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Assessing the Impact of
Global Environmental
< Projects to Mitigate Climate

Mapping & Modeling Human
Shoreline Structures with
Deep Learning
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Mapping Marshland & Shoreline Structures w/ GPUs!

Marsh Community Types
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Mapping Marshland & Shoreline Structures w/ GPUs!

Marsh Community Types Shoreline Structures

(A) Bulkhead (B) Groins (C) Riprap (D) Breakwater
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Figure 6. Result visualization predicted by

=
Unet-resnet 101 trained on VBMP 3-band imagery E;‘
(Lvetal, 2023)




Estimated Impact on Household Income of GEF Activities (USD)

Impact Assessment

o
o —
> 5 —  Weighted Best Fit
o  Lower Match Quality
O Higher Match Quality
o
o -
™
o]
s o]
4 o P %
8 _ et 2 S _______J:——’
Y s )
‘o o] s
=3
S
e ——
o
I I
1 2 3 4 5 6

Distance (km) o

SOEOL

SAOOOEEE
e e e teta e e

+ LSMS Survey Location
23 GEF Intervention Areas
HOusehold Assets (USD)
1 0-150.15

[ 150.16-292.87
292.88-436.72

, B 436.72-693.36

v . — B 69337+




eople

Mapping & predicting Modeling geographic
sociodemographic factors boundaries in HPC
based on satellite imagery environments

Runfola, D., Stefanidis, A., Lv, Z.T, O’Brien, 1.1, and Baier, H'. 2024. A multi-glimpse deep learning architecture to estimate socioeconomic census metrics in the context of extreme scope variance. International Journal of Geographical Information Science.
Runfola, D., Baier, H., Mills, L.T, Naughton-Rockwell, M.T, Stefanidis, A. 2022. Deep Learning Fusion of Satellite and Social Information to Estimate Human Migratory Flows. Transactions in GIS. http://doi.org/10.1111/tgis.12953

Runfola, D., Stefanidis, A., Baier, H., 2021. Using Satellite Data and Deep Learning to Estimate Educational Outcomes in Data Sparse Environments. Remote Sensing Letters 13(1). https://doi.org/10.1080/2150704X.2021.1987575

Brewer, E.T, Kemper, P,, Lin, J.T, Hennin, J.T, and Runfola, D. 2021. Predicting Road Quality using High Resolution Satellite Imagery: A Transfer Learning Approach. PLoS One. https://doi.org/10.1371/journal.pone.0253370
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Overall Study Design

44751 public elementary schools in the
Philippines.

We only know school test outcomes for a
limited subset of these schools.

Our goal is to predict school scores based on
imagery alone, using a CNN, to provide to a
NGO partner.

Acquire School Test Acquire Remote

Outcome Data Imagery
5,875 school from 2013 - a Google maps, Landsat
2014

Design & Calibrate CNN
Architecture

Cross-validation, multi-model ensemble
approaches tested using NVIDIA GPUs.

Predict School Outcomes

Using the model calibrated based on the available
5,875 schools, predict outcomes for remaining
schools. Apply model to future time steps as well
to fill in temporal gaps.



CNN Architecture

In total, 18 CNNs and 12 ensemble’s are fit,
covering each of 5 class subjects and 1 “all subjects”

model.
Ensemble Accuracies

Subject Binary Accuracy (%) Score Error (MAE)
English 82% 2.21

Filipino 76% 1.42

Math 81% 2.23

Science 80% 2.26

Social Studies 75% 2.07

All Subjects 80% 1.77

Acquire School Test Acquire Remote

Outcome Data Imagery
5,875 school from 2013 - Google maps, Google Street
2014 a View, Landsat

Design & Calibrate CNN
Architecture

Cross-validation, multi-model ensemble
approaches tested using NVIDIA GPUs.

Predict School Outcomes

Using the model calibrated based on the available
5,875 schools, predict outcomes for remaining
schools. Apply model to future time steps as well
to fill in temporal gaps.
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Migration Data Portal

[Alistble Spoiotemagmphio vartables: Total number of migrants Change in number of migrants Average age of migrants Change in average age

Economic Variables 680232 5

Demographic Variables
Marriage & Fertility Variables
Health Variables
Occupational Variables
Education Variables

UpAD Car.

Household Variables o

Predict new migration pattern

Directions to user:

1. Click on either the polygon or rectangle icons on the map to draw
an area of interest (AOI) over municipalities you wish to manipualte
data for. You can draw as many AOI's as you wish. To delete an AOI,
click on the trash can icon on the map, then click on the AOI you
wish to delte and hit ‘'save’ next to the trash can icon.

. Click on any of the variable drop downs above to view associated
variables that are available to manipulate. Then, type in a
percentage increase or decrease to change the value of the variable
for the municiaplities you choose on the map. For example, if you'd
like to increase the Total Income of selected municipalities by 10%,
click on "Economic Variables and type 10" into the input box next to
income.

. Once you are happy with your selections, click 'Predict new
migration pattern' and wait for the update migration predictions.
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Boundaries: geoBoundaries.org

Boundaries of hundreds of
thousands of States, Counties, and
other Districts around the world.

Standardized, Machine Readable,
API

About 60 TB of data serviced
monthly today, to around 750
users/week.

geoboundaries.org ZE
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Community Data Submission Workflow

Returned to Submitter Build API Eiles Push Change_:s to Web
for Changes / Repository
- : : .
Candidate Boundary (Re)submission .
from Community or gB Team Member Gt e s Metadgta = Image Global (CGAZ) Build
(Pull Request) & Metadata Checks Preview Builds
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¥
Rejected Candatabe Archival Research & Simplified File Builds Full File Builds
from e Triangulation to (geoJSON, Shape, (geoJSON, Shape,
Database ) Confirm Accuracy topoJSON) topoJSON)
A A A
v Y
Manual Standardization of :
Digitization / Agﬁzgt;?geo(:tasb(gge Projection, Attribute To‘;s\:ggz ﬁgg::g)o Lo
Editing Table, ISO Codes, etc.

———» Flow if Step Succeeds
— Flow if Step Fails

On-Premise HPC

Cloud-Based / On Demand

Local Desktop Environments
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students of the geolLab (geolab.wm.edu),
collaborators at VIMS, NASA, Columbia, ﬁ:

and our funding partners.
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This work has been made possible by contributions from the Bill & Melinda Gates Foundation, Patrick J. McGovern @
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