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My PhD Journey
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sources then instill them 
with semantics

Knowledge
Graphs

GIS

NLP
 Deep
Learning

Logic

ISWC 2022, 23, 24
WWW 2023
KDD 2024

GE Research 2021
IBM Research 2022

University Outstanding 
Teaching Assistant Award 2022

Highest Achievement

semifinalists 2021



4

Understanding Customer Requirements: An 
Enterprise Knowledge Graph Approach

ESWC 2023

Knowledge
Graphs

GIS

NLP
 Deep
Learning

Logic

x

Parsing, Representing &
Transforming Units of Measure
MWS 2019

Building Linked Spatio-Temporal Data from 
Vectorized Historical Maps
ESWC 2020

Building Spatio-Temporal Knowledge Graphs from 
Vectorized Topographic Historical Maps
SWJ 2022

x

x

Automated Generation of
Control Concepts Annotation Rules
Using Inductive Logic Programming

FLOPS 2022

x

Viola: A Topic Agnostic Generate-and-Rank 
Dialogue System

ALEXA 2021

x
x

An Automatic Approach for Generating Rich, Linked Geo-
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Robust Defense Against Lp-norm-based Attacks 
by Learning Robust Representations
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Creating a FAIR Data Catalog to 
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Automatically Constructing Geospatial Feature 
Taxonomies from OpenStreetMap Data
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Constructing a Knowledge Graph of 
Historical Mining Data
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Exploiting Polygon Metadata to Understand Raster Maps: 
Accurate Polygonal Feature Extraction
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Exploiting Spatial and Semantic Contexts through 
Embeddings for Geo-Entity Typing
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Historical & Geo Data

• Rich sources of information
– understanding human & environmental systems
– describing human & natural activities

• Labor-intensive to analyze across time & space
– e.g., railroad change, decline of wetlands, geo-related characteristics

• Often require grounding & additional contextual information
– e.g., demographics, geology, stratigraphy, other

Wetlands in Palm Beach, Florida, 
circa 1946

Wetlands in Palm Beach, Florida, 
circa 2018

Railroads in LA, circa 2018Railroads in LA, circa 1928

Historical topographic maps

Mining reports

Tables with geo-data

Web
Geospatial databases (e.g., mining sites)



KGs

• Knowledge Graph (KG)?
– Graphs are natural way to encode data
– Using semantic concepts & relationships

• Semantic Network = Knowledge Graph

• Why use KG?
– Combine expressivity, interoperability, & standardization in the Semantic Web stack

• Semantic Web?
– Extension of WWW, enabling the Web of Data (aka “Linked Data”)
– Encoding of semantics with the data
– Linked Open Data principles // FAIR

7

Balmat (Edwards District) Mineral Site

is a



Geo & Spatio-Temporal KGs
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• Spatio-Temporal KGs
– Contextual (what)
– Spatial (where)
– Temporal (when)

• Geo-semantics
– Representation, annotation, & reasoning
– Modeling & ontology development
– Integration & interoperability



Intro: Spatio-Temporal KGs
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• So, what’s so special about them?
– Spatial analysis
– Temporal analysis
– Spatio-temporal aggregations
– Geographic QA
– Environmental & social science
– Urban planning
– Transportation
– etc...

figure from https://terminusdb.com/blog/human-history-knowledge-graph/

figure from Szwoch, G. (2019). Combining road network data from openstreetmap with an 
authoritative database. Journal of Transportation Engineering, Part A: Systems, 145(2), 04018085.
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Research Problem

11

• How can we transform & link unstructured digitized & historical geo-data into 
structured, semantic, & queryable spatio-temporal KGs?

• Objectives:
– Automated KG construction from various historical geo-data sources
– Contextual geo-entity recognition (ER) & semantic typing
– Semantic enrichment by linking (EL)  to additional sources on the web
– Adherence to Semantic Web principles

• shared, accessible, visualized, standardized across-domains, & scalable for easy use by 
downstream tasks for easy analysis & expressive integration



Thesis statement
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This thesis provides tools & techniques for the automated understanding & transformation 
of unstructured geospatial & historical data from heterogeneous sources into a 
standardized representation of expressive & interoperable spatio-temporal knowledge 
graphs. I also present methodologies that both integrate the data with other sources on 
the web and leverage web knowledge for enhanced data analysis.

Building Spatio-Temporal KGs from Digitized Maps

Embedding Geo-Entities for Semantic Typing

From Digitized Reports to Spatio-Temporal KGs
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Building Spatio-Temporal KGs from Digitized Maps
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• Goals
– Automatically integrate, represent, relate & interlink geospatial data from 

overlapping digitized resources
• Line & Polygon features (e.g. railroads, wetlands)
• Geo-semantic representation following LD & SW principles

– User-assisted (known type) geo-entity linking (EL)

Historical topographic maps
covering the same region

Vector Data

Data understanding 
& KG construction



Building Spatio-Temporal KGs from Digitized Maps
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Vector Data

Data understanding 
& KG construction

SPARQL
endpoint

Historical topographic maps
covering the same region

“railroad segments 
that are present in 
1962 but are not 
present in 2001”

“can you show me a 
subset of instances 

tagged as abandoned?”

OpenStreetMap



Building Spatio-Temporal KGs from Digitized Maps
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• Approach

Feature
Partitioning

Entity 
LinkingFeature

  Extraction

OpenStreetMap

representation

geo-entity
comp/decomp

+ ER

geo-EL



Building Spatio-Temporal KGs from Digitized Maps
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• Approach
– Step 1. Feature Partitioning

• Generate building block geometries (i.e. geo entities) to represent the topographic features 
from different map sheets
– Represent common & distinct parts (changes) of the geo-features
– Allow incremental additions over time 

• Create a DAG of building-block geometries (nodes) and their relations (edges)



Building Spatio-Temporal KGs from Digitized Maps
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• Approach
– Step 1. Feature Partitioning

‘ ‘



Building Spatio-Temporal KGs from Digitized Maps
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• Approach
– Step 2. Geo-entity Linking

• Link the generated entities to LoD (OSM, geoNames, LinkedGeoData, Wikidata)
• Sampling

– Reverse geocoding for initial filtering (geo feature type is known)
– Determine confidence by frequency of (random) samples



Building Spatio-Temporal KGs from Digitized Maps
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• Approach
– Step 2. Geo-entity Linking



Building Spatio-Temporal KGs from Digitized Maps
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• Approach
– Step 3. Semantic Modeling (Data Representation)

• Transform & materialize the data (construct KG)
– Follows linked data principles
– Provide a useful semantic representation supporting downstream tasks

• Construct a meaningful semantic model
– Hierarchically-driven
– Follows W3C & OGC standards (GeoSPARQL)



Building Spatio-Temporal KGs from Digitized Maps
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• Approach
– Step 3. Semantic Modeling (Data Representation)



Building Spatio-Temporal KGs from Digitized Maps
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• Evaluation
– Feature Partitioning
– Geo EL
– RDF Query Performance
Data: 2 x railroad, 3 x wetland (3-7 sheets)

Query time ranges 10-50 [ms]
No significant change with respect to
- # of map editions we process
- Complexity of the query we compose 



Building Spatio-Temporal KGs from Digitized Maps
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• Related Work

– Transforming geospatial vector data into RDF (Kyzirakos 2014, Usery 2012)

• Do not address geo-entity linking or entity semantics

– Contextualizing geospatial data (Vaisman 2019, Smeros 2016)

• Do not address Linking unlabeled geo entities

– Geospatial change analysis (Perez 2015, Kauppinen 2014)

• Do not address incremental process of change over time



Building Spatio-Temporal KGs from Digitized Maps
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• Takeaways
– Paradigm for geospatial data integration on the web

• Unsupervised
• Hierarchy-driven & incremental semantic model for simple & efficient querying

– Follows LD & SW principles
– Does not require re-generation of data
– URIs are preserved

• Linked to Web
– Fuels further discovery & enrichment

– Still, many challenges exist
• Complexity of changes in original topographic maps
• Quality & level of detail
• Crowdsourcing: availability, granularity (e.g., mud vs. wetland)
• User-informed knowledge (target schema)

https://github.com/usc-isi-i2/linked-maps
https://linked-maps.isi.edu

https://github.com/usc-isi-i2/linked-maps
https://linked-maps.isi.edu/
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Embedding Geo-Entities for Semantic Typing
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• Goals:
– Embed geospatial data into high-dimensional vector space

• Preserve its semantic meaning & relationships between entities

– Develop techniques for semantic typing/labeling of geospatial entities

Historical topographic maps
covering the same region

Extracted 
Vector Data

Data understanding & 
KG construction

geo-
semantic 

embedding

semantic 
typing 

(OSM/Wiki)

[Classifier]



Embedding Geo-Entities for Semantic Typing
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building
water

waterway

? ?
?

“Everything is related to everything else.
But near things are more related than distant things.”

-Waldo R. Tobler



Embedding Geo-Entities for Semantic Typing
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• Approach:
– Method to embed:

• Geometric attributes (shape)
• Spatial attributes (area, length)
• Neighborhood context (nearby geo-entities)
to generate a representation that can learn & infer properties about geo-entities

geospatial

semantic

geo-
semantic 

embedding

semantic 
typing 

(OSM/Wiki)

[Classifier]

entity space encoder

neighborhood encoder

entity shape encoder
WKT

Vector Data

taxonomic alignment*



Embedding Geo-Entities for Semantic Typing
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• Data

Nodes - dots used to mark locations
  Ways - connected line of nodes
  Relation - used to create more complex shapes

OpenStreetMap

CA OSM Snapshot



Embedding Geo-Entities for Semantic Typing
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• but, OSM data is
– Inconsistent across regions
– Varying-granularity
– Noisy

OpenStreetMap
data/dump

??



Embedding Geo-Entities for Semantic Typing
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• Auxiliary (Appendix A):
– Generate a lightweight taxonomy from OSM tag data

OpenStreetMap
data/dump

construct base 
terminology

count parent-child 
relations

build taxonomy

frequent non-informative
infrequent informative 

conflict resolution

path frequency



Embedding Geo-Entities for Semantic Typing
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Embedding Geo-Entities for Semantic Typing
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Embedding Geo-Entities for Semantic Typing
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Embedding Geo-Entities for Semantic Typing
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Embedding Geo-Entities for Semantic Typing
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• Evaluation
– 8-fold SVC on embeddings
Data: 2k+    instances à  11 WD classes
  16k+  instances à  18 OSM tags

SotA

OpenStreetMap

Training: 200k CA OSM dump (2.3 tags avg)

4 settings
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Embedding Geo-Entities for Semantic Typing
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• Related Work
– ML for Geospatial Classification (Castelluccio 2015, Klemmer 2023, Kaczmarek 2023, Xu 2022, Yan 2021)

• Employ CNNs, GNNs, and GCNs for: building footprints & urban land-use classification
• Do not address the incorporation of external (open) knowledge

– Geospatial Embedding Techniques (Tempelmeier 2021, Jenkins 2019, Li 2022)

• Develop unsupervised embedding such as GeoVectors & SpaBert
• Do not address shape or explicit spatial data for enhanced geo-entity representation

– OSM Embedding (Woźniak 2021)

• Proposes embedding method for OSM regions using hexagonal grids
• Does not address individual entities



Embedding Geo-Entities for Semantic Typing
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• Takeaways
– Method for geo-referenced entity embedding on the web

• self-supervised
• leverages geometric, spatial, & semantic contexts
• weighted contrastive learning
• enables seamless semantic typing for integration on the web

– fuels further discovery & enrichment

– Still, many challenges exist
• availability
• granularity
• quality

[Linked Maps]

Embedding Geographic Data for OSM Type Inference

entity geo-feature encoder
entity space encoder

relax
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From Digitized Reports to Spatio-Temporal KGs
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• Goals:
– Integrating geo-referenced textual & historical data with quantitative information 

into a comprehensive, dynamic, & spatio-temporal KG
• capture data & entity semantics, entity resolution, & accurate data modeling

– Demonstrate via a KG of historical mining data

Extracted 
Textual & 
Vector Data

Data understanding & 
KG construction



From Digitized Reports to Spatio-Temporal KGs
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• For a given commodity/deposit type/location/time-range:
– Construct grade and tonnage models from the data on existing mines
– Compile rich mineral site data
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From Digitized Reports to Spatio-Temporal KGs
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• Approach
– Step 1. Semantic Modeling & URI assignment (Data Representation)

• Transform & materialize the data (construct KG)
– Generate entities (URIs) based on unique identifiers
– Provide a useful semantic representation supporting downstream tasks

• Construct a meaningful semantic model
– Follows W3C & OGC standards (GeoSPARQL)



From Digitized Reports to Spatio-Temporal KGs
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• Approach
– Step 2. Entity Linking

• Link the generated entities to a domain data-rich vocab (i.e., GeoKB)
– Determine similarity by textual similarity (i.e., Jaccard)
– Directly within SPARQL

Jaccard



From Digitized Reports to Spatio-Temporal KGs

46

• Approach
– Step 3. Triplify!

predefined 
entities

output triples

Entity 
Generation

ER

Mineral Site Data
Mineral Reports Data
Archive & Report Data

Namespaces
Entities

internal (within the KG)
external (w GeoKB)

Ontology



From Digitized Reports to Spatio-Temporal KGs
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• Evaluation
– Data completeness (SHACL)
– EL
– RDF Query Performance
Data: 2.4m triples // 135 commodities // focus on 2 critical mineral: nickel, zinc



From Digitized Reports to Spatio-Temporal KGs
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• Related Work
– General geo KBs (Zhu 2017, Brodaric 2020)

• Mostly encompasses conceptual knowledge & data
• Does not address: quantitative data integration

– GeoKGs related to mineral data (Qun 2023)

• Tailored for geochemical data
• Does not address: quantitative data integration

– Information extraction for geo KGs (Wang 2018)

• Focus is on the data extraction
• Does not address: data integration & entity linking



From Digitized Reports to Spatio-Temporal KGs
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• Takeaways
– Paradigm for geospatial data integration from digitized textual & geo-refenced archive data
– Method to identify & retrieve instances of a given type from a publicly available KG

• Automated
• Incremental semantic model for simple & efficient querying

– Follows LD & SW principles
• Linked to Web

– Fuels further discovery & enrichment

– Still, many challenges exist
• Quality of extracted data
• Encoding domain knowledge



Putting it together – via SPARQL!
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1st aggregation:
tonnage computation

2nd aggregation:
total grade & tonnage

computation Parse Map Infer

String
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Conclusions
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• Presented my thesis, based on 3 main contributions
– Paradigm for automatic transformation of historical maps into dynamic spatio-temporal KGs

• evaluated via change analysis of 2 different topographic features over time

– Approach for accurate geo-entity embedding, classification & integration
• evaluated via semantic typing of geo-referenced digitized instances to two different Open KBs

– Method for the construction of a spatio-temporal KG from geo-referenced spatial entities in 
archive reports
• demonstrated & evaluated on different tasks in the domain of historical mining data

• Presented 2 additional (auxiliary) contributions
– Method & tool to generate geo-feature taxonomies from public OSM data
– Approach & tool to identify, ontologize & transform units of measurement for quantitative data



Future Directions
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• Advanced data modeling
– More modalities
– More data (e.g., rapidly changing geographies)
– Hyperparameter optimization

• Enhanced embedding techniques
– Utilize subword information and deep learning attention mechanisms
– Expand integration of textual data

• KG expansion
– Extend KG linkage to cover a broader range of knowledge bases & LOD
– Apply & integrate with additional domains like archaeology & environmental sciences

• Dynamic semantic modeling
– Create more sophisticated & evolving semantic models for accurate representation 

across multiple domains

figure from Essentials of Geographic Information Systems, Ch 7, Saylor Academy, 2012



Final Remarks
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• Thanks to my collaborators!
– Craig A. Knoblock (advisor)
– Cyrus Shahabi, John P. Wilson, Jay Pujara, Yao-Yi Chiang (committee)
– Pedro Szekely, Filip Ilievski, Muhammad Rostami, Jon May (USC/ISI collaborators)
– Johannes H. Uhl, Stefan Leyk (University of Colorado Boulder)
– Anna Lisa Gentile, Pengyuan Li, Guang-Jie Ren (IBM Research)
– Abha Moitra (GE Research)
– Shui Hu (Amazon Research)
– USC/ISI colleagues & friends

Thank you for listening!Questions?


