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ABSTRACT 
Fragmented spatial data and inconsistent semantics hinder environmental 
analytics and confound large language models. We present a Discrete Global Grid 
System powered framework that harmonizes gridded methane inventories and 
enables explainable, traceable natural language analytics. Demonstrating the 
methane use case, we standardize spatial and semantic references using DGGS as 
a global index, then allow the interaction with a modular multi-agent system. 
Agents parse intent, resolve locations to DGGS cells, and generate validated SQL 
that powers summaries and maps with cell-level citations. The result is fast, 
reproducible methane analysis with clear provenance. 

 

1. Introduction 
Spatial data needed for environmental decision-making is scattered across platforms and arrives 
with incompatible coordinate systems, formats, resolutions, time snapshots, and even sector-
specific vocabularies. This fragmentation creates long preprocessing cycles and introduces 
avoidable errors, which slow action before, during, and after events (Thompson et al., 2023). It 
also confounds large language models, which many users now rely on to ask spatial questions 
(Wang et al., 2024; Zhang et al., 2024). When inputs are inconsistent, models hesitate or invent 
details, so the central requirement is not better prompting but standardization that makes 
answers explainable and traceable. 

We address this requirement by using a Discrete Global Grid System (DGGS) as the standard 
framework for data and analytics. A DGGS provides a global, hierarchical, cell-based spatial index 
with persistent identifiers, enabling consistent spatial referencing across time, scale, and data 
sources (Li & Stefanakis, 2020; Sahr et al., 2003). In this study, we adopt rearranged Hierarchical 
Equal Area isoLatitude Pixelization (rHEALPix; shown in Figure 1), which provides an equal-area 
global index with fixed cell locations that support consistent change analysis and a hierarchical 
structure that enables both zooming and aggregation (Gibb, 2016). Coupled with a standard 
schema for features and attributes, the grid anchors each value to a stable identifier. When users 
ask spatial questions, the system connects answers to specific cells and the sources, turning 
opaque outputs into auditable results. 
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Figure 1: Overview of rHEALPix DGGS at level 3. 

Several alternative spatial indexing systems are widely used in industry, including Uber’s H3 and 
Google’s S2 (Uber, 2017; Veach et al., 2017). While these systems are effective for tiling and 
indexing, they are not equal area, which complicates quantitative comparison and aggregation for 
environmental variables such as emissions. For this reason, they are not adopted in this study. A 
detailed rationale for selecting rHEALPix, including its equal area properties and suitability for 
environmental analysis, is provided in our previous work (Li & Liang, 2026). 

The research problem is to transform multi-source environmental data into a form that large 
language models can query reliably while keeping answers fully traceable to their spatial and data 
origins, demonstrated through a methane emissions use case. We show how a DGGS can 
harmonize heterogeneous methane inventories into a single analytical substrate, how a multi-
agent language system can reason over space, time, and sector semantics while grounded in 
indexed cells, and how the pair supports end-to-end methane analytics from national aggregation 
to basin-level hotspot detection with explicit provenance.  

 

2. Methods & Data 
 
2.1 Data sources 
This study synthesizes 13 open-source, bottom-up gridded methane inventories published in 
peer-reviewed journals or official repositories. Coverage spans global products (Crippa et al., 
2023; Scarpelli, Jacob, Grossman, et al., 2022), a continental product for Europe (Kuenen et al., 
2022), national products for the United States, Canada, Mexico, China, Switzerland, India, and 
Australia (Gong & Shi, 2021; Hiller et al., 2014; Maasakkers et al., 2023; Sadavarte et al., 2022; 
Scarpelli, Jacob, Moran, et al., 2022; Scarpelli et al., 2020), and a high-resolution subnational 
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product for New York State (Loman et al., 2025). We emphasize energy-related methane from 
coal mining and from oil and gas systems, given their dominant role in anthropogenic budgets 
and their direct relevance for mitigation.  

 
2.2 Data harmonization pipeline 
The collected inventories differ in native resolution, coordinate reference systems, sector 
schemes, formats, and reporting units. For backend development, we standardized spatial 
reference, units, and semantics by converting all sources to the rHEALPix DGGS. Figure 2 
illustrates the workflow from the original inventories to the DGGS outputs. Inputs in NetCDF, 
CSV, and GeoTIFF are first rendered as intermediate rasters, then redistributed to rHEALPix cells 
by area-weighted intersection. The Python library ‘uraster’ was developed to accomplish this task 
efficiently (Liao et al., 2026). DGGS levels are selected to best match the native resolution of each 
source inventory, thereby preserving the original spatial information content and avoiding 
artificial refinement during harmonization. 

Aggregation across scales is performed at query time rather than during data preparation. Cell 
values are summarized on the fly through the DGGS hierarchy according to the spatial extent of 
the user query, which is typically much coarser than the native resolution of the source 
inventories. Because DGGS cells retain explicit hierarchy levels, the effective resolution and 
associated spatial uncertainty remain transparent to users. 

Because original inventories report in mixed units, we convert all values to Mg a⁻¹ per cell to 
ensure comparability across the DGGS. Sector semantics are harmonized with the 
Intergovernmental Panel on Climate Change (IPCC) 2006 hierarchy. The resulting harmonized 
DGGS methane dataset is available at https://doi.org/10.5281/zenodo.17362125, supporting 
reproducibility and reuse. 

 

 

Figure 2: Workflow of converting original gridded methane inventories to rHEALPix DGGS. 
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2.3 Multi-agent query system 
For frontend development, we implement a modular system that converts natural language 
questions into DGGS-aware analytics and returns concise answers. The system combines multiple 
LLM calls with deterministic steps, where agents communicate through LangGraph, providing a 
directed workflow with explicit state at each step (Figure 3).  

 

Figure 3: Architecture of the multi-agent query system. 

 
2.3.1 Intent-parser agent 

The intent-parser agent converts an input question into a structured request. A compact schema 
captures the key fields that downstream components require, such as task type, location text, and 
year (Figure 3). The agent runs a small LLM with a constrained output format, producing a 
complete, validated request object. 

 
2.3.2 Geo-resolver agent 

The geo-resolver agent maps the location text to DGGS cells at an appropriate resolution. The 
agent first resolves the text to a geo-feature using a gazetteer and administrative boundary 
services, then converts it to DGGS grids using DGGAL (St-Louis, 2025).  

 

2.3.3 Data-query agent 

The data-query agent turns the structured request and DGGS cells into executable SQL, executes 
the query, and composes a concise answer with citations. It uses an LLM to populate 
parameterized SQL templates that cover aggregation, comparison, trend analysis, and extremum 
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analysis. After the database returns results, the agent uses an LLM to summarize findings in clear 
language that reflects the original question.  

 

3. Results 
3.1 Harmonized methane inventory 
The harmonized inventories provide a single, consistent foundation across data sources, years, 
and sector schemes. We publish a compact tabular structure with explicit fields for DGGS cell, 
year, dataset, sector code, and units, which supports transparent joins and reproducible 
aggregation (Li & Liang, 2025).  Users can aggregate quickly at national and global scales, or zoom 
to fine-resolution tasks such as basin-level assessments or hotspot detection. This balance of 
consistency, efficiency, and portability enables reliable comparison and fast analysis across the 
full inventory stack. 

 
3.2 Natural language to DGGS analytics 
Figures 4 through 8 showcase the multi-agent system that converts plain language into DGGS-
based analytics and maps. The interface supports four task types, including aggregation, 
comparison, trend analysis, and extremum analysis. For spatial questions, users can choose a 
preferred data source, then drill into sector hierarchies to select specific subsectors that align with 
the question's intent. Visualizations are rendered directly from DGGS cell outputs, with 
geometries generated on the fly. Interactive grids reveal DGGS identifiers and cell values on hover, 
which makes every number traceable to a spatial unit and a dataset.  

 

Figure 4: Interface of the multi-agent query system, showing answer and visualization to the user question “Show 
me the total methane emissions from the agriculture sector in Switzerland in the year 2022”. 
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Figure 5: Interface of the multi-agent query system, showing answer and visualization to the user question 
“Compare the emissions from the energy sector between 2017 and 2018 in Texas”. 

 

Figure 6: Interface of the multi-agent query system, showing answer and visualization to the user question 
“Compare the emissions from the industry processing sector in Alberta and Ontario in the year 2020”. 
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Figure 7: Interface of the multi-agent query system, showing answer and visualization to the user question “Are 
emissions increasing in Permian Basin from 2012 to 2018?”. 

 

Figure 8: Interface of the multi-agent query system, showing answer and visualization to the user question 
“Where are the emission hotspots from the oil and gas sector in Alberta in 2018?”. 

Figure 4 illustrates an aggregation task, where total methane emissions from the agriculture 
sector in Switzerland are computed for a single year and visualized consistently across DGGS cells. 
Figure 5 demonstrates temporal comparison by contrasting energy sector emissions in Texas 
between two years, while Figure 6 shows a spatial comparison across jurisdictions by comparing 
industrial processing emissions in Alberta and Ontario for the same year. Trend analysis is 
illustrated in Figure 7, where the system evaluates whether emissions in the Permian Basin 
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increased over a multi-year period. Figure 8 demonstrates extremum analysis by identifying and 
visualizing emission hotspots from the oil and gas sector in Alberta.  

These examples illustrate a complete loop from question to cited answer to interpretable map, 
with clear provenance and immediate feedback for further exploration. 

 

4. Discussion & Conclusion 
This work shows how DGGS provides a stable spatial and semantic reference frame for AI agents, 
turning black-box answers into explainable, traceable results. Every value in the harmonized 
database carries a DGGS cell identifier, so each statement in an answer can be linked to specific 
cells and to the original datasets. Maps expose these links directly through interactive grids that 
reveal cell IDs and values on hover, while the text response cites datasets and DGGS cells. Analysts 
can inspect the origin of a number, confirm which sources were used, and reproduce the exact 
computation, which supports auditability and trust. 

In this implementation, DGGS results are visualized through an embedded Mapbox interface, 
with cell geometries generated dynamically at query time. Although DGGS cells must be projected 
for display, the analytical meaning of the results remains independent of the chosen map 
projection, as DGGS cells have nearly equal areas and consistent shapes. This avoids the 
projection-dependent distortions common in traditional map-based visualizations and supports 
stable visual interpretation across different cartographic contexts. 

The approach is general. DGGS supplies the standard spatial index, and agents operate over 
extensible schemas and controlled vocabularies, which makes the framework transferable beyond 
methane to other greenhouse gases, pollutants, and climate hazards. Future work will focus on 
systematic evaluation of system performance, including query accuracy, execution efficiency, and 
response consistency across spatial scales. We also plan to assess uncertainty propagation from 
source inventories through harmonization, aggregation, and language-based summarization. In 
addition, comparative studies with existing natural language geospatial tools and prompt-driven 
analytics will be conducted to better quantify the added value of DGGS-grounded, multi-agent 
reasoning. Finally, more advanced agent patterns, such as planner executor loops and optional 
human-in-the-loop review, will be explored to support more complex analytical workflows. 
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