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Sustainable Development Goals

Most rely on population counts for measuring outcomes
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Geospatial Humanities
Applications

What is the influence of physical or geographical space on human behavior and
cultural development?

Using detailed population data and other accessory pieces of data we can learn
relationships that may be useful in historic or cultural contexts.

Relationship between:

* Jland-cover and population with the Historic Land Dynamics Assessment

 population distribution in cities - cultural differences in cities



Censuses are Hard!

Expensive, time consuming, varying degrees of accuracy, varying degrees
of spatial resolution, ...

2010 round - 5 countries without a census
2000 round - 27 countries without census

Lebanon hasn't taken a census since 1932



Much can Change Between Censuses!

Tlme Iapse of Las Vegas Nevada

Made with: https://earthengine.google.com/timelapse/



https://earthengine.google.com/timelapse/

How Satellite Data Can Help

Models based on satellite data are:
 Much faster than waiting on census
 Can be used in-between census years

e Can be applied to other countries
without population counts

 Highly scalable

Landsat 7: https://earthobservatory.nasa.gov/Newsroom/
NasaNews/2002/2002072210307.html



Landsat ‘ , i

The Landsat project (NASA and
USGS) has been continuously

collecting satellite images of the
entire earth since 1972

y

Landsat 7 has been in operation
since 1999, taking images of the
entire globe every 16 days




Landsat

The Landsat project (NASA and
USGS) has been continuously
collecting satellite images of the

entire earth since 1972 e ‘
Landsat 7 has been in operation

since 1999, taking images of the
entire globe every 16 days

What can we learn from all of this data?

~. ... -Whatis in a single satellite image?
' = - Where people live



Landsat 7 imagery of Redondo Beach (2010)



i m We are learning to
estimate population
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Gridded Population Data Products

Gridded Population of the World LandScan
Global Rural-Urban Mapping Project WorldPop Facebook Labs
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Gridded Population Data Products

Gridded Population of the World LandScan
Global Rural-Urban Mapping Project WorldPop Facebook Labs

EEEENA
I
RN
iPiANp)S
RO

Population Gr:)und Truth Disaggregatéd to grid

Need to know ground truth!



Gridded Population Estimations

Equitable development through deep learning:
The case of sub-national population density estimation
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ABSTRACT

High-resolution population density maps are a critical com-
ponent for global development efforts, including service de-
livery, resource allocation, and disaster response. Tradi-
tional population density efforts are predominantly survey
driven, which are laborious, prohibitively expensive, infre-
quently updated, and inaccurate — especially in remote ar-
eas. Furthermore, these maps are developed on a regional-
basis where the methods used vary region to region, hence
introducing notable spatio-temporal heterogeneity and bias.

The advent of global-scale satellite imagery provides us
with an unprecedented opportunity to create inexpensive,

accurate, homogeneous, and rapidly updated population maps.

To fulfill this vision, we must overcome both infrastructure
and methodological obstacles. We propose a convolutional
neural network approach that addresses some of the method-
ological challenges, while employing a publicly available, al-
beit low resolution, remote sensed product. The method
converts satellite images into population density estimates.
To explore both the accuracy and generalizability of our ap-
proach, we train our neural network on Tanzanian imagery
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Furthermore, subnational data are a critical component of

equitable development since national averages routinely “smooth

out” the most marginalized communities. In fact, one of the
most significant limitations to achieving the Millennium De-
velopment Goals was that, while national averages may have
showed overall gains towards certain goals, these gains ve-
neered significant disparities, where the poorest people did
not necessarily benefit from the overall progress [38].

One of the most basic, yet essential, of these statistics is
the accurate and timely assessment of where people live.
This information is “one of the primary sources of data
needed for formulating, implementing and monitoring the
effectiveness of policies and programmes aimed at inclusive
socioeconomic development and environmental sustainabil-
ity” [40, p.2]. These census data determine resource allo-
cation, such as where to invest in hospitals, schools and
infrastructure, and may be used to define legislative dis-
tricts and other important functional areas of government.
Basic population level data also serve as an essential bench-
mark for measuring progress toward the the attainment of
the Sustainable Development Goals, and other national and

international objectives (see Figure 1
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with an unprecedented opportunity to create inexpensive,
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and methodological obstacles. We propose a convolutional
neural network approach that addresses some of the method-
ological challenges, while employing a publicly available, al-
beit low resolution, remote sensed product. The method
converts satellite images into population density estimates.
To explore both the accuracy and generalizability of our ap-
proach, we train our neural network on Tanzanian imagery
and test the model on Kenyan data. We show that our
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Furthermore, subnational data are a critical component of

equitable development since national averages routinely “smooth

out” the most marginalized communities. In fact, one of the
most significant limitations to achieving the Millennium De-
velopment Goals was that, while national averages may have
showed overall gains towards certain goals, these gains ve-
neered significant disparities, where the poorest people did
not necessarily benefit from the overall progress [38].

One of the most basic, yet essential, of these statistics is
the accurate and timely assessment of where people live.
This information is “one of the primary sources of data
needed for formulating, implementing and monitoring the
effectiveness of policies and programmes aimed at inclusive
socioeconomic development and environmental sustainabil-
ity” [40, p.2]. These census data determine resource allo-
cation, such as where to invest in hospitals, schools and
infrastructure, and may be used to define legislative dis-
tricts and other important functional areas of government.
Basic population level data also serve as an essential bench-
mark for measuring progress toward the the attainment of
the Sustainable Development Goals, and other national and
international objectives (see Figure 1).

Traditional population density estimates are derived from

How can we trust
these estimates?

[1] Doupe, Patrick, et al. "Equitable development through deep learning: The case of sub-national population density estimation." Proceedings of the 7th Annual Symposium on
Computing for Development. ACM, 2016.
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Deep Learning

Deep learning is a category of state-of-the-art algorithms that has recently
been shown to be very effective for image-based learning

Example: convolutional neural networks (CNNs)

Goal: learn a mapping between satellite images and population counts

(St 1

https://www.mathworks.com/discovery/convolutional-neural-network.html

CARvV

CONVOLUTIONAL NEURAL NETWORK (CNN)

& =3

LEARNED FEATURES [ 95%] TRUCK X
3%
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https://www.mathworks.com/discovery/convolutional-neural-network.html

Data

Landsat 7 images

e 74 x 74 x 7 "Images" representing 1km2 patches of land

Gridded US Census population count data

For every 1km2 patch of land in the US we have:
a satellite image, existing population estimate for years 2000 and 2010




Methods

Estimating population ranges instead of counts (classification v. regression)
Class 0: 0 people, Classes 1-7: few people, Classes 8-13: many people

Train on data from 2000, test on data from 2010

How do we validate our model?
* Aggregate gridded estimations at county level - compare to ground truth

 Show that it makes reasonable predictions



Methods

Architecture/Parameter Search

I _|

Sample training and validation Evaluate on Evaluate on

sets from the 2000 data Training validation set 2010 test data

| |

Pixel level error County level error




Neural Network Architecture

O e — e Al Al e LO LO e LO LO e @) ®)) ©
~— e — o — ({I @ — ({l @ — (\Il @ - O -
> Q > > > Q > > Q > > Qo Yy YT £
5 S é 5 O é S5 O é 5 O § e L 3
o E o o o o o o o
Block 1 Block 2 Block 3 Block 4 Block 5
Input Images y Output
Each image Modified VGG-A Neural Network Classification

of size (74, 74, 7) vector of size (17)



Quantitative Results

Results are at the county level
e Our models: CONVRAW and CONVAUG
e Census Bureau estimates: POSTCENSAL and ACS5YR

Difference between
Actual 2010 and CONVAUG 2010

i l =

=SS

Mean Median %
Absolute Error | Absolute Error ’

CONVRAW 23,005 6,357 0.9 73.78 |
CONVAUG 19,484 4,642 0.94 49.82 2
POSTCENSAL 2.020 559  0.99 3.09

ACS5YR 1,704 214 0.99 34.44

2010 Mean Population: 97,018 HEE ] _

2010 Median Population: 25,930 =10° =10° =10° =10° -10°10* 10° 10° 10> 10°



Census ground truth data, 2010 CONVRAW predictions, 2010



Qualitative Interpretation

1. Which satellite images are the models most confident about?
2. Where do the models predict low —> high population areas are?

3. What errors are the models making?



1. Which satellite images are the models most confident about?

Top 8 most confident test images for each population class.
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2. Where do the models predict low —> high population areas are?

No People Few People

Layer 12 Laver 14

Many People
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3. What errors are the models making?

. 0

' am’

Oak Ridge National Lab Anniston Army Depot Walt Disney World
Oak Ridge, TN Anniston, AL Orlando, FL
Small Scale Medium Scale Large Scale



Future Work
Can we improve the accuracy of the models?

e More recent neural network architectures
o Effects of impertfect training data

e Loss function improvements

Do our models generalize in space?

e Test a model trained on the US in different countries?

@ Can we predict other socio-economic values?
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