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Outline of talk 

1. Motivation for geospatial small area estimation 

2. What types of geospatial data are available? 

3. What do preliminary results show about the accuracy of geospatial small 

area estimates? 

4. Existing and forthcoming tools for small area estimation using geospatial 

data
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Motivation 

• Important to monitor socioeconomic indicators including Sustainable 

Development Goals  
• Household probability sample surveys are often used to measure key socioeconomic 

outcomes 

• But surveys typically unable to generate reliable estimates for small areas 

• For example, not nearly enough households to estimate Traditional Authority (TA) 

level outcomes in Malawi using 2019 Integrated Household survey 
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Motivation 

• Using Small Area Estimation to combine surveys with more 

geographically comprehensive data sources can help. SAE is: 
• Useful for targeting and evaluating interventions 

• Can generate estimates in areas not covered by survey

• although these are often significantly less accurate than estimates for sampled 

areas

• Can potentially assess and partially correct for selection bias in first stage of sample 

surveys  

• Can help generate more reliable estimates for small population subgroups  
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Auxiliary data 

• Traditionally census or administrative data used, but geospatial data 

provide an intriguing alternative 
• Recent census data may not exist or may not be obtainable 

• Availability of geospatial indicators has exploded 

• Google earth engine and Microsoft planetary computer 

• Geospatial data is: 
• Geographically comprehensive

• Unlike mobile phone data, not subject to selection bias 

• Updated frequently 

• Very geographically granular,

• Can often link surveys at EA level or small (admin-4) admin level 

• Can very occasionally link surveys at household level

• Opens up new ways to use auxiliary data at sub-area level

• Often publicly available, at least for many useful indicators 

• A second-best option when recent census data are unavailable 
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Partial list of satellites

Satellite Frequency Resolution Availability 

MODIS Globe every 1 to 

2 days

250 m Public 

LANDSAT Globe every 8 

days 

30 m Public 

Sentinel 2 Globe every 10 

days 

10 m Public 

Planet Globe every day 3-5 m Private 

Maxar 60% every 

month

0.5 m Private 
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Example: Land cover data in Google Earth Engine 
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Example: Building footprints data in Microsoft Planetary Computer
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Example: NDVI from MODIS 

• MODIS images globe every 1 or 2 days with coarse resolution 

• NDVI = Normalized Difference Vegetation Index, a measure of vegetation density 

• Patterns change during the year 

Phu Quoc, Vietnam (2022)
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Land classification percentages by GN Division in Sri Lanka 

• Clear negative relationship between urbanity and tree coverage  

• Urban measure identifies cities and towns 

Jaffna

Batticaloa

Kandy

Colombo

Galle

Trincomalee

Vavuniya

Anuradhapura

Kilinochchi

Negombo

Matara

Bandarawela
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Armed Conflict Location and Events Data (ACLED) 

Violent events in Mali, 2019

Contains information on location of violent events 
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More example indicators 
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Variable Source Resolution Year 

Population structure WorldPop 100 m 2018

Population density WorldPop 100 m 2018

Temperature TerraClimate 4 km 2018

Palmer Draught 

Severity Index (PSDI)
TerraClimate

4 km 2018

Distance to OSM 

major roads
WorldPop, Open Streetmap

100 m 2016 

Radiance of night-time 

lights 
VIIRS 

500 m 2018

Net primary 

production

FAO Remote Sensing for Water Productivity 

(WaPOR) 2.1

240 m 2018

Rainfall
Climate Hazards Group InfraRed Precipitation 

with Station data (CHIRPS)

5.5 km 2018

Elevation 
NASA’s SRTM Digital Elevation (3 arc seconds 

spatial resolution)

30 m 2018

Cellphone tower count The OpenCell ID project 1 km 2022

Years since change to 

impervious surface 
Tsinghua University via Google Earth Engine  

30 m 2018

Building count Worldpop 100 m 2018

Coefficient of variation 

on buildings 
Worldpop

100 m 2018

Land cover 

classifications

Copernicus Global Land Cover Layers: CGLS-

LC100 Collection 3

100 m 2018
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Example Indicators (continued) 

1. Building footprints 
1. Can be obtained from Google open buildings, Worldpop (Africa only), Meta 

estimates of population density, World Settlement footprint, Microsoft Bing Maps via 

planetary computer   

2. Typically cross-sectional, not updated over time

3. Not all products available for all countries 

2. Abstract features constructed from imagery 
• Constructed by comparing pixels from cloud free image mosaics (now available on 

google earth engine) 

• Predictive of building density, population density, poverty, and wealth 

• MOSAIKS (Rolf et al, 2021)

• Though pre-packaged indicators not yet geographically comprehensive

• Sp.feas package in Python 

3. Meta relative wealth index 

• Predictions of principal components of asset index from Demographic and 

Health Surveys
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Example Indicators (continued) 

• Open Streetmap

• Public open-source “Wikipedia” collection of roads, buildings and amenities

• Useful for creating measures of accessibility 

• Concerns about incomplete mapping particularly in rural areas (Barrington-Leigh and 

Millard-Ball, 2017)

• Quality of building footprint data is highly variable (Biljecki et al, 2023)

• Can be supplemented by proprietary information (i.e. google maps) 

• Proprietary indicators 

• Cars/trucks 

• Roof types 

• Dynamic building footprints – Pace and charactertistics of new construction  

• Crop type, yield estimates 

• Information from “internet of things” – car locations, cell phone pings

Presentation Title



Geospatial indicators are very predictive of population density 

• In Sri Lanka, out of sample R2 of 0.75 when predicting population density with publicly 

available indicators (Engstrom et al, 2020) 

• Increases to 0.83 when using proprietary indicators 

• In DRC, out of sample R2 0.79 for out-of-sample predictions of population totals at the 

microcensus-cluster level (Boo et al, 2022) 

• Population density is correlated to many important socioeconomic outcomes

• Including poverty and wealth (Page and Pande, 2018, Casteneda et al, 2018) 

• SAE reduces sampling error at the expense of introducing model error  

• Does this improve accuracy relative to direct estimates? 

• Depends on sample, outcome, predictive power of auxiliary data
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Geospatial small area estimates tend to be more accurate 

than direct estimates for poverty measures 
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• This enables substantial increases in precision while maintaining coverage 
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Human capital indicators show potential but performance varies 
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Increase in correlation with census relative to direct survey 
estimates when using geospatial SAE

Preliminary results suggest that SAE estimates improve on direct estimates of 

human capital indicators in 17 out of 19 cases, worsen accuracy in 2

Can we better understand how much geospatial SAE helps without a census? 

Note: Correlations taken over sampled areas only, represent average over 100 simulated samples from census data



Some outcomes are less well-suited for SAE in general  
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Note: Correlations taken over sampled areas only, represent average over 100 simulated samples from census data 

• Fertility,  handicapped, mortality difficult to estimate 

• Both with geospatial data used so far and census auxiliary data  

• Rare events that are difficult to estimate accurately using sample surveys 

• Accurate estimates need an informative sample 

• Important research agenda to develop diagnostics to identify these cases 

• Geospatial data are a partial and potentially useful substitute for census data 

for water, employed, attainment, and labor force participation 
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Model performance depends critically on the outcome

• For example, Meta relative wealth index is 

much more accurate when measuring asset 

poverty than consumption poverty  
• Wealth used as outcome because of data 

availability

• Consumption or income is standard measure for 

poverty measurement  
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• Illustrates importance of democratizing SAE 
• Providing access to geospatial data and tools to national statistics offices (NSOs) 

and others with sensitive survey data

• NSOs can model outcomes without having to share geolocations or unit-record 

census data



Tools to facilitate small area estimation 

R Povmap package: An Extension of the EMDI package  

Version 1.0 available on CRAN, version 2.0 in development and available on github

Povmap/EMDI is designed to make SAE easy for practitioners: 

1. Unit-level, unit-context models, area-level models of means and headcounts 
2. Calculates point estimates and MSE estimates 
3. Include options for sample and population weights 
4. Automates many choices for transformations, including “adaptive transformations”)  
5. Automates benchmarking to survey-based estimates at higher level

• Both internal and external benchmarking  

6. Options to parallelize across multiple cores for increased speed
7. Integrates useful code for diagnostics, reporting, and output 
8. Integrates nicely with Stata  
9. Excellent documentation in three vignettes 
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Povmap package

Version 2.0 in development, not yet released:

1. Options to further speed up computation 
• Calculate expected value of headcount and mean instead of monte-carlo simulations 

• Compute subset of indicators 

2. Support for “twofold models” (Marhuenda et al 2018) with area and sub-

area random effects

3. Support for “ELL” models (Elbers, Lanjouw, and Lanjouw, 2003) 

4. Support for Machine Learning models (extreme gradient boosting) with 

standard errors 

5. Consolidated documentation 
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Geolink package

Software to facilitate linking publicly available geospatial indicators to survey 

data

Working prototype for rainfall and night-time lights. More indicators and 

documentation currently being added.  Expected release fall 2024 
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Conclusions 

• Rapid recent advances in publicly geospatial auxiliary data

• Clearly useful in some important cases

• Population, poverty, wealth, labor force participation, ag?, Others?  

• Second-best alternative to recent available census data

• Not well-suited for all relevant outcomes (but neither is census data)  

• Stock of publicly available geospatial indicators should continue to improve 

• More geographically comprehensive 

• New indicators wishlist: Changes in building footprints, crop type, crop 

yield, cars/trucks

• Potential of Synthetic Aperture Radar to circumvent cloud cover issues

• Important to better understand when SAE (with geospatial or census data) 

improves on direct estimates

• Requires minimum amount of signal in training sample and predictive 

power of auxiliary data

• How to measure this without a census benchmark? 
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Conclusions 

• Consultation draft of “Small Area Estimation with Geospatial Data: A Primer” available at 

https://unstats.un.org/iswghs/
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