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Abstract

Geospatial question answering has recently gained attention as
large language models (LLMs) enable natural language interac-
tion with geographic data. Existing benchmarks and systems focus
mostly on vector data such as points, lines, and polygons, yet many
real geospatial tasks also require reasoning over raster data that
represents continuous surfaces such as elevation. It therefore re-
mains unclear whether current LLM based systems can reason over
heterogeneous geospatial data. We present a new benchmark for
geospatial question answering over both vector and raster data,
which integrates OpenStreetMap vector features with a U.S. Digital
Elevation Model (DEM) to enable controlled evaluation of combined
raster and vector reasoning. The benchmark introduces new ques-
tion templates spanning raster-only terrain queries, vector queries
augmented with terrain constraints, and new raster-vector reason-
ing tasks. We evaluate representative geospatial QA paradigms,
including Text2SQL, retrieval augmented generation (RAG), a multi
stage SQL generation framework, and a multi stage agent that writes
Python code for geospatial tasks. The experiment results show that
these systems answer simple point elevation queries but lose ac-
curacy sharply on terrain derivatives and combined raster-vector
tasks, revealing substantial limitations in LLM based geospatial rea-
soning and establishing a reproducible target for future research.
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1 Introduction

Recent advances in large language models (LLMs) have renewed
interest in natural language querying of spatial datasets. Rather
than structured queries, users pose geospatial questions that can be
translated into SQL queries, GIS workflows, or custom geospatial
code. For example, answering “Find a park within 100 meters of
Los Angeles City Hall” requires grounding named entities, inter-
preting spatial predicates, and executing the resulting query over
spatial data. Recent systems have explored this problem through
retrieval augmented generation (RAG) over vectorized records, text
to SQL (Text2SQL) generation over spatial databases [13], and LLM
powered GIS agents [1, 21].

To measure progress, the community has built benchmarks for
these systems, but they cover only part of the geospatial landscape.
Most benchmarks for natural language queries over spatial data
focus almost exclusively on vector data, such as points, lines, and
polygons [2, 3, 7, 12, 13, 17]. A separate line of work addresses
raster inputs in the form of satellite and aerial imagery, but from
a different angle, targeting visual perception tasks such as scene
classification, object detection, and segmentation [8, 22] rather than
structured reasoning over raster values.

As aresult, neither research direction evaluates whether systems
can answer questions that require reasoning over raster data or
the interaction between raster and vector datasets. Unlike vector
datasets, which represent discrete geographic entities with names
and attributes, raster datasets represent space as grids of cells stor-
ing continuous measurements such as elevation, temperature, or
vegetation indices. For example, a digital elevation model (DEM)
represents terrain as a continuous elevation surface rather than a
collection of named objects. Many practical tasks combine such
surfaces with vector features such as roads, parks, rivers, and ad-
ministrative regions. Answering “Which roads have the steepest
slope in this region?” requires combining road and elevation data
to estimate the slope of each road, while answering “Which parks
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are located above the regional average elevation?” requires aggregat-
ing elevation across multiple raster tiles and comparing each park
against the resulting average. Such questions require reasoning over
continuous raster values and their interaction with vector features,
which makes raster aware geospatial question answering funda-
mentally different from vector-only querying. Existing benchmarks
largely overlook these capabilities, creating a significant gap in the
evaluation of LLM based geospatial question answering systems.
This paper introduces GS-QA2, a benchmark for question an-
swering over both raster and vector geospatial data. GS-QAZ2 builds
on GS-QA [13], a vector-only QA benchmark, by incorporating a
raster dataset derived from the U.S. DEM [5] together with new
baselines and evaluation measures. Specifically, GS-QA2 adds 25
question templates spanning raster-only terrain queries, vector
queries augmented with elevation or slope conditions, and joint
raster-vector questions. The templates systematically cover the four
map algebra operation types. Local operations retrieve raster values
at specific locations. Focal operations compute neighborhood based
properties such as slope. Zonal operations aggregate raster mea-
surements over spatial regions. Global operations search across the
raster surface to identify locations that satisfy a specified condition.
Starting from each template, we instantiate questions using real
geographic entities including points, roads, parks, and administra-
tive regions, and generate corresponding executable PostGIS SQL
queries to obtain ground truth answers. The resulting benchmark
contains 500 raster related question answer pairs that complement
the 2,800 vector based pairs from GS-QA [13]. We evaluate answers
using metrics tailored to each template type, including token level
F1 for entity names, distance and angular error for spatial quantities,
and absolute or relative error thresholds for numeric outputs.
This paper offers an unbiased evaluation of existing spatial ques-
tion answering techniques. We use GS-QA2 to evaluate four repre-
sentative systems, including Text2SQL, retrieval augmented gener-
ation (RAG) [13], CHESS [15], and GIS Copilot [1], using Gemini-
2.5-Flash as the underlying LLM. Our evaluation examines how
well these systems reason about complex geospatial queries and
how their performance differs between database driven approaches
such as Text2SQL and CHESS and non database approaches such
as RAG and GIS Copilot.
To summarize, our contributions are as follows.
(1) We introduce GS-QA2, a benchmark for geospatial question
answering over both vector and raster data. GS-QA2 extends GS-
QA [13] with a large scale DEM dataset and 25 new templates
spanning raster-only and raster-vector reasoning tasks, organized
according to increasing levels of raster reasoning complexity.
(2) We provide a systematic evaluation framework for geospatial
question answering. The benchmark covers local, focal, zonal, and
global raster operations, supports diverse answer types, and in-
cludes executable PostGIS SQL ground truth together with evalua-
tion metrics tailored to geospatial outputs.
(3) We conduct a comprehensive empirical study of representa-
tive geospatial QA paradigms, including Text2SQL, SQL generation
with multiple stages, retrieval augmented generation, and agent
based GIS workflows. Our results show that current systems han-
dle vector queries at a reasonable accuracy level but struggle with
raster analysis and raster-vector reasoning, particularly for complex
operations.
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The rest of this paper is organized as follows. Section 2 presents
the GS-QA2 benchmark design, including datasets, question tem-
plates, and answer generation. Section 3 describes the evaluated
systems and adaptations to GS-QAZ2. Section 4 presents the experi-
ments and evaluation results followed by a discussion. Section 5
summarizes related work. Section 6 concludes the paper.

2 Benchmark Creation

This section describes our methodology for constructing a bench-
mark for geospatial question answering over both vector and raster
data. Three principles guide how we create the GS-QA2 question
and answer pairs. First, the benchmark systematically covers the
fundamental vector and raster operations, so that performance can
be attributed to specific spatial capabilities rather than to an arbi-
trary mix of queries. Second, each question is paired with an SQL
query that produces it along with the ground truth answer, which
makes every answer verifiable and removes the need for manual an-
notation. Third, generation uses templates, where a template fixes
the spatial structure of a question and its parameters are sampled
from the database, allowing large numbers of varied questions to be
created automatically while keeping the underlying query patterns
controlled.

2.1 Reference Database

Our benchmark contains three main sources of data. OpenStreetMap
(OSM) datasets provide location data, a Wikipedia dataset adds more
information to the locations, and a raster terrain dataset provides
the Digital Elevation Model (DEM) [5] for the US. The first two
datasets were used in GS-QA [13], while the raster dataset is new to
GS-QA2. The OSM vector dataset consists of five OSM tables, cho-
sen for their rich semantic attributes, broad geographic coverage,
and widespread use in geospatial applications, covering POI, Park,
Lake, Road, and Region [13]. The Wikipedia dataset is extracted
for OSM entities that have a Wikipedia page, and it adds more
information about OSM features, such as what year a museum was
built. To support reasoning over raster data, we integrate a DEM
containing 265,950 tiles covering the contiguous United States [5].
With 256%256 cells per tile, this corresponds to approximately 17.4
billion cells at 30 m resolution and about 32 GB of raster values. We
focus on DEM because terrain analysis is one of the most common
and interpretable forms of raster geospatial reasoning, enabling
queries involving elevation, slope, and other terrain properties.
Table 1 summarizes the full benchmark dataset.

2.2 Question Templates Overview

GS-QAZ2 uses two sets of templates. We retain the 28 vector only
templates from GS-QA [13] (V1 through V28) for comparison with
prior work, and we introduce 25 new templates for raster and raster-
vector reasoning. In total, the benchmark contains 53 template types.
Tables 2 through 4 summarize the vector templates, while Tables 5
through 7 summarize the raster and raster vector templates.

The 25 new templates are organized into three groups that re-
quire progressively richer forms of raster reasoning. Raster only
templates (R1 through R11) query the DEM directly, using POIs
or roads only as spatial anchors. Extended raster vector templates
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Table 1: Dataset tables summary

Table Columns / Attributes Geometries Records

POI Geometry, OSM ID, Name, Points 267,612
Wikipedia, Address, Leisure,
Amenity, Tourism, Emergency,
Restaurant attributes

Park Geometry, OSM ID, Name, All types 5,997,948
Wikipedia, Address, Leisure

Lake Geometry, OSM ID, Name, All types 7,988,851
Wikipedia, Address, Water,
Waterway

Road Geometry, OSM ID, Name, All types 36,827,649
Wikipedia, Address, Highway

Region  Geometry, OSM ID, Name, LineStrings, 39,137
Wikipedia ID, Address, Border Polygon
type, Administration level

DEM Raster tiles, Elevation (m), Raster 265,950

(new) GiST spatial index on tile tiles

convex hull

(VR1 through VR8) augment standard vector queries with a sin-
gle terrain condition or terrain based output. New raster-vector
templates (VR9 through VR14) require tighter interaction between
vector and raster data, including terrain aggregation, comparison,
and ranking,.

As the tables show, every template has three columns beyond
its ID. The spatial predicates column gives the spatial query type,
which for raster queries we further organize by raster operation
category. The text column gives the natural language phrasing with
placeholders such as [ANCH_POI] and [DISTANCE], which we fill
with real values sampled from the dataset during generation, as
described in Section 2.5. The answer type column gives the expected
output type.

Two principles guide the template design. The first is system-
atic coverage. We cover both the operations required to answer
a question and the types of answers returned by the benchmark.
For vector templates, we follow the predicate organization of GS-
QA [13], including range, nearest neighbor, direction, towards, and
intersects. For raster templates, we follow Tomlin’s map algebra
framework [16], which classifies raster analysis into four operation
types. Local operations read values at specific cells. Focal operations
derive values from neighboring cells. Zonal operations aggregate
raster values within a region. Global operations search across the
raster surface.

The answer types cover both vector and terrain outputs. Vector
outputs include entity names, free text, locations, directions, counts,
distances, areas, and lengths. Terrain outputs include elevation,
slope, aspect, and ruggedness. Some raster vector templates return
compound outputs that combine both forms of information, such
as a road name together with its slope or a distance together with
an elevation.

The second principle is incremental complexity. The three new
template groups progress from direct raster queries, to vector queries
augmented with a single terrain condition, and finally to joint raster
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Table 2: Vector-only entity name and free text question tem-
plates (GS-QA)

1D Answer  Text Spatial Predicates
Type
Vi Entity Name Can you suggest [POI CAT] within [DISTANCE] Range
from [ANCH POI]?
V2 Entity Name Can you suggest [POI NONSPAT] within Range

[DISTANCE] from [ANCH POI]?

V3 Entity Name Which [POI CAT] is located within [DISTANCE] in
the [DIRECTION] of [ANCH POI]?

Range, Direction

V4 Entity Name Which [POI CAT] can I find within [DISTANCE]
from [ANCH POI] towards [ANCH POI]Z?

Range, Towards

V5 Entity Name What is the nearest [POI NONSPAT] from [ANCH
POI]?

Nearest Neighbor

A\ Entity Name What is the nearest [POI NONSPAT] from [ANCH
POIJ?

Nearest Neighbor

v7 Free Text ~ What is the capacity of the nearest [POI CAT] from

[ANCH POI]?

Nearest Neighbor

V8 Entity Name What is the nearest [POI CAT] from [ANCH POI] to  Nearest Neighbor
[ANCH POI]?

Table 3: Vector-only location and direction question tem-
plates (GS-QA)

D Answer  Text Spatial Predicates
Type

V9 Location =~ What is the closest [POI CAT] [DIRECTION] of Nearest Neighbor,
[ANCH POI]? Direction

V10 Location ~ What is the closest [POI CAT] from [ANCH POI] Nearest Neighbor,
towards [ANCH POI]?? Towards

Vi1 Location ~ What is the largest [PARK WATW] in [REGION]? Intersects

Vi2 Location ~ What is the longest [ROAD WATW] in [REGION]? Intersects

Vi3 Location ~ Where can I find [POI CAT] within [DISTANCE] Range
from [ANCH POI]?

Vi4 Location ~ Where can I find [POI CAT] within [DISTANCE] Range
from [POI NONSPAT]?

Vis5 Location =~ Where can I find [POI CAT] located within Range, Direction
[DISTANCE] in the [DIRECTION] of [ANCH POI]?

V16 Location ~ What location has [POI CAT] within [DISTANCE] Range, Towards
from [ANCH POI] towards [ANCH POI]Z?

V17 Location ~ Where can I find the nearest [POI CAT] from [ANCH  Nearest Neighbor
POIJ?

Vig Location =~ Where can I find the nearest [POI NONSPAT] from Nearest Neighbor
[ANCH POI]?

V19 Location ~ Where is the closest [POI CAT] [DIRECTION] of Nearest Neighbor,
[ANCH POI]? Direction

V20 Location =~ Where is the closest [POI CAT] from [ANCH POI] Nearest Neighbor,
towards [ANCH POI]? Towards

V21 Direction  In which direction is [POI CAT] located within Range
[DISTANCE] from [ANCH POI]?

V22 Direction ~ What is the direction towards the closest [POI CAT]  Nearest Neighbor

from [ANCH POI]?

vector queries that require reasoning across both raster and vector
data.

2.3 Raster Template Details

Raster operation labels. Tables 5, 6, and 7 give a raster operation
label for each template. We label each row by how the template
accesses the DEM, not by the shape of its final answer, and the
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Table 4: Vector-only numeric-answer question templates (GS-

QA)

D Answer  Text Spatial Predicates
Type

Va3 Count How many [POI CAT] within [DISTANCE] from Range
[ANCH POI]?

V24 Count How many [POI CAT] are there in [REGION]? Intersects

V25 Distance ~ How far can I find [POI CAT] within [DISTANCE] Range
from [ANCH POI]?

V26 Distance ~ How far is the closest [POI CAT] from [ANCH POI]?  Nearest Neighbor

Va7 Area What is the total area of all [PARK WATB] in Intersects

[REGION]?

V28 Length What is the total length of all [ROAD WATW] in

[REGION]?

Intersects

Table 5: Raster-only question templates (GS-QA2)

Zhuocheng et al.

Table 6: Extended raster-vector question templates (GS-QA2)

ID Answer  Text Raster Op. Spatial
Type Predicates

VR1  Entity Name Can you suggest {POI_CAT} within Local Range,
{DISTANCE} m from {ANCH_POI} with Elevation
elevation {ELEV_COND}?

VR2 Location ~ Where can I find {POI_CAT} within Local Range,
{DISTANCE} m from {ANCH_POI} with Elevation
elevation {ELEV_COND}?

VR3 Count  How many {POI_CAT} are within Local Range,
{DISTANCE} m from {ANCH_POI} with Elevation
elevation {ELEV_COND}?

VR4  Distance and How far are {POI_CAT} from {ANCH_POI} Local Range,

Elevation  within {DISTANCE} m, and what is their Elevation
elevation?

VR5  Distance and How far is the nearest {ROAD_TYPE} from Local Nearest

Slope {ANCH_POI}, and what is the average slope
along that road?

Neighbor, Line
Sampling, Slope

VR6 Name and What is the longest {ROAD_TYPE} in Local Intersects, Line
Slope {REGIONY}, and what is the slope along it? Sampling, Slope
D Answer Example Text Raster Op. Spatial K .
T Predi VR7 Name and What is the largest {PARK_WATB} in Zonal Intersects,
ype redicates N o ) A
Elevation {REGIONY}, and what is its maximum Elevation
R1 Elevation What is the elevation at {fANCH_POI}? Local Point Lookup elevation?
R2 Entity ~ Which is at a higher elevation, {fANCH_POI } Local Point Lookup VRS Areaand What is the total area of all {PARK_WATB} in Zonal Intersects,
Name  or {ANCH_POI,}? Slope {REGION}, and what is the average slope of Slope
{REGION}?
R3 Elevation What is the elevation difference between Local Point Lookup
{ANCH_POI,} and {ANCH_POI,}?
R4 Yes/No  Is {ANCH_POI} at an elevation above Local Point Lookup Table 7: New raster-vector questlon templates (GS-QAz)
{ELEV_COND} m?
R5 Slope  How steep is the terrain at {ANCH_POI}? Focal Point Lookup D Answer Text Raster Op. Spatial
K - Type Predicates
R6 Aspect  What is the aspect of the slope at Focal Point Lookup
{ANCH_POI}? VR9  Entity Name List {POI_CAT} in {REGION} with elevation Zonal Intersects,
K X ) above the area’s average. Elevation
R7 Ruggedness How rugged is the terrain around Focal Point Lookup
{ANCH_pPOI}? VR10  Entity Name Which {POI_CAT} in {REGION} are within Global Intersects,
_ K {DISTANCE} m of terrain at or above Elevation
R8 Distance Howvfar is {fANCH_POI} from the nearest Global Neargst {ELEV_COND} m? Proximity
terrain above {ELEV_COND} m? Elevation
i K VR11 Entity Name What are the {TOP_N} {POI_CAT} at the Local Intersects,
R9 Distance How far is {fANCH_POI} from the nearest Global Nearest lowest elevations in {REGION}? Elevation
terrain below {ELEV_COND} m? Elevation
, K ) VR12 Entity Name Which category has the higher average Zonal Intersects,
R10 Slope ~ What is the average slope along Local Line Sampling, elevation in {REGION}: {POI_CAT; } or Elevation
{ROAD_ROUTE}? Slope {POT CAT,? -
R11 Entity ~ Which route is ste?eper, {ROAD_ROUTE} or Local Line Sampling, VR13  Entity Name Which {POI_CAT} in {REGION} are on slopes Focal Intersects,
Name  {ROAD_ROUTE,}? Slope steeper than {SLOPE_COND}"? Slope
VR14 Entity Name What are the {TOP_N} {POI_CAT} on the Focal Intersects,
steepest terrain in {REGION}? Slope

spatial predicates capture the geometry side of the query separately.
For templates that combine vector filtering with raster access, the
label reflects the raster access pattern rather than the full query.
For example, slope along a road (R10, R11, VR5, VR6) is labeled
local, because the actual workflow samples DEM elevation at road
segment endpoints, while the line sampling and slope predicates
record the line geometry. VR7, VR8, VR9, and VR12 are labeled zonal,
because their terrain quantities depend on region level aggregation.
This convention keeps the taxonomy aligned with the four map
algebra classes and avoids combined labels in the tables.

2.3.1 Raster-Only Templates (R1-R11). The raster-only templates
isolate pure raster reasoning without vector filtering, giving a base-
line for whether systems can retrieve and analyze terrain directly.
R1 through R4 are local operations, because each reads the DEM
value at one or two anchor points, such as retrieving elevation at a
POI and comparing elevation between two locations. R5 through
R7 are focal operations, because they derive a value from the cells
surrounding a location rather than from a single cell, namely slope,

aspect, and ruggedness. R8 and R9 are global operations, because
they search the whole DEM surface for the nearest terrain above or
below an elevation threshold rather than reading a fixed location.
R10 and R11 estimate average route slope by sampling DEM ele-
vation at road segment endpoints and averaging the per segment
grade. The output is a slope, but the access pattern is local, because
it reads point values along the road rather than building a slope
raster or aggregating over a zone.

2.3.2 Extended Raster-Vector Templates (VR1-VR8). The extended
templates add a single terrain constraint or terrain output to a
standard vector query, so a system must combine vector reasoning
with raster analysis. VR1 through VR4 extend range based POI
queries with elevation filtering or elevation aware outputs. They
are local, because once the vector condition selects the candidate
POIs, the raster access reads the DEM value at each POI point.
VR5 and VR6 select a road and return its slope through DEM line
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sampling, which is again local for the same reason as R10 and R11,
since the slope comes from elevation sampled at points along the
road. VR7 and VRS are zonal, because their terrain quantities are
aggregated over a region. VR7 ranks region entities and takes the
maximum elevation over the region, and VR8 combines park area
with the average slope of the region.

2.3.3  New Raster-Vector Templates (VR9-VR14). The new templates
require tighter interaction between vector filtering and terrain anal-
ysis. VR9 and VR12 are zonal, because they compare POIs against a
region wide terrain aggregate. VR9 selects POIs above the average
elevation of their region, and VR12 compares the average elevation
of two POI categories within a region. VR10 is global, because it
searches the surface for terrain that meets an elevation threshold
near each candidate POI. VR11 is local, because it reads the DEM
elevation at each POI and then ranks by lowest value. VR13 and
VR14 are focal, because they filter or rank POIs by slope, which
is derived from neighborhood cells of each POI. To make the con-
straints selective and geographically meaningful, these templates
use elevated thresholds such as 1,000 to 2,000 m elevation and 30 to
45° slope.

2.4 Raster Question Parameters

The raster extension introduces several new parameters beyond
those defined in GS-QA [13]. Table 8 summarizes all parameters,
both inherited and new.

Road route (RoAD_ROUTE). For templates that compute slope
along a specific road geometry, we restrict the road selector to
short road types with at most 50 vertices, namely residential, foot-
way, cycleway, pedestrian, service, and living street. This avoids
long highways or motorways whose thousands of segments would
exceed the query timeout.

Region (REGION). For all raster vector templates, we restrict
regions to small administrative types, namely town, village, neigh-
bourhood, and suburb. This keeps the number of POIs per region
manageable, since larger types such as counties or states would
require tens of thousands of per POI DEM lookups per query.

Elevation condition (ELEV_COND). An elevation value in me-
ters used as a filter or comparison threshold. The range depends
on the template, namely 20 to 500 m in steps of 20 m for the raster
only and extended templates (R4, R9, VR1 through VR3), and 1,000
to 2,000 m in steps of 100 m for templates that target high eleva-
tion areas (R8, VR10). The higher ranges create selective filtering
conditions in mountainous regions.

Slope condition (SLOPE_COND). A slope value in degrees used
as a filter. For steep terrain templates (VR13), values are drawn from
{30,31,...,45}".

Top-N (ToP_N). For templates that return ranked results (VR11,
VR14), N is drawn from {3, 5, 10}.

2.5 Question and Ground Truth Generation

We use an automated pipeline to construct question and answer
pairs from the geospatial dataset. The pipeline first generates a
natural language question and then computes its ground truth
answer. We generate 20 distinct questions for each of the 25 raster
related templates, giving 500 raster related benchmark questions.
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Table 8: Question Parameters Summary

Parameter Description

ROAD_ROUTE Short road segment (< 50 vertices) of type: residential, footway, cycleway,
pedestrian, service, or living_street, within CONUS

REGION Small administrative region (town, village, neighbourhood, or suburb)
within the contiguous US (CONUS)

ELEV_COND Elevation condition in meters. Range varies by template: 20-500 m (R4, R9,
VR1-VR3), 200-500 m (VR11), or 1,000-2,000 m (RS, VR10)

SLOPE_COND Slope condition in degrees: 30-45° (VR14)

TOP_N Number of top results to return: 3, 5, or 10

ANCH_POI Anchor POI name from one of these categories: aquarium, attraction,
viewpoint, art gallery, theme park, museum, gallery, zoo, hotel, restaurant,
hospital, university, café, park, beach resort, golf course, nature reserve,
garden, stadium

POI_CAT POI category name: same set as ANCH_POI

PARK_WATB Park or water body type: recreation ground, nature reserve, park, garden,
golf course, marina, bay, harbour, lake, or reservoir

ROAD_TYPE Road type for KNN/intersects queries: road, secondary, pedestrian,
primary, track, or motorway

DISTANCE Distance: 500-5,000 m for range queries

1. Select question template (NL phrasing + SQL query)
\J
VR1: Can you suggest [POI_CAT] within [DIST]
from [ANCH_POI] with elevation
at least [ELEV_COND] m?

v

2. Sample parameters from database
A4
POI_CAT = restaurant
ANCH_POI = Griffith Observatory, Los Angeles
DISTANCE = 5km ELEV_COND = 200m

v

3. Generate natural-language question
Y
Can you suggest a restaurant within
5 kilometers from Griffith Observatory,
Los Angeles with elevation at least 200 m?

v

4. Substitute parameters into SQL template and execute (timeout: 120 s)
A4

SELECT p.*, ST_Value(d.rast, 1, p.geometry) AS elev
FROM pois p, dem_us d

WHERE p.amenity = ’restaurant’

AND ST_DWithin(p.geometry,

*POINT(-118.30 34.12)": :geography, 5000)

AND ST_Intersects(d.rast, p.geometry)

AND ST_Value(d.rast, 1, p.geometry) >= 200;

v

5. Validate answer
Y
Non-empty result — retain question
Empty, null, or timeout — discard and retry

Figure 1: Example of Generating a Question from a Template

These complement the 2,800 vector questions inherited from GS-
QA. Figure 1 illustrates the pipeline using template VR1, which
combines a vector range query with a raster elevation condition.
To generate a question, we fill each placeholder in the template
with a real entity sampled from the dataset. A POI placeholder
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| Can you suggest a restaurant within |
| 5 km from Griffith Observatory, —

| Los Angeles with elevation 2 200 m?|

| Can you suggest a restaurant within |
| 5 km from Giriffith Observatory, |
| Los Angeles with elevation 2 200 m?,

I Vector Context
Create Text2SQL Prompt I{"poi_name”: “Yamashiro Restaurant",:
t |“amenity”: “restaurant”, |
************ “ id”: 882341, . ..
[ + database schema  osmidh: B2, -] oo
| (vector + raster tables) | v
¢ Spatial Filter
LLM _ gnbix TtTSEiCﬁSnTO}L,M), _
| {"bbox™: [-118.31, 34.11, I
| -118.29, 34.13], I
SQL Query “geometry”: I

“POINT(-118.30 34.12)", ...}

PostGIS Database
(OSM + DEM raster)

I Context !
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Figure 2: Overview of the two question answering pipelines.

may be filled with a specific hospital, restaurant, or museum, and
a region placeholder with an actual administrative region such
as a town or neighborhood. To keep the benchmark diverse, we
detect duplicates by normalizing each SQL query into a canonical
form and comparing it against previously generated instances. A
final grammar correction step using LanguageTool [11] fixes article
insertion, noun pluralization, and other surface issues.

Each template is paired with an SQL query template whose pa-
rameters mirror the natural language question. We execute this
query against the benchmark database to produce the ground truth
answer, and the SQL follows the raster operation label of the tem-
plate. We discard and regenerate any question that returns an empty
or invalid result, including cases where no entity satisfies the con-
straints or a sampled location falls outside valid raster coverage.
Each ground truth query runs under a 120 second timeout, and
queries that exceed it are discarded and regenerated. Only ques-
tions with valid non empty answers are kept.

3 Baselines

We evaluate four representative baselines, including Text2SQL,
RAG, CHESS, and GIS Copilot. The first two follow the original GS-
QA evaluation [13]. Text2SQL generates and runs a PostGIS SQL
query, while RAG retrieves relevant records and answers from them.
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CHESS [15] and GIS Copilot [1] are more recent agent systems built
from multiple stages. All baselines use Gemini-2.5-Flash. Below
we describe each baseline and the adaptations required for this
benchmark.

3.1 Text2SQL

In the Text2SQL baseline, the question is first combined with the
database schema to create a Text2SQL prompt. Based on the prompt,
the LLM generates a PostGIS SQL query, which is executed against
the database. The execution result is then formatted as context
and passed to a second LLM call, which produces the final natural
language answer. Figure 2a illustrates this process.

This baseline tests whether an LLM can map natural language
geospatial questions to executable SQL, including raster functions
such as slope. The main challenge is that DEM raster operations
are largely absent from standard text to SQL training data, so the
model must generalize beyond common relational query patterns.
We adapt the GS-QA Text2SQL prompt by adding raster table in-
formation and metadata, including tile size, resolution, coordinate
reference system, and spatial coverage. We exclude example SQL
and raster specific instructions, so the results reflect the ability of
the model to infer the required operations from the schema and
question.

3.2 Retrieval-Augmented Generation

The RAG baseline answers questions by retrieval rather than SQL
generation. We build a vector store over database records. Given
a question, the system retrieves the top k most relevant records
and passes them to the LLM as context for answer generation. This
avoids requiring the LLM to generate PostGIS syntax, but it also has
an important limitation. Dense retrieval measures textual similarity,
not spatial relationships [13]. A record can be textually relevant
but geographically irrelevant. This limitation is stronger for raster
queries, because terrain values such as elevation and slope are
numeric surface properties rather than naturally retrievable text.

We adapt RAG by indexing both vector features and raster
patches. Vector features are embedded as structured text of their
names, categories, and geometry types, while their full geometry
records are kept as metadata. For raster data, we extract metadata
from each GeoTTIFF file, including CRS, band information, spatial
extent, and summary statistics such as minimum, maximum, and
standard deviation, then split each raster into 256x256 patches. All
patches from a file share one embedding derived from this meta-
data, while each keeps its own spatial extent and raster window for
spatial filtering.

At query time, we retrieve the top k = 5 vector records by
dense similarity, then use their stored geometries to find raster
patches whose bounding boxes intersect the retrieved features. This
intersection runs in geospatial code, not the LLM. The matching
patches are ranked by embedding similarity, and the final prompt
gives the LLM the original question together with the retrieved
vector and raster context.

3.3 CHESS

CHESS [15] is a text to SQL framework that runs in several stages
and is designed for large databases. In its original design, CHESS
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first retrieves relevant database values and schema context, then
selects the tables and columns most relevant to the question. It then
generates and revises candidate SQL queries, asks the LLM to write
natural language unit tests that distinguish the candidates, and uses
a further LLM evaluation to select the final output. Compared with
direct Text2SQL, CHESS provides more opportunities to ground
values, ground the schema, recover constraints, and correct errors.

The original CHESS system targets SQLite on the BIRD bench-
mark. We adapt it to PostGIS for geospatial question answering.
First, we use a preprocessed static PostGIS schema of OSM and
raster DEM data rather than discovering the schema at runtime,
which avoids high latency on large geospatial tables. Second, we
generate PostGIS SQL rather than SQLite SQL, so the queries can
use spatial predicates and raster functions. We do not use SpatiaLite
because its raster support is weaker than that of PostGIS. To stay
within the limit of six minutes per query, our CHESS-PostGIS con-
figuration turns off table and column selection, uses two generation
prompts sampled once each to produce two candidate queries, ap-
plies one revision step to any candidate that fails execution, and
selects the final query through execution result clustering and unit
tests generated by the LLM.

3.4 GIS Copilot

GIS Copilot [1] differs from the three baselines that generate SQL.
Rather than generating database queries, it uses an LLM agent
to construct geospatial analysis workflows by selecting GIS tools,
configuring their parameters, and producing executable Python
code. The original system is designed for QGIS application and uses
an iterative generation and repair loop, allowing up to five rounds
to fix errors in the generated workflow. The workflows can use
QGIS processing tools as well as geospatial Python libraries such as
GeoPandas and Rasterio. We include GIS Copilot as an alternative
that generates code rather than database queries, testing whether
a geospatial agent that calls tools can perform vector and raster
reasoning outside SQL.

We adapt GIS Copilot to run in a headless command line setting
and revise its prompts to include dataset paths, OSM schemas, and
DEM inputs. Because it processes files directly rather than query-
ing a database, the generated workflows often operate over large
GeoJSON and raster files using sequential scans and temporary
in memory processing rather than persistent spatial indexes. Al-
though code generation and repair usually finish within the time
limit, workflow execution frequently exceeds the runtime budget.
We therefore exclude GIS Copilot from the main quantitative com-
parison.

4 Experiment
4.1 Experiment Setup

Experiments were run on a single node with 2x Intel Xeon E5-2609
v4 CPUs at 1.70GHz, 16 CPU cores, and 125GB RAM. We evaluate
all baselines using Gemini-2.5-Flash and require each query to
complete answer generation within six minutes.

All SQL based baselines share the same PostGIS database, raster
tiles, metadata, and spatial indexes. This design isolates differences
in query generation and reasoning from differences in storage lay-
out or database configuration.
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Table 9: Vector-only output types and evaluation metrics.

Output Type Metric Tolerance
Entity name Token F1 > 0.8
Location Geodesic distance error < 5m
Direction Circular angular error < 5°

Area, length, distance, or count Relative error < 0.05

Table 10: Raster and raster-vector output types and evalua-
tion metrics.

Output Type Metric Tolerance

Elevation: point, difference, or statistic Absolute error <10m
Absolute percentage-point error < 5pp
Exact match

Elevation coverage

Threshold label correct label

Slope: point, route, or area statistic Absolute error <5°
Aspect Circular angular error <5°
Ruggedness Relative error <0.05
Entity name or comparison answer Token F1 >0.8
Location Geodesic distance error <5m
Area, length, distance, or count Relative error < 0.05

Compound outputs Conjunction of component metrics all components pass

The following sections first describe the evaluation metrics and
their tolerances, then analyze performance on vector only and
raster related queries. Appendix A reports SQL execution times,
token usage, and failure analysis, including unanswered queries
and incorrectly generated SQL. The benchmark and source code
are available at https://github.com/ZhuochengShang/QARV.

4.2 Evaluation Metrics

Following GS-QA [13], we evaluate each query according to its out-
put type, since different outputs require different metrics. Tables 9
and 10 summarize the metrics and thresholds. The entity name, lo-
cation, direction, and numeric thresholds follow GS-QA [13], while
the raster thresholds are grounded in reported DEM accuracy.

For free text answers such as entity names, we report token level
F1 together with recall. Before comparison, we remove punctuation
and lowercase all tokens. Let T,eq and Ty denote the token multisets
of the predicted and ground truth answers, and let M be the number
of matching tokens between them:

M= |Tpred N Tgt| (1)

Precision, recall, and F1 are then defined as

M M _ 2PR
|Tpred| |Tgt| ! P+R

@)

If either answer is empty or no tokens match, P, R, and F; are set
to zero. We use F1 rather than exact string match because entity
names often differ only in articles, ordering, or minor wording, and
a parsed entity name is counted correct when F; > 0.8.

For direction queries, we compute the smallest angular difference
between the predicted bearing 0 and the ground truth bearing 6:

Eangle = min (|é — 6] mod 360°,360° — (|6 — 6] mod 360°)) 3)

This circular formulation correctly handles the 0° and 360° bound-
ary. A direction is considered correct when Egpgle < 5°.
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Table 11: Vector-only entity name and free text answer
quality on attempted questions (Gemini-2.5-Flash). Boldface
marks the best parsed F1 score.

ID Text2SQL CHESS-PostGIS RAG
Text Recall Parsed F1 Parsed Recall Parsed F1 Text Recall Parsed F1

Vi 0.11 0.96 0.90 0.71 0.05 0.75
V2 0.24 0.78 0.91 0.87 0.11 0.53
V3 0.21 0.61 0.96 0.44 0.05 0.48
V4 0.03 0.37 0.89 0.36 0.03 0.62
V5 0.24 0.70 0.77 0.72 0.14 0.19
V6 0.39 0.61 0.72 0.67 0.17 0.23
V7 0.06 0.07 0.84 0.80 0.10 0.26
V38 0.16 0.31 0.64 0.63 0.10 0.26
V9 0.51 0.74 0.74 0.39 0.14 0.18
V10 0.07 0.18 0.42 0.18 0.04 0.05
Vi1 0.16 0.83 0.68 0.74 0.10 0.38
Vi2 0.15 0.64 0.65 0.65 0.17 0.45
AVG 0.19 0.57 0.76 0.60 0.10 0.36

For numeric quantities such as area, length, distance, count, and
ruggedness, we use relative error:

Erel = u (4)
Iyl
where 7 is the predicted value and y is the ground truth value.
A numeric answer is considered correct when E,,; < 0.05. When
the ground truth value is zero, a predicted zero is correct and any
nonzero prediction is incorrect. Mean relative errors in the result
tables are capped at 1.0 and averaged over attempted questions.
For raster terrain with elevation and slope values, we use absolute
error:

Eabs = |g - y| (5

Elevation outputs, including point values, differences, and summary
statistics, are considered correct when E,,s < 10 m, which matches
the reported vertical accuracy of open source DEM products [4, 14].
For slope and aspect, we use a stricter 5° threshold, roughly half
the slope error reported for open source DEMs [4].

Raster-vector and extended queries may return multiple values,
such as an entity name and its elevation, or a road name together
with distance and slope. Each required value is evaluated indepen-
dently using its corresponding metric, and a query is considered
correct only when every required output satisfies its threshold.

4.3 Vector-Only Results Analysis

Table 11 reports entity-name results. CHESS-PostGIS has the best
mean F1 (0.60), followed by Text2SQL (0.57) and RAG (0.36), but the
winner varies by template. These queries require two decisions. The
system must ground the anchor entity, then select the target satisfy-
ing the spatial predicate. Text2SQL performs best when both steps
reduce to simple attribute and spatial filters, but it fails when names
or OSM tags do not match the database exactly. CHESS-PostGIS
benefits from schema linking and revision, which can recover miss-
ing constraints before execution. RAG is competitive only when
lexical retrieval finds similar names, but it cannot reliably enforce
spatial predicates.
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Table 12: Vector-only strict accuracy for templates with loca-
tion and direction answers (Gemini-2.5-Flash).

ID Text2SQL Acc. CHESS-PostGIS Acc. RAG Acc.

Location: geodesic error <5 m

Vi3 0.010 0.710 0.160
Vi4 0.000 0.320 0.060
V15 0.000 0.000 0.070
V16 0.000 0.530 0.120
V17 0.010 0.370 0.050
V18 0.000 0.190 0.010
V19 0.000 0.000 0.000
V20 0.000 0.130 0.000
AVG 0.003 0.281 0.059
Direction: circular angular error < 5°
Va1 0.570 0.510 0.160
Va2 0.420 0.390 0.030
AVG 0.495 0.450 0.095

Table 13: Vector-only numeric-answer evaluation (Gemini-
2.5-Flash). Accuracy uses relative error < 0.05. Mean relative
error is capped at 1.0 and averaged over attempted questions.

Output ID Text2SQL CHESS-PostGIS RAG
Acc. Rel. Err. Acc. Rel. Err.  Acc. Rel. Err.

Count V23 0.17 0.64 0.35 0.51 0.00 0.96
V24 0.04 089 0.13 0.83 0.06 091
Distance V25 0.69 0.19 0.17 0.57 0.04 0.84
V26 0.64 0.23 0.52 0.34 0.00 0.89
Area V27 0.00 - 0.22 0.20 0.00 1.00
Length V28 0.00 0.88 0.12 0.52 0.00 1.00

AVG - 026 057 025 0.50 0.02 093

Table 12 reports location and direction results. For location out-
puts, CHESS-PostGIS is clearly strongest, averaging 0.281 against
0.003 for Text2SQL and 0.059 for RAG. Location is scored against
the centroid of the reference OSM geometry under a 5 m thresh-
old. Once CHESS-PostGIS selects the correct feature, its geometry-
derived coordinate usually matches this centroid closely. Text2SQL
often returns no parseable location, and when it returns an address
or point, it is usually a geocoded address or nearby facility rather
than the target centroid. RAG can slightly improve over Text2SQL
when retrieved text contains a place name or address, but geocoded
text stays unreliable at a 5 m threshold because it does not expose
the exact OSM geometry.

For direction outputs, Text2SQL (0.495) and CHESS-PostGIS
(0.450) perform similarly, and both are far above RAG (0.095). Direc-
tion is a scalar relation between two geometries. After the anchor
and target are selected, the bearing can be computed directly, and
small rounding differences usually remain within the 5° tolerance.
RAG must infer direction from text that contains no computed
azimuth, so it often predicts the wrong angle.
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Table 14: Raster-related strict accuracy grouped by raster
operation (Gemini-2.5-Flash). RAG is included for complete-
ness, but retrieved context usually lacks the pixel-level values
required for raster computation.

Raster Op. ID Query Type Text2SQL Acc. CHESS-PostGIS Acc. RAG Acc.
R1 elev. + POI 1.000 0.000 0.000
R2 elev. cmp. + two POIs 0.450 0.000 0.000
R3 elev. diff + two POIs 1.000 0.000 0.000
R4 elev. threshold + POI 0.950 0.200 0.000
Local VR1  range + name + elev. cond. 0.600 0.000 0.000
VR2  range + loc. + elev. cond. 0.000 0.000 0.000
VR3  range + count + elev. cond. 0.600 0.050 0.000
VR4  range + dist. + elev. 0.200 0.000 0.000
VR11 elev. lowest n POIs 0.300 0.150 0.000
R5 slope + POI 0.000 0.000 0.000
R6 aspect + POI 0.250 0.550 0.000
R7 ruggedness + POI 0.300 0.300 0.000
Focal R10  slope + route 0.000 0.000 0.050
R11 slope cmp. + route 0.000 0.000 0.000
VR13  slope cond. + name 0.000 0.000 0.000
VR14 slope steepest n POIs 0.050 0.100 0.000
VR7  intersect area + max elev. 0.000 0.000 0.000
Zonal VR8  intersect area + avg slope 0.000 0.000 0.000
VR9  elev. region name (avg) 0.000 0.000 0.000
VR12 elev. cmp. cat. + name 0.000 0.000 0.000
R8 nearest high terr. + POL 0.150 0.000 0.000
Global R9 nearest low terr. + POI 0.000 0.000 0.000
VR5  knn + dist. + slope 0.000 0.000 0.000
VRI10 elev. prox. zone + name 0.000 0.000 0.000
Overall Accuracy 0.234 0.054 0.002

Table 13 summarizes numeric answers. Text2SQL (0.26) and
CHESS-PostGIS (0.25) nearly tie in mean accuracy, but their strengths
differ. CHESS-PostGIS does better on count, area, and length queries,
while Text2SQL does better on distance queries. CHESS-PostGIS
also has lower mean relative error (0.50 against 0.57), so its answers
are often closer even when they miss the 5% threshold. The main
lesson is that executable SQL is not enough. A query can run but
still measure the full feature instead of the clipped intersection, use
degrees instead of meters, or count before applying all filters. Area
and length are most exposed because they require intersection, clip-
ping, combining pieces, and unit-correct measurement. Distance is
less exposed because, after grounding the source and target classes,
it usually reduces to a nearest-distance computation.

4.4 Raster-Related Results Analysis

Table 14 reports raster related results grouped by raster operation.
Across all baselines, raster related templates are substantially more
difficult than vector only templates, indicating that raster reasoning
remains a major challenge for current LLM based geospatial ques-
tion answering systems. Text2SQL leads overall with 0.234 accuracy,
while CHESS-PostGIS reaches only 0.054. RAG is omitted because
retrieved text does not contain the pixel-level values needed for
raster computation.

Local operations are the easiest for Text2SQL because they usu-
ally reduce to sampling one DEM value at a grounded geometry.
Text2SQL is perfect on point elevation R1 and elevation difference
R3, and strong on elevation threshold R4. These templates require
a short chain. The system grounds the POI, finds the covering
raster tile, and then returns, compares, or subtracts the sampled
value. CHESS-PostGIS scores zero on R1 and R3, suggesting that its
multi-stage pipeline can replace the exact point-to-cell lookup with
broader operations such as clipping, merging tiles, or aggregating
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over an expanded geometry. Text2SQL also keeps partial accuracy
when local lookup is combined with simple vector predicates, as in
VR1 and VR3, but fails on VR2 because location output must match
the reference centroid within 5 m.

Focal operations are harder because they derive terrain attributes
from a cell neighborhood rather than reading a single DEM value.
For R5 through R7, the query must choose the correct terrain func-
tion, use the right scale and units, and sample the derived raster at
the target point. Slope at a POI (R5) fails for both systems, while
aspect (R6) is the main exception. CHESS-PostGIS reaches 0.550
against 0.250 for Text2SQL, which suggests that staged generation
helps with selecting the correct PostGIS raster function. Rugged-
ness (R7) stays low but nonzero for both at 0.300. R10 and R11 also
output slope, but they are route-slope templates rather than focal
point operations. Their ground truth samples DEM values at road
segment endpoints, computes the per-segment grade, and averages
by segment length, so small errors in geometry, segmentation, units,
or weighting change the final value. RAG has one correct R10 case
(0.05), but this is an isolated tolerance match from retrieved textual
context rather than evidence that retrieval can compute route slope.

Zonal operations fail completely for both systems. They require
selecting the correct polygonal support through region selection,
overlay, or intersection, and then aggregating terrain values over
that zone. Neither baseline reliably constructs the right zone and
statistic.

Global operations are similarly difficult. Text2SQL keeps only
limited accuracy on nearest high terrain R8, while R9, VR5, and
VR10 are zero for both systems. These templates search the raster
surface for terrain meeting a condition and then add distance or
proximity reasoning, combining the grounding, function-selection,
and measurement errors seen in the other groups.

4.5 Discussion

The central challenge in geospatial question answering is not pro-
ducing executable SQL, but preserving spatial semantics over com-
plex geospatial data. A single question may involve vector geome-
tries such as points, lines, and polygons, raster cells, and terrain
properties such as slope and aspect, each associated with its own
spatial support, coordinate system, and units. Correctness therefore
depends on composing the right operations in the correct order
rather than merely generating syntactically valid SQL.

Vector query difficulty largely depends on the amount of spatial
processing required after entity grounding. Entity name, direction,
and distance queries are the most tractable because the answer often
follows once the relevant entities are identified correctly. Location
queries are more challenging because the predicted output must
correspond to the exact database geometry rather than a nearby
geocoded location. Area and length queries are harder still because
they require geometry intersection, aggregation, and unit aware
measurement. These additional operations create opportunities for
errors even when the generated SQL is executable.

Raster queries expose a substantially larger gap, and the gap
widens sharply with the raster operation type. Local operations
such as point elevation retrieval achieve the strongest performance
because they reduce to sampling a single DEM cell. Focal operations
are far harder, because the system must select and apply the correct
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terrain function, such as slope, aspect, or ruggedness, and sample it
at the right location. Zonal operations add another level of difficulty
by requiring aggregation over the correct spatial support, and global
operations are the hardest because they combine a search across the
raster surface with further spatial constraints. Accuracy therefore
falls steeply as raster reasoning moves from local lookup to focal,
zonal, and global analysis, and the zonal and global cases collapse
to near zero for every baseline.

Taken together, these results point to a single underlying diffi-
culty. A correct answer requires understanding the geospatial data,
not just producing runnable SQL. A system must map the spatial
meaning of the question to the right operations, apply those opera-
tions in the correct order, and return the answer type the question
asks for. Raster reasoning over a structured database brings all of
these demands together, which makes it the central challenge that
remains for future geospatial question answering systems.

5 Related Work

This work relates to three lines of research. The first is geospatial
question answering benchmarks, which evaluate how well systems
answer natural language questions over geographic data. The sec-
ond is text to SQL benchmarks, which test query generation over re-
lational databases. The third is vision based geospatial benchmarks,
which assess foundation models on satellite and aerial imagery.
Across all three, raster terrain reasoning over a structured database
remains unaddressed, which is the gap our benchmark targets.

Geospatial Question Answering Benchmarks. Geospatial
question answering benchmarks assess the ability of systems to
answer natural language questions about geographic entities, spa-
tial relationships, and raster data attributes using geographic data.
Early benchmarks such as GeoQuestions201 [12] and GeoQA2 [6, 7]
map natural language questions to SPARQL queries over geospatial
knowledge graphs such as YAGO2geo, covering topological and
attribute queries but not executable database queries. GeoGLUE [9]
shifts to language understanding tasks such as geolocating a place
from a textual description and classifying feature types such as
roads and points of interest, but does not address free text spa-
tial query answering. More recent benchmarks move toward real
world map data. MapQA [2] uses OpenStreetMap geometries, Map-
Verse [3] evaluates multimodal question answering over rendered
maps, and EVGeoQA [17] targets vector based routing and connec-
tivity queries. GS-QA [13] grounds evaluation in a PostGIS database
populated from OpenStreetMap, generating template based ques-
tions that are scored against SQL computed answers. Despite these
advances, all of these benchmarks evaluate vector representations
exclusively, and none assess raster data such as terrain attributes
with elevation and slope.

Our work fills this gap by augmenting a PostGIS benchmark built
on OSM with a Digital Elevation Model (DEM) raster layer and 25
query templates that require raster only and raster vector reasoning.
Concurrent agent oriented benchmarks, GeoAgentBench and Geo-
AnalystBench [18, 20], combine raster and vector data but focus on
multi step planning and analytical workflows, evaluating how well
different LLMs orchestrate tool use rather than how accurately they
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answer structured spatial queries. Our benchmark is complemen-
tary in that we isolate SQL level spatial reasoning as a controlled,
reproducible evaluation target.

Text to SQL Benchmarks. A parallel line of work answers
free text queries through SQL generation over relational databases.
Spider [19] established cross domain evaluation across databases
with diverse schema, and BIRD [10] extended this by incorporat-
ing database content awareness and scoring answers by execution
results. Both benchmarks operate over standard relational schema
with no spatial types or geometry columns. GS-QA [13] brought
this paradigm to geospatial data by introducing PostGIS spatial SQL
over OpenStreetMap vector tables, but its queries are limited to
vector data and it was never tested on sophisticated systems. Our
benchmark extends GS-QA by adding a DEM raster layer and query
templates that require composing vector predicates with terrain
operations, a query type absent from all existing text to SQL bench-
marks. We evaluate both a Text2SQL baseline and the CHESS multi
agent framework [15] to establish initial performance bounds.

Vision Based Geospatial Benchmarks. A separate line of
work evaluates foundation models on satellite and aerial imagery.
GeoBench and GeoXBench [8, 22] cover downstream perception
tasks including object detection, classification, and segmentation
over raster imagery. These benchmarks target visual understanding
rather than database backed question answering and are orthogonal
to our scope.

6 Conclusion

We presented GS-QA2, a benchmark for geospatial question answer-
ing over both vector and raster data. GS-QA2 extends GS-QA with
a DEM raster dataset and 25 new templates that evaluate raster and
raster vector reasoning. The benchmark provides executable SQL
ground truth, systematic coverage of vector and raster operations,
and evaluation metrics tailored to heterogeneous geospatial out-
puts. Our evaluation reveals a clear progression in difficulty. Vector
queries are generally manageable once the relevant entities and
spatial predicates are identified correctly. Raster queries introduce
substantially greater challenges. Systems perform reasonably well
on simple elevation retrieval tasks, but accuracy declines sharply
for terrain analysis, regional aggregation, and raster vector reason-
ing. Performance is particularly poor on focal, zonal, and global
raster operations that require combining multiple spatial opera-
tions in the correct order over the right cells and regions. These
findings suggest that the primary challenge in geospatial question
answering is not generating executable SQL, but understanding
the geospatial semantics expressed in natural language and trans-
lating them into the correct sequence of spatial operations. Future
progress will require systems that can reason the intersection be-
tween vector and raster data, compute over the right spatial regions,
and correctly apply analysis and aggregation operations. GS-QA2
provides a reproducible benchmark for measuring progress toward

this goal.
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Table 15: Mean answer generation cost per query (Gemini-

Zhuocheng et al.

Table 17: [Vector-only] Summary of SQL execution outcomes
(Gemini-2.5-Flash)

2.5-Flash) Outcome Text2SQL CHESS-PostGIS
Ran successfully 1758 1944
. # Queries Timed out 3 534
Query Type  Method Time Tokens > 6 min Invalid SQL / execution error 1039 322
Text2SQL 205 4.8K 12 Table 18: [Raster-related] Summary of SQL execution out-
Vector-only ~ CHESS-PostGIS 107.2s 31.2K 499 ..
comes (Gemini-2.5-Flash)
RAG 16.9s 4.3K 0
Text2SQL 80s 32K Outcome Text2SQL CHESS-PostGIS
Raster-related CHESS-PostGIS 110.4s 28.9K 8
RAG 57 5.5K 0 Ran successfully 265 164
Timed out 29 153
Invalid SQL / execution error 205 183
No SQL generated 1 0

Table 16: Final SQL execution time for successful executions
only (Gemini-2.5-Flash)

Query Type Baseline Mean P95 Max
Text2SQL 88s 22.6s 358.0s
Vector-only CHESS-PostGIS ~ 21.8s 60.2s  82.3s
RAG N/A  N/A N/A
Text2SQL 11.8s 88.9s 1659s
Raster-related CHESS-PostGIS 24s  63s  85.1s
RAG N/A  N/A N/A

This appendix supplements the results in Section 4 with genera-
tion cost, SQL execution cost, and failure mode statistics for each
baseline. Table 15 separates answer generation time from SQL exe-
cution time. Generation time includes the full process of producing
an answer or SQL query, while execution time measures only the
runtime of the final SQL query executed against PostGIS.

Generation cost. CHESS-PostGIS has the highest generation
cost, averaging 107.2s for vector queries and 110.4s for raster related
queries. It also consumes roughly six to seven times more tokens
than Text2SQL or RAG. This overhead comes from its multiple
stages of pipeline. Text2SQL and RAG use fewer LLM stages and
remain below 21s on both vector and raster related queries.

SQL execution cost. SQL execution time reflects the structure
of the generated query rather than answer correctness. For vector
queries, CHESS-PostGIS has a higher average execution time than
Text2SQL (21.8s against 8.8s), because its selected queries often
contain broader joins and more complex spatial predicates. The
maximum of 358.0s for Text2SQL corresponds to a single large
spatial scan rather than typical behavior. For raster related queries,
CHESS-PostGIS has a lower average execution time than Text2SQL
(2.4s against 11.8s), but lower execution time does not imply better
performance. Many CHESS-PostGIS raster queries access only a
small portion of the raster data, return NULL values, or perform in-
complete raster operations. Text2SQL more often generates queries
involving raster union, clipping, and regional aggregation, which
are more expensive but closer to the intended computation. As a
result, execution time and answer quality often diverge.

Table 19: [Vector-only] Summary of RAG answer outcomes
(Gemini-2.5-Flash)

Outcome RAG
Correct under strict evaluation 192
Insufficient retrieved evidence 1377
Generated but incorrect 1231

Table 20: [Raster-related] Summary of RAG answer outcomes
(Gemini-2.5-Flash)

Outcome RAG
Correct under strict evaluation 1
Insufficient retrieved evidence 309
Generated but incorrect 190

Failure modes. Tables 17, 18, 19, and 20 summarize the major
failure modes across baselines. Text2SQL produces the largest num-
ber of invalid SQL statements and execution errors, reflecting the
fragility of direct SQL generation. CHESS-PostGIS reduces invalid
SQL through revision, but still has timeouts and raster specific fail-
ures, including invalid raster algebra expressions and incompatible
PostGIS function arguments. These results indicate that generating
syntactically valid SQL is insufficient for reliable geospatial reason-
ing. RAG fails differently. It avoids SQL errors entirely, but is limited
by what the retrieval storage holds. For vector queries, retrieval
may return plausible entities without enforcing the required spatial
constraints. For raster queries, the storage holds only metadata and
spatial coverage rather than the pixel values the question needs, so
raster accuracy stays near zero.

Overall, the runtime and failure statistics reinforce a central
finding of the paper. Generating executable SQL and producing
correct geospatial answers are fundamentally different challenges.
A query may execute successfully and efficiently while still selecting
the wrong spatial objects, applying the wrong spatial operations,
or computing over the wrong spatial regions.
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