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Historic Roots of GeoAl (W)
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Stan Openshaw, Christine Openshaw (1997). Artificial Intelligence in Geography, Wiley.



GeoAl Events (W)
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Spatially Explicit Al Models

* Invariance test: The results of spatially explicit models are not invariant
under relocation of the studied phenomena.

* Representation test: spatially explicit models contain spatial
representations of the studied phenomena in their implementations.

* Formulation test: spatially explicit models make use of spatial concepts in
their formulations, e.g. the notion of a neighborhood.

* OQutcome test: spatial structures/forms of inputs and outcomes are
different.

Goodchild, M., 2001. Issues in spatially explicit modeling. Agent-based models of land-use and land-cover change report and review of an
international workshop, October 4-7. Irvine, CA.

Janowicz, K., Gao, S., McKenzie, G., Hu, Y. and Bhaduri, B., 2020. GeoAl: spatially explicit artificial intelligence techniques for geographic
knowledge discovery and beyond. International Journal of Geographical Information Science, 34(4), pp.625-636.
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GeoAl for location privacy protection GeoDS Lab @UW-Madison ()
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Rao, J., Gao, S., Kang, Y., & Huang, Q. (2020). LSTM-TrajGAN: A Deep Learning Approach to Trajectory Privacy Protection. In the Proceedings of the 11th International
Conference on Geographic Information Science (GlScience 2021), No. 12; pp. 12:1-12:17.



Trajector

<

1 i 2 7 24
g |= % - -
. ~ “
Encoded Trajectory Dataset a| |2 % HH
E i % = H BE
L TrajID UserID Locaton ~  Day = Hour
& &
5 3
3 8 8
\ / = c <
oosn SN, /0 AL [
. o — 4 _=

Time
{ 12

5 -
~.Trajectory Point Encoding

=

-
o

Category Food Ay
User ID 10 f 59
Trajectory ID 192 T .

o RN [ T T T 1S

o~

One-Hot E

7 g
[l - S 40.712995
. = -73.976845 | e
7 4 Sunday
o .——-—"’/ 17
40.711084 E‘;'o"'
~73.989344 e
Sunday
15
Shop & Service
10
192 Spatial-Temporal Check-In Data

IR [ T T T 1 /i

tegol

2

40.721112

-73.961596

Sunday

9

Outdoors & Recreation

10

192

Sunday
Saturday
Friday
Thursday
Wednesday
Tuesday

Monday

e Food

Loss Function Design

- Real Trajectory

S
//;1.0
405
-744 -742 -740 -738 -736 40.0

e Travel & Transport

e Residence
* Professional & Other Places

- Synthetic Trajectory

".

e AL
I

% Y |

B

i

//‘;1.0
40.5

=744 =742

»  Shop & Service
Outdoors & Recreation

-74.0

-738 -736 40.0
* College & University

TrajLoss(y",y?,t",t°) = aLpcep(y",y") + BL(t",t°) + vL(t",t°) + cL.(t", %)

Rao, J., Gao, S., Kang, Y., & Huang, Q. (2020). LSTM-TrajGAN: A Deep Learning Approach to Trajectory Privacy Protection. In the Proceedings of the 11th International
Conference on Geographic Information Science (GlScience 2021), No. 12; pp. 12:1-12:17.



Spatial Scene Search

atial-Query-by-Sketch Result
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Guo, D, Ge, S., Zhang, S., Gao, S., Tao, R., & Wang, Y. (2022). DeepSSN: a deep convolutional neural network to assess spatial scene similarity.

Transactions in GIS. DOI: 10.1111/tgis.12915




Deep Spatial Scene Neural Network

Guo, D., Ge, S., Zhang, S., Gao, S., Tao, R., & Wang, Y. (2022). DeepSSN: a deep convolutional neural network to assess spatial scene similarity. Transactions in GIS. DOI:

10.1111/tgis. 12915
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Triplet Loss Function
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Guo, D., Ge, S., Zhang, S., Gao, S., Tao, R., & Wang, Y. (2022). DeepSSN: a deep convolutional neural network to assess spatial scene similarity. Transactions in GIS. DOI:



Triplet Sampling Strategy @

e A hard positive sample refers to the spatial scene whose intra-class distance to an anchor
spatial scene is maximum.

e A hard negative sample refers to the spatial scene whose inter-class distance to an anchor
spatial scene is minimum.
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Guo, D., Ge, S., Zhang, S., Gao, S., Tao, R., & Wang, Y. (2022). DeepSSN: a deep convolutional neural network to assess spatial scene similarity. Transactions in GIS. DOI:
10.1111/tgis. 12915



Results @

Table 4.: Comparison between the cross-entropy loss and the triplet loss.

MRR Precision@1 Precision@3 Precision@Q5 Precision@10

Cross-entropy  0.054 0.050 0.0567 0.060 0.063
loss
Triplet loss 0.641 0.576 0.678 0.714 0.752

Table 5.: The performance comparison of different mining strategies

MRR Precision@l Precision@3 Precision@5 Precision@10

Random 0.529 0.452 0.576 0.608 0.676
sampling

Triplet 0.641 0.576 0.678 0.714 0.752
mining

Guo, D., Ge, S., Zhang, S., Gao, S., Tao, R., & Wang, Y. (2022). DeepSSN: a deep convolutional neural network to assess spatial scene similarity. Transactions in GIS. DOI:
10.1111/tgis. 12915



Challenges in GeoAl studies GeoDS Lab @UW-Madison {{)
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* interpretability and explainability
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° B|asl privacy’ and falrness Arundel et al. 2020, TGIS
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Cheng et al. 2020, IJGIS



GeoAl Research and Education

Al <--> Geography (Spatial concepts and thinking)
* Al <--> GIScience (Spatially explicit Al models)

* National Al institute for Intelligent Cyberinfrastructure with Computational
Learning in the Environment (ICICLE)
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