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Spatial Revolution

e GPS & Location traces
« 2 billion GPS receivers today (7 billion by 2022) Backup blan
« Reference clock for telecom, banks, ... Bloomberg Businessweek
* Help understand Spatio-temporal patterns of life July 25,2018, 4:00 AM CDT

(Nano-)Satellite Imagery, ...

Ensuring ReEsource AVAILABILITY McKinsey Global Institute

The study estimates that the use of

personal location data| could save
Advanced technology, including many types of Earth information, consumers worldwide more than $600

will unlock up to $ 1.6 tﬂllmn in mnonic savings billion . annually l')y 2020. Computers
for energy generation and use by 2035. determine users' whereabouts by

tracking their mobile devices, like

Satellite observations can also help ensure water availability, which cellphones.

is particularly important to the 20% of the world now living in areas Gl)c Ncw uOI'k &mtﬁ
of water scarcity.

The World Economy
Runs on GPS. It Needs a

Published: May 13, 2011

Source: Y. Xie et al., Transforming Smart Cities With Spatial Computing, Proc. IEEE Intl. Conf. on Smart Cities, 2018.



http://www.spatial.cs.umn.edu/Project/smart-city/IEEE_Smart_City_2018.pdf
http://sites.ieee.org/isc2-2018/

Al: Topics, History, Recent Breakthroughs
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Al promise for Spatial Problems

* Cheaper, faster, and bigger Maps
— Ex. US Natl. Wetland Inventory - $400 M over 40 years (last century)

* |nverse Geo-Problems

* Geo-Content based Querying
* But many hurdles




Cheaper Faster Bigger Maps (e.g., Crop Health)

Conditions:
- Exceptional
- Favourable
Watch
-Poor
-Failure
-Out-of-Season
-No Data

Countries:

. I:] Crop Monitor Countries

Non-Crop Monitor Countries

Crop Conditions as of November 28th, 2020 |

AMIS & EARLY WARNING LATEST SYNTHESIS MAP
ANI/a

AMIS [gricutura arket = GEOGLAM

< " Global Agricultural Monitoring



Traditional Al vs. Deep Learning

* From Satellite Imagery: Classify Land-cover, Map buildings
* Ex. 2009 Haiti Earthquake: Map building damage [1]

B eCooniton  raditional Al Deep Learning

1. Pre-processing 1. Pre-processing

2. Feature engineering & Selection
Deep (neural network) Learning

3. Prediction (class or object)

4. Post-processing (rules, manual) 4. Post-processing (guardrail for Al)

[1] J. Aardt et al., Geospatial Disaster Response during the Haiti Earthquake: A Case Study Spanning Airborne Deployment, Data
Collection, Transfer, Processing, and Dissemination, Photo. Eng. & Remote Sens., 77(9):943-952, Sept. 2011.



https://pdfs.semanticscholar.org/8ed6/10bbaf72e512b3b35ce903cb7d013e13ab6d.pdf

https://agpartners.net/2018/08/17/corn-silage-in-2018/

Open Debates Guide to Nutrient 1

*  Why Machine Constructed Features?

ol il i i

— NDVI measures overall plant health ;;'E i i:, g{
i

— No diagnosis, e.g., disease, nutrients, ... t;g %& ;g :;

t it i i

{1 i i i
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What'’s value of hand-constructed features for deep learning?
— Improve explanation & Prediction
— Reduce computation cost, number of learning samples needed

Details: NDVI Versus CNN Features in Deep Learning for Land Cover Classification of Aerial Images, |IEEE

Intl.  Geoscience and Remote Sensing (IGARSS) Symposium 2019, pp. 6483-6486. doi:
10.1109/IGARSS.2019.8900165 (A. Ramanath, S. Muthusrinivasan, Y. Xie, S. Shekhar and B. Ramachandra, )



https://ieeexplore.ieee.org/document/8900165

Deep Learning for Geo-Object Detection

®m Q:? How many vehicles in a parking lot? City?
m Ex.: Estimate truck supply in a city (CH Robinson).
m Old Computer Vision workflow

m Many steps, each adds error
m New Deep Learning Workflow — fewer steps

m Aerial imagery (3 inch pixels, Twincites, MN, USA)

m NAIP Imagery (1 meter pixels, 2017)

= MA Buildings Data (https://iwww.cs.toronto.edu/~vmnih/datar )

m Detected Geo-objects

m Cars, trucks, Houses, ...
m Method: Convolutional Neural Networks (YOLO)

Details: Y. Xie et al., An Unsupervised Augmentation Framework for Deep Learning based Geospatial Object Detection:
A Summary of Results, Proc. 26th ACM SIGSPATIAL Intl. Conf. Adv. in GIS, 2019.



https://dl.acm.org/doi/abs/10.1145/3274895.3274901
https://www.cs.toronto.edu/~vmnih/data/

Mapping Trees from Remote Sensing Imagery

Why: Protect Powerlines, EAB Mgmt, Green infrastructure Equity
Input: LIDAR + Remotely Sensed Imagery + (NAIP Ground Truth)

Approach: Tree Inference by Minimizing Bound-and-band Errors (TIMBER)
— Optimization to find tree locations and sizes

Deep learning constructs features separating trees & non-trees (e.g., light pole)

Legend

Tree canopy

Proc. 27th ACM SIGSPATIAL Intl. Conf. on Adv. in GIS, Nov. 2019 Pages 71-74 (Best Vision Paper).

(b) TIMBER: A Framework for Mining Inventories of Individual Trees in Urban Environments using Remote Sensing Datasets,
IEEE Intl. Conf. on Data Mining (ICDM), 2018..



Al promise for Spatial Problems

* Cheaper, faster, and bigger Maps

* Inverse Geo-Problems, e.g., Find geo-locate of a picture

* Geo-Content based Querying
* But many hurdles




Geo-Fingerprinting: Plan B for GPS Jamming/Spoofing

Map of Mississippi River Q? Which location does this image show?

http://maps.google.com

http://worldsmap.world/mississippi-river-on-world-map/

Lpatlal Corﬁputlng

1 Research Group
2 /



Inverse Geo-Problem

* EX. Find location given a geo-image or geo-video

Sources: Google Earth



Al promise for Spatial Problems

* Cheaper, faster, and bigger Maps

* Inverse Geo-Problems

* Geo-Content based Querying, e.g., factcheck geo-imagery
* But many hurdles




Inverse Geo-Problem: Factcheck a Geo-propaganda

* Ex. Google Earth shows that supposed oil storage facility in Al-Thawrah, Syria
— was a grain storage facility located 150 Km away [1].

‘_-\ | - v. ‘
\\' “~ 3 - -

Russian Ministry of Defense video Google Maps

Source: Distract, Deceive, Destroy, M. Czuperski et al., Atlantic Council, 2016. ISBN 978-1-61977-510-7.



https://publications.atlanticcouncil.org/distract-deceive-destroy/assets/download/ddd-report.pdf

Al promise for Spatial Problems

* Cheaper, faster, and bigger Maps
* Inverse Geo-Problems
* Geo-Content based Querying

* But many hurdles (Machine is still learning!)

Acknowledgement: Thank you Mr. Vatyam Krishan for the phrase: “Machine is still learning”



Many Hurdles: Machine is still learning

* Open Problems
« Content based Querying
— 2017-20: DARPA Geospatial Cloud Analytics
* food shortages, fracking, illegal fishing vessels
— 2020-onwards: IARPA SMART (Space-based Machine Automated Recognition Technique)
* Spatiotemporal: Construction & classify Stage
* Map Underground: (Subterranean Challenge)

Sources: DARPA(https://www.darpa.mil/attachments/DARPA-2019-framework.pdf)



https://researchfunding.duke.edu/geospatial-cloud-analytics-gca
https://www.militaryaerospace.com/computers/article/16722103/iarpa-presents-ideas-to-industry-for-data-fusion-in-multispectral-imaging-for-intelligence-analysis
https://www.defensemedianetwork.com/stories/darpa-autonomous-technology-cometh/
https://www.darpa.mil/attachments/DARPA-2019-framework.pdf

Advancing data-focused methodologies for knowledge discovery

As discussed in the 2016 Federal Big Data Research and Development Strategic Plan,** many
fundamental new tools and technologies are needed to achieve intelligent data understanding and

THE NATIONAL

ranerEnce Rl knowledge discovery. Further progress is needed in the development of more advanced machine

RESEARCH AND DEVELOPMENT

SRR VERBIIN (earning algorithms that can identify all the useful information hidden in big data. Many open research
guestions revolve around the creation and use of data, including its veracity and appropriateness for Al
system training. The veracity of data is particularly challenging when dealing with vast amounts of data,
making it difficult for humans to assess and extract knowledge from it. While much research has dealt
with veracity through data quality assurance methods to perform data cleaning and knowledge
discovery, further study is needed to improve the efficiency of data cleaning techniques, to create
methods for discovering inconsistencies and anomalies in the data, and to develop approaches for
incorporating human feedback. Researchers need to explore new methods to enable data and
associated metadata to be mined simultaneously.

Many Al applications are interdisciplinary in nature and make use of heterogeneous data. Further
investigation of multimodality machine learning is needed to enable knowledge discovery from a wide
variety of different types of data (e.g., discrete, continuous, text, spatial, temporal, spatio-temporal,
graphs). Al investigators must determine the amount of data needed for training and to properly

A20 YoarCommunty Roatnap for address large-scale versus long-tail data needs. They must also determine how to identify and process
- rare events beyond purely statistical approaches; to work with knowledge sources (i.e., any type of
O=— K- | information that explains the world, such as knowledge of the law of gravity or of social norms) as well

' as data sources, integrating models and ontologies in the learning process; and to obtain effective
learning performance with little data when big data sources may not be available.



Quiz Time

Q. Which images show snow ?
(@) B e

od
1

Runn of Kutch, Gujarat, India Lake Karum, Ethiopia Snow Snow

Q2. Which geo-challenges are addressed by Convolutional Neural Network (CNN) ?
(a) High Cost of spurious and missed patterns (b) Spatial Auto-correlation T
(c) Spatial Heterogeneity (d) Teleconnections L :ﬁ w D
=Ey.V'5

|
-~ AR

Details: Towards Spatial Variability Aware Deep Neural Networks (SVANN): A Summary of Results, J. Gupta, Y. Xie, and S. Shekhar,

DeepSpatial2020 (1st ACM SIGKDD Workshop on Deep Learning for Spatiotemporal Data, Applications, and Systems). Best paper award.



https://arxiv.org/abs/2011.08992

Should Al (e.g., deep learning) reduce false patterns?
[oeTEY

Deep neural networks (DNNs) are brilliant at image

recognition — but they can be easily hacked. Rotating objects in an image confuses DNNs, probably because they

w Speed limit 45

are too different from the types of image used to train the network.

Stop Dumb-bell
- -»>

Scientists have King penguin Even natural images Manhole cover Pretzel
evolved images that - can fool a DNN,

look like abstract because it might focus
patterns — but which on the picture’s colour,
DNNs see as familiar texture or background
objects. rather than picking out
the salient features a
human would
recognize.

These stickers made an
artificial-intelligence
system read this stop
sign as ‘speed limit 45’.

enature onature

Source:_Why deep-learning Als are so easy to fool, D. Heaven, Nature, 09 Oct. 2019.



https://www.nature.com/articles/d41586-019-03013-5

Guard Rails for Al: Ex. Statistical Significance

« Q7 How to detect Statistically Significant Arbitrary Shape Hotspots?
- Significant DBSCAN [SSTD 2019]
e Significance modeling in DBSCAN + A fast dual-convergence algorithm

5% G © 7
Add significance

Arbitrary“ Significant
9 DBSCAN DBSCAN
Random data (no cluster) - D?S(I:AN - sfgn{fliaﬁt_P-B\SCAw ] w
o e Circle SATSCAN
NO  Robust to Noise YES

Clustered data = DBSCAN I = Significant DBSCAN

Details: Significant DBSCAN towards Statistically Robust Clustering, Y. Xie & S. Shekhar,
Proc. 16th Intl. Symp. on Spatial and Temporal Databases (SSTD ’19), 2019, ACM (Best Paper).



https://dl.acm.org/doi/10.1145/3340964.3340968

Help Al (Vision) break out of “RGB+Lidar” box to try richer sensors?

A downpour in Las Vegas at the CES technology show a year and a
half ago may prove to have been a watershed moment in the race
to develop autonomous cars. While other companies promoting
their experimental|self-driving vehicles had to keep them parked in

@ one company, AdaSky, demonstrated how its sensors
could see people hundreds of feet ahead even in a downpour, and
even when they were wearing white and standing against a white
background.

4Thermal imaging]is the best sensor at detecting people, day or
night,” Chris Posch of FLIR Systems said.

€he New York Times
These High-Tech Sensors May Sept. 26, 2019
Be the Key to Autonomous Cars



Human vision > Superhuman Vision s

« Sensors: Electromagnetic, sonar, ...
« Ex. Electromagnetic radiation Emitted by objects above absolute zero (0° Kelvin(K), =273°C)

Gamma-ray X-ray Ultraviolet V|S|ble Infrared Microwave Radio
Human
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Should Al learn Extended Spatial Data Types?

Q? What is distance between Washington D.C. and U.S.A.?
« Zero ( Washington D.C. is inside U.S.A.)
* NSF OKN funded 2 grants on geo-knowledge networks!

Go gle distance from washington dc to us Q
Q Al &) Images 8 Maps { Shopping E) News ¢ More Settings Tools
About 256,000,000 results (1.87 seconds)

© Washington, District of Columbia

© United States
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>
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N Charlotte Map data ©2020 Google
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Spatial Data Types: OGC Simple Features Standard

« Data types: Point, LineString, Polygon, Collections Basic Functions SpatialReference ()
+ Relationships: Topological, Metric, ... E)’Zgg'rf:'(’)()
* Helps feature selection for machine learning IsEmpty ()
« Ex. Distance to key geo-features, Neighbor relationship IsSimple ()
Boundary ()
Geometry Spatial Reference System
Topological / Set Equal
Operators Disjoint
. _ | Touch |
Point Curve Surface Geometry Collection pr——
— Cross
: A Within
. . . Contains
Polygon Multisurface Multicurve Muln:O|nt Overlap
2.* 3
Spatial Analysis Distance |
Buffer
/Line /LinearRing 1.* Multipolygon | Multilinestring
’ ConvexHull
T Intersection
Union
) _ _ Difference
Details: Spatial Databases: Accomplishments and Research Needs, S. Shekhar DymmDiff

et al., IEEE Trans. on Knowledge and Data Eng., 11(1), Jan.-Feb. 1999.



http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=755614

Ve Logistic/Linear Regression

Explainable Al [/

K-Nearest Neighbors

e How may Al decision be understood by humans T o T\ Rule-base Learners
e Accuracy Interpretability Trade-off \\General Additive Models
XAl in Machine Learning \" Bayesian Models

‘ XAT’s future had
l'(‘.S(‘ﬂl'Cll arena b Model-Agnostic
High / Why') Post-Hoc Explainability
‘ " Model-Specific

I+noise

- i -
. classified as a zm

O Hotdog

Meat patty.

A
P I 1

Non-meat patty.
P O No sausagc.\

Super Burger

Model accuracy

Is curdy.

\ O Curly fries
Low 4» /
Low Hi gh O Is waffle-like.

Model interpretability . @ v

Explainable Artificial Intelligence (XAl): Concepts, taxonomies, opportunities and challenges toward responsible Al.
A. Arrierta et al., Information Fusion, Volume 58, Pages 82-115, Elsevier, June 2020.



https://arxiv.org/abs/1910.10045
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Summary

_ . The World Economy
« Spatial Data has already transformed our society Runs on GPS.

 Itis only a beginning!
« It promises astonishing opportunities in coming decade

Al has promise but faces major challenges
— Rich Data Types, e.g., lineStrings, polygons, ... One size

— High cost of errors, Spatial Heterogeneity, ... does NOT
fit all

* Ask

— Sponsors: Nurture approaches to overcome challenges (Geo-Al
— Academics: Include Spatial topics in courses and curricula

sass [niversity Consortium for A UCGIS Call to Action:

. “FOGRAPHIC IHFORMATION SCIENCE Bringing the Geospatial Perspective to Data Science Degrees and Curricula
Summer 2018




Resources

+ Spatial Computing, MIT Press (Essential Knowledge Series), 2020. (with P. Vold) SPATIAL

» Spatial Computing ( html , short video , tweet), Communications of the ACM, 59(1):72-81, COMPUTING
January 2016 (With S. Feiner, and W. Aref). MASBUCRR IS B

* Transdisciplinary Foundations of Geospatial Data Science ( html , pdf ) ISPRS Intl. Jr. of
Geo-Informatics, 6(12), 2017. doi:10.3390/ijgi6120395. (with Y. Xie, E. Eftelioglu, R. Ali, X.
Tang, Y. Li, and R. Doshi)

» Transforming Smart Cities With Spatial Computing, Proc. IEEE Intl. Smart Cities
Conference , 2018 (with Y. Xie, J. Gupta, Y. Li).

« Encyclopedia of GIS (2" Ed.), Springer, 2017,isbn978-3-319-17884-4.(Co-Ed.w/ H. Xiong,
and X. Zhou). (1st Ed. in 2008, isbn 978-0-387-30858-6).

» A Tour of Spatial Databases, Prentice Hall, 2003, isbn013-017480-7.(w/ S.Chawla).

* A scalable parallel formulation of the backpropagation algorithm for hypercubes and related
architectures, IEEE Transactions on Parallel and Distributed Systems, 5(10):1073-1090, Oct.
1994 (w/ V. Kumar, M. B. Amin).

» Software Development Support for Al Programs, ,IEEE Computer, 20,(1):, 30-40, Jan. 1987,
(w/ C.V. Ramamoorthy, and V. Garg,) .



https://mitpress.mit.edu/books/spatial-computing
http://cacm.acm.org/magazines/2016/1/195727-spatial-computing/fulltext
http://bit.ly/1m4WGDB
https://twitter.com/tgeller/status/679473376717451267
http://www.mdpi.com/2220-9964/6/12/395/
http://www.mdpi.com/2220-9964/6/12/395/pdf
http://www.spatial.cs.umn.edu/Project/smart-city/IEEE_Smart_City_2018.pdf
http://sites.ieee.org/isc2-2018/
https://link.springer.com/referencework/10.1007/978-0-387-35973-1
https://www.amazon.com/Spatial-Databases-Shashi-Shekhar-2003-06-20/dp/B01FKSLWL2
https://ieeexplore.ieee.org/document/313123
https://ieeexplore.ieee.org/document/1663354

