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What is GeoAl? o

GEOSPATIAL ARTIFICIAL

INTELLIGENCE

GeoAl is the integration of geospatial s
technologies and Al, especially for developing %%
data-driven and knowledge-guided
spatially-explicit machine learning methods.

CRC Press

develop intelligent computer programs (e.g. e CEOURARIY
agents) to mimic the processes of human Booa i &
perception, spatial reasoning, and

discovery about geographical phenomena

and dynamics.

N
"I- GeoAl can be considered as a subject to



What is GeoAl?

Cognitive (Symbolic) Approach Engineering (Data-Driven) Approach
Focuses on mimicking human reasoning through Prioritizes performance and statistical patterns, using
symbolic representations and logic-based rules. massive datasets to train deep neural networks.
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Human GIS Assistant: Spatial Questions and Workflows @

0 uw-Madison

* NLP Query
 GIS & Domain Knowledge
« Data

« Analysis Workflow
« Map Visualization

GIS Helpdesk at Spatial@UCSB

- Joining survey tables to existing spatial data (Psychology)
 Batch processing of converting geographic features in
different folders into new geodatabase classes (Library)
 Habitat mapping for conservation (School of Environment)

Gao & Goodchild (2013), Asking spatial questions to identify GIS functionality.



Human GIS Assistant: Spatial Questions and Workflows @

Geospatial Data Science Lab
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Question: How to analyze the impact of human mobility on animal movement and habitat?
Workflow:

1. Data collection (animal GPS trajectories, human mobility, environmental variables)

2. Data processing and spatiotemporal alignment

3. Human movement analysis and activity estimation

4. Animal movement analysis and ecological niche modeling

5. Human—wildlife interaction & response analysis

6. Result interpretation and mapping
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Artificial GIS Assistant: Workflow Generation @

Geospatial Data Science Lab
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THE IMPACT OF HUMAN MOBILITY STAGE 1: DATA ACQUISITION
ON ANIMAL MOVEMENT AND HABITAT ANINAL MOVEMENT DATA

‘Rﬁ

STAGE 2: ENVIRONMENTAL CONTEXT
STATIC LANDSCAPE

Land Use

Bio- Saielme
loggers  Tracking

GPS
Tags

HUMAN MOBILITY DATA
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Scenario Modeling Coexistence Planmng
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Disentangle
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Artificial GIS Assistant: Semantic Parsing and Tool Calling G,

Geospatial Data Science Lab
0 uw-Madison

Q1:How far is it from Los
Angeles to Santa Barbara?

Question Q2:Which areas are affected
by this wild fire?

Or select
example

Layer Q3: How to change the questions
. projection for this map?
Spatial et
¢ I
Concept Natural Languagd Processing
Ontology Ontology
| Break a big model into smaller modeks. |} - Q2: “area”(polygon),
Semantic TR e uaffected
concept of “Distance” [l by”(relation),
Layer “wild fire”(object)

.

Task
Ontology

Sub-Model 2

Implementation
- Buffer and
Distance
Layer Intersect

Gao & Goodchild (2013), Asking spatial questions to identify GIS functionality.
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Human GIS Assistant

a. Outline map > b. Outline map > ¢. Outline map >
Annotation map RS images 3DRS images
€ 7 A}’
. R.FFG L PCC
¢ . L. .SPL/pCUN
" MNI:
0 s

d. Annotation map > e. Annotation map > f. RSimages >
RS images 3DRS images 3DRS images

R. HC L. LingG

o 5
L.PreCG g postcG . L.pcc "
;g - R. SPL = R. PCC
o MNI: . N Y MNI:
12-1371 W 321733 2 -2-2333

R.IPL
Former > Latter: p <0.001 unc. . p < 0.001 (FDR corrected)

Former < Latter: p < 0.001 unc. - p < 0.001 (FDR corrected)
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Geospatial Data Science Lab
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Artificial GIS Assistant

a. Geovisualization stimuli
SPATIAL SCALE

wl @ (@
Gty

Urban

EApEE S
R ﬁ %
e

3DRS image RS image Annotation map

Outline map ABSTRACTION
LEVEL
b. fMRI procedure

Map-scene matching task: Are the map and scene the same place?

For each trial:

If yes,
press button;
If no,
do nothing.
= Trial 1 ITI Trial 24 *4
6s 5s-10s 6s

* Neural representation of geoinformation in the human brain (Yang et al & Dong. 2025, Annals of GIS)
* NeuroCognitive Geography (Yang et al & Dong. 2025, Science Bulletin)



GeoAl Moonshot: Can we develop an artificial GIS analyst @
that passes a domain-specific Turing Test by 20307
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@ Taylor & Francis

International Journal of Geographical Information

Science self-generating

self-executing
self-verifying
self-organizing
self-growing

ISSN: 1365-8816 (Print) 1362-3087 (Online) Journal page: https://www. fonlis Vioi/tgis20
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GeoAl: spatially explicit artificial intelligence
techniques for geographic knowledge discovery

and beyond International Journal of . . .
DTzl nternational Journal of Digital Earth

Krzysztof Janowicz, Song Gao, Grant McKenzie, Yingjie Hu & Budhendra
Bhaduri

To cite this article: Krzysztof Janowicz, Song Gao, Grant McKenzie, Yingjie Hu & Budhendra
Bhaduri (2020) GeoAl: spatially explicit artificial intelligence techniques for geographic
knowledge discovery and beyond, International Journal of Geographical Information Science,
34:4, 625-636, DOI: 10.1080/13658816.2019.1684500

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/tjde20

Autonomous GIS: the next-generation Al-powered GIS

Zhenlong Li & Huan Ning

To cite this article: Zhenlong Li & Huan Ning (2023) Autonomous GIS: the next-
generation Al-powered GIS, International Journal of Digital Earth, 16:2, 4668-4686, DOI:
10.1080/17538947.2023.2278895
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Five Levels of Autonomous GIS @

Geospatial Data Science Lab
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Al INVOLVED ]

r

= &8 = 88 =5 & = 88 = 88

M @A @ oA @A B2 S

Al GIS tasks are manually Human prepare data, Human oversight to set Human may need to Human involvement is
conducted by the user, define geoprocessing input data, interpret select data and handle limited to oversight.
who is responsible for workflows. results, and manage data issues occasionally.

every step, including data unexpected data issues.

| collection, analysis, and
|

3704 IN3OV

MANUAL ROUTINE- WORKFLOW- DATA- RESULT- KNOWLEDGE-
AWARE AWARE AWARE AWARE AWARE

Legend

Human u& Autonomous GIS Agents ij Data Preparation 8‘8 Geoprocessing Workflow Generation A Result Interpretation

Li et al. (2025, Annals of GIS)




GeoAnalystBench: A GeoAl benchmark for assessing @
LLMs for spatial analysis workflow and code generation

Teoo L nas ==

< I > — Relationships Routing

&

Esi  IGUIDE GitHub Workﬂow Code  Prompt [ e [ Zrcen® )

[ Data Collection ] [ Task Annotation ] [ Categorization ]

———————————— - ————— - —

1. dataset/Elevation_2050.tif: Raster file for storing

N N
o O ‘ Example: Your task is analyzing the impact of predicted flood elevation in 2050 1

o 1 | land subsidence on flooding based on future 2. p: of !

|| etevation data of the study area. Identify ';“‘“ gs in the study area. Dataset 1

1 ﬂood-prono areas and estimate potential 1

| I

| I

| I

/

"prcd_resultslﬂooding_analysls.png s mean depth)) + 1.4502) * 271 * shape area
Case 7 2. Raster Calculation

Human Experts { Instruction o Knowledg

- e - . - . e - e e m e . e e = = -

di ge to support urban planning
and mitigaﬁon gii Savo the Its to 1. Cost Calculation Function: (0.298 * (Log(0.01 *
e

1. Load Dataset
2. Raster Calculation

5 in pe n = @ . VS
5.D. Calculati — D
_oiﬂifff i © ) 1 O
7. Visualizatio ! s u
Workflow Large Language Models Code

https://github.com/GeoDS/GeoAnalystBench Zhang et al. 2025 (TGIS)



https://github.com/GeoDS/GeoAnalystBench
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Spatial Analysis Tasks in GeoAnalystBench

* Understanding where
THE LANGUAGE OF

* Measuring size, shape, and distribution SPATIAL
* Determining how places are related ANALYTICS

Usi gTh Science of Where d rstand our world—mapping where

* Finding the best locations and paths s,y 60, 5 s, ot e
* Detecting and quantifying patterns
* Spatial interpolation and prediction
3] ]
P% 2 ""'J

ti "l'-‘-l https://github.com/GeoDS/GeoAnalystBench
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https://github.com/GeoDS/GeoAnalystBench

Example: Identification of Home Range and Spatial Clusters from Animal Movements m‘@
0 uw-Madison
Elk Elk
Distribution I8 ‘ Home Range
-~ L5
Minimum ——
Bounding —>  EIMBG e 'S
Geometry 4
2 %
N
vy
—>  Kemel Density | ik Kemel 2 a8 "'!{-;“1
! te L 1 <3 D‘
o _ - &
— N ' 24
N @ .
Clustzleting > EKDESCAN ‘0
1. Load GPS Data
2. Preprocess Data (Clean & Filter)
@ 3. Plot GPS Tracks (Visualize Movements)
ChatG PT 4. Estimate Home Range: Convex Hull (Minimum Bounding Geometry)
5. Compute Kernel Density Estimation
5. Apply DBSCAN Clustering
7. Analyze Home Range & Habitat Preferences
8. Store Outputs in Geodatabase




Performance of workflow generation in GeoAnalystBench
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Comparison of Model MAD across categories

U S DP F M DR

Models
Llama 3.1 7B
Codellama 8B
Deepseek R1 7B
ChatGpt-40 mini
Gemini 1.5 flash
Claude Sonnet 3.5

Geospatial Data Science Lab
0 uw-Madison

Zhang et al. 2025 (TGIS)



Performance of code generation in GeoAnalystBench @
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TABLE 5 Code evaluation results

Models ‘ CodeBLEU N-gram Weighted N-gram AST Syntax Data-flow
Proprietary

ChatGPT-40-mini 0.390 0.077 0.107 0.563 0.282
Claude-3.5-Sonnet 0.370 0.070 0.089 0.532 0.249
Gemini-1.5-Flash 0.358 0.071 0.096 0.544 0.299

Open Source

DeepSeek-R1-7B 0.272 0.032 0.044 0.405 0.265
Llama-3.1-8B 0.340 0.040 0.054 0.471 0.252
CodelLlama-7B 0.319 0.034 0.053 0.487 0.291

The evaluation captures both text similarity and syntactic correctness in programming.

https://github.com/GeoDS/GeoAnalystBench Zhang et al. 2025 (TGIS)
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https://github.com/GeoDS/GeoAnalystBench

Challenges in GeoAnalystBench (Cognitive) @esri @

Analysis is more than “right answers”

 How to answer ambiguous or subjective
answers? e.g., where to place a new solar

I
N
| powered farm?

How should Al agents be designed into systems of human
judgement rather than added as an acceptable alternative?

-- Lauren Bennett (Director of Spatial Data Science, Esri)




©

Challenges in GeoAnalystBench (Engineering) e

Can LLMs generate ready to use code rather than just similar code?

arcpy.CreateHexagonalsiteFeatur
es_cartography

j‘> * Hallucinated functions

* Out of date packages

arcpy.mapping.ExportToPNG (arcpy.mp)

Zhang et al. 2025 (TGIS)

N
I arcpy.HotSpotAnalysis_stats * Misplacing toolbox and tool
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Code Generation Optimization (Engineering)

RAG
(Retrieval-Augmented
Generation)

q)

e

ArcGIS Pro

Tool Reference jl>
P
&

GeoAnalystBench
Dataset

SFT
(Supervised Fine-
Tuning)

ArcPy Function
Evaluation

wwwwwwww
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Challenges and Issues on GeoAl

* Uncertainty

« Biases

« Heterogeneity and Fairness

« Explainability

« Ethics and Privacy

* Reproducibility and Replicability

* Responsibility and Trustworthiness
« Sustainability

HANDBOOK OF
GEOSPATIAL ARTIFICIAL
: INTELLIGENCE

p Edited by
Song Gao, Yingjie Hu,
and Wenwen Li

@ CRC Press




Representation Gap and Uncertainty

Input triplet

subject A
object B

Predicate

I | |
| !

WAKT of geometry
WKT(A):
POINT (-89.355 43.124)

WKT(B):
LINESTRING (-89.3552
43.124, -89.355 43.124)

Geometry type

Type(A): Point

Type(B): LineString

Predicate

touches

©

Geospatial Data Science Lab
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Enc(A) Enc(B) LLM as Encoder
QO O
QO O . .
& ¢ Concatenation Classify  [abel
8 8 [Enc(A); Enc(B)] (Encoder) ™|
O O
Text embedding model Embeddings Random forest
LLM as Reasoner
O Standard Zero-shot :
Classif
Q Standard Few-shot "9V Label L.
O Few-Shot Chain-of-Thought (Reasoner)
O Zero-shot Chain-of-Thought m
Y
Prompt templates Text generation model §
(0]
Ground truth Label

(Point, touches, LineString) ——

= Input to LLM
—— Otherwise

Ji, Gao, et al. (2025, JGIS)



Geographic Biases and Fairness @
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The significant disparities in tokenization across The geographic disparities by country in LLM
different languages and geographic regions. factual recall performance.

Government Health WORLDBENCH - =
Tokenization Cost by Language (Relative to English) & B Ry = @

i Flasibh open-source private
3 e namic exible ia =
WO_I' ld Bank d DyGround truths b L;: ::( a fLMS e
Of P,
Renpats sl Automatic M = £
S S Script é b N 20 Prompting & Parsing (;J.A"D_"ba Cloud
Telugu 5 B Latin == ®" Microsoft =
Tamil 5 B Hangul Economy Climate
Hindi 5 B Japanese Per-country data Per-country LLM Performance 20 LLM Evaluation Suite
Amharic 45 B Han (Simplified) diverse topics, maintained yearly to quantify geographic disparities including SOTA commercial models
Bengal & Arabic
Hebrew Absolute
Cyo Relative
' Thai
25 Bengali Error
% 2 Ethiopic
a’ Chinese 2 Devanagari
S 8 Tamil & 0.6
= 16 B Telugu
2 W Greek
18
15
14 05
14 L
13
13
i3 0.4
12
1
0 1 2 3 4 5 6
Cost Multiplier 0.3

Petrov et al. (2023) Moayeri et al. (2024)
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(Geo-)Agentic Harness Engineering ©

Geospatial Data Science Lab
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Geo-Foundation Models + GIS/Spatial Analysis Tools + Agentic Framework
What about the the role of human cognition and society ?

Global Embedding Field Embedding Axes Embedding Vector

( . X )
G- Harness Engineering

Vi ai / ) The full infrastructure — tools, memory, sandboxes,

\am,. mn orchestration, serving, failure handling, verification

(ooiaak s aange A Context Engineering

What goes into the context window and when — i
retrieval, compression, assembly Increasing
scope

Prompt Engineering

Crafting instructions — what you tell the model

(Decoding Al Magazine, 2026)
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Geo-alignment o

0 uw-Madison

« Alignment on foundation models and Al agents aims to prevent harmful biases,
improve Al safety, and ensure Al systems behave according to societal norms,
values, and goals.

« Geo-alignment offers a geographical perspective on alignment using geospatial
context and spatial distribution structure.

An Al system is said to be geo-aligned if for all queries g € Q and geographic
contexts g € G, the distribution of the system’s output S(o|q, g) resembles the
locally (geographically) appropriate distribution of outputs L(o|q, g) within a certain
tolerance. More formally:

Vg€ Q,g€GD(L(-19,.9).5(1q.9)) <€

Janowicz et al. (2025, SIGSPATIAL)
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Thank yOU! GeoAl

2026

Al <-> Geography
GeoAl Benchmark for LLMs

« Uncertainty, Bias, Geo-Agentic and Alignment, etc. HANDBOOK OF
GEOSPATIAL ARTIFICIAL
' INTELLIGENCE

Exhibit Hall
Schedule

Edited by
Song Gao, Yingjie Hu,
and Wemiven Li

Geospatial Data Science Lab
@ uw-madison

@ CRC Press
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GlIScience 2027 (4% |

Shanghai, China
October 18-22



https://giscience2027.org/

