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Plan for the next 15 minutes...

Peak of Inflated Expectations

Plateau of Productivity

Slope of Enlightenment

Trough of Disillusionment




How are remotely sensed (RS) data different?

Potential to observe granular data at large spatial and temporal extent
What are we measuring?

At what spatial (and temporal) scale?

Driven by whom?




so bright and shiny...

novel land cover data at incredible granularity
mapping yields, field boundaries, crop types, agricultural practices, markets,

weather extremes
can be used to

select comparable areas to survey, or to identify specific heterogeneity
demonstrate parallel trends

explore seasonality, generalizability over space

track adoption and outcomes over time




Location Field
of Croplands characteristics Type of Crops Crop Yields

Developing these data depends on remote sensing
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Version 1.0
Estes et al, 2021

Version 2.0
Accurate
Crisper, more

precise field
boundaries
Fewer artifacts
4,100 labels
Cheaper
compute:
<$0.007/km?




How are remotely sensed (RS) data different?

Potential to observe spatially granular at large spatial and temporal extent

What are we measuring?*
At what spatial (and temporal) scale?*
Driven by whom?*

(*...quietly acknowledge all of these issues have corollaries in survey data)




What are we measuring?

RS measures are interpreted, with error

e Land use (e.g. forest cover)
e Crop (andyield)
® Assets

...and that error is not always classical




How are remotely sensed (RS) data different?

All the cool things everyone talked about
What are we measuring?*

At what spatial (and temporal) scale?*
Driven by whom?*




At what scale?

...and what does this mean for our unit of analysis?




This is also true for much socio-economic data...

Modifiable Areal Unit Problem
(MAUP)

® Scale effect (aggregation to
a larger scale)
Zoning effect (different
aggregations of the same

scale) Household

Issues of bias and imprecision; A
different spatial processes Fred

observable at different scales




What to do?

|deally get as close to the data generating process as possible (understand
decision-making process)

Explore spatial correlation

(if possible) try several spatial scales




...but we don’t usually use RS data in isolation

Temporal Extent Temporal resolution

Mismatch of spatial
vs temporal scales
for socio-economic
and physical data

Century Millenium Hour Day Week Month Year Decade
Years Interval

Spatial Resolution

Encorporate model
of behaviour and
spatial processes
get space and time
linkages ‘right’
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How are remotely sensed (RS) data different?

All the cool things everyone talked about
What are we measuring?*

At what spatial (and temporal) scale?*
Driven by whom?*




Driven by whom?

e Fundamentally interested in what actions are driving the observed outcome
e Would like to know who is making decisions affecting what parcel (or pixel)

o Spillover effects

o Linking actors to remote sensed observations




Example: Forest
cover by community
near Monarch

Research in Mexico
(Honey-Roses et al 2011)

- 2000-2003 ;, ki

B 2003-2006

1986-1993
I 1993-2000
I 2000-2003
I 2003-2006

Forest recovery g

N9

AT

Pt e

Al
30

y
L

L

Y
et




Evidence of -
Spatial
Spillover
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Measurement vs behavioral spillovers




Measurement vs behavioral spillovers

Behavioural Spillovers also
at multiple levels

e.g. Between households
within community, vs

Between community, within
economic unit %

All confounded by pixel or

grid

Want to distinguish ‘noise’-driven spatial correlation from behavioural

spillovers
Trickier if treatment might itself affect spatial process




Opportunities

Combination of RS and other secondary and primary data; e.g. Can use RS data for parallel
trends tests for small-n survey-based work

Can extend measures of outcome to appropriate time-scale (e.g. forest cover 20 years after
adoption of agroforestry)

Using remote sensing data, predictions, and errors in prediction, to direct primary data collection
[target expensive data collection]

Machine learning methods can help ‘de-noise’ data (but they don’t get around selection bias).
Can also help with spatial patterns, non-linearities, data at multiple scales (have their own
challenges...)

Punchline: careful thought of underlying (behavioural) model and spatial processes that generate
the data
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