, completed in under 20 minutes, contrasts sharply with traditional
methods, which require hours of manual computation and data integration. The GUI
eliminates coding requirements, enabling non-programmers to perform professional-
grade analysis. The intelligent services, model recommendation and Q&A, enhance
decision-making, while distributed computing offloads resource demands. Binder
publication further distinguishes this approach, offering a reproducible, cloud-based
alternative to static research outputs.

This case study underscores PyGeoModel’s transformative potential in urban
modeling. By integrating distributed model services into Jupyter, it empowers
researchers to tackle complex problems with minimal technical overhead. The
seamless workflow, from data preprocessing to result sharing, embodies the all-
in-one modeling paradigm, reducing fragmentation and enhancing efficiency. The
experiment’s success in replicating findings with fewer resources demonstrates its
reliability for professional applications, while its accessibility broadens participation
to policymakers, educators, and novices. The Binder-hosted notebook invites global
collaboration, aligning with open science principles and reinforcing PyGeoModel’s
role in advancing reproducible urban modeling research.

5. Conclusion

This study introduced PyGeoModel, an open-source Python package that ad-
dresses critical model accessibility challenges in urban modeling by seamlessly integrat-
ing over 3,000 professional models into Jupyter’s interactive computing environment.
Building upon the OpenGMS platform’s solution to model availability, PyGeoModel
tackles the usability challenge through a dual-component architecture: a code-free
graphical interface that eliminates programming barriers for non-technical users, and
intelligent LLM-driven services that provide context-aware model recommendations
and real-time parameter guidance. By democratizing access to professional urban
modeling capabilities while maintaining complete analytical transparency and re-
producibility, PyGeoModel advances open urban data science and enables broader
participation from interdisciplinary researchers, practitioners, and stakeholders.

The Nanjing rooftop photovoltaic potential assessment demonstrates PyGeo-
Model’s practical impact. What traditionally required dozens of manual steps across
multiple platforms was condensed into a single, interactive notebook that maintains
complete analytical transparency and reproducibility. The context-aware model
recommendation service guides users toward appropriate models based on research
context, while the knowledge-enhanced Q&A service provides critical parameter
guidance that typically requires deep domain expertise. By eliminating technical
barriers that fragment workflows across disparate platforms, PyGeoModel enables
interdisciplinary teams to focus on analytical insights rather than software navigation
complexities.

Despite these contributions, several limitations warrant acknowledgment. PyGeo-
Model’s current implementation relies on the OpenGMS platform’s availability and
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network connectivity, which may pose challenges for users in regions with limited
internet access or during platform maintenance periods. Additionally, while the
LLM-driven services significantly lower technical barriers, they inherit the inherent
limitations of large language models, including potential hallucinations in model
recommendations and parameter guidance. These issues underscore the need for
ongoing refinement of the intelligent service components. Future work will focus on
enhancing the reliability of LLM-driven services through implementing confidence
scoring mechanisms for model recommendations and parameter suggestions. Such
validation frameworks would provide users with transparent uncertainty estimates,
enabling more informed decision-making when selecting and configuring models.

As urban system challenges intensify and demand increasingly sophisticated
analytical responses, tools like PyGeoModel become essential for fostering the col-
laborative, transparent, and reproducible research practices that effective urban
stewardship requires. This work represents a step toward more democratic and
impactful urban modeling, where sophisticated analytical capabilities extend beyond
traditional disciplinary boundaries to address urgent urban challenges.
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