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"The  P l a t t  R ive r… has  a  ve ry  l a r ge  
c i r cu l a t i on ,  bu t  ve ry  l i t t l e  
in f l uence .  I t  cove r s  a  good  dea l  o f  
g round ,  bu t  i s  no t  deep .  In  some  
p l aces  i t  i s  a  m i l e  w ide  and  th ree -
qua r te r s  o f  an  inch  deep . ”  

E d g a r  Wi l s o n  “ B i l l ”  Ny e  ( 1 8 5 0  – 1 8 9 6 )



Earth Research Institute at UCSB
Topics derived from Non-negative matrix factorization (NMF) of 3,770 research 

manuscript abstracts and titles. Plotted using stochastic neighbor embedding (t-SNE).

Interactive Data Visualization: https://bit.ly/eri_research

https://bit.ly/eri_research
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EARTH SYSTEMS & COUPLED NATURAL-HUMAN SYSTEMS



2.5 billion smallholders managing 
500 million small farms worldwide

Family farms constitute over 98% 
of all farms

Food demand  
to triple by 2050

At least 140 m ha 
new cropland

1/3 of 
world’s 

potential 
cropland

SMALLHOLDER AGRICULTURE AS A COUPLED NATURAL-HUMAN SYSTEM 

Searchinger, Estes et al (2015)
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W H AT  D O E S  A G R I C U LT U R E  L O O K  L I K E ?
F I E L D  M A P P I N G

W H E R E  I S  S M A L L H O L D E R  A G R I C U LT U R E  O C C U R R I N G ?



H O W  I S  S M A L L H O L D E R  A G R I C U LT U R E  C H A N G I N G ?



Where is 
Agriculture 
Occurring?

UNDERSTANDING AGRICULTURAL PATTERN AND PROCESS DEPENDS ON AN 
INTER-DEPENDENT SERIES OF DATASETS

How are 
Fields Being 
Managed?

What Yields 
are Being 
Obtained?

Which Crops 
are Being 
Grown?



Google Earth Timelapse (Google, Landsat, Copernicus) 

Moderate (100-250m) and High Resolution (10-60m)  
Satellite Data are routinely used to captured large-

scale landcover patterns and transitions

AGRICULTURAL CLEARING IN MADAGASCAR



D E V E L O P I N G  
T R A I N I N G  D ATA
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Frequent changes in field 
boundaries and appearance

Fields blend-in 
with surroundings

SATELLITE MAPS

02

Low resolution 
(10-250m)

Low frequency  
(cloud-covered images)

TRAINING DATA

ML-BASED 
MAPPING ALGORITHM

GROUND-TRUTH 
DATA

SATELLITE DATA

S PAT I A L / T E M P O R A L  
I M A G E R Y
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E V O LV I N G  M L / A I  
A L G O R I T H M S

03

BARRIERS TO THE USE OF ML/AI IN SMALLHOLDER AGRICULTURE
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S PAT I A L / T E M P O R A L  
I M A G E R Y

EVERY 10 YEARS, THE SPATIAL RESOLUTION OF 
ESSENTIALLY FREE IMAGERY INCREASES BY 10X
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In 2021, spatial resolution is no longer an issue.
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May - 
September

December - 
February

PlanetScope 
Seasonal 

Availability of 
Imagery  
Ghana,  

May 2018 - 
February 2019

CHARACTERIZING TEMPORAL DYNAMICS REMAINS 
CHALLENGING WITH OPTICAL SENSORS

S PAT I A L / T E M P O R A L  
I M A G E R Y
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T R A D I T I O N A L  T R A I N I N G  D ATA  A R E N ’ T  N E C E S S A R I LY  
S U I TA B L E  F O R  R E M O T E  S E N S I N G

D E V E L O P I N G  
T R A I N I N G  D ATA
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ImageNet Sample Images



M O S T  L A B E L S  A R E  I M A G E  C L A S S I F I C AT I O N S  O R  
O B J E C T  I N S TA N C E S ;  V E R Y  F E W  S E G M E N TAT I O N  

L A B E L S  F O R  E N V I R O N M E N TA L  S Y S T E M S

D E V E L O P I N G  
T R A I N I N G  D ATA

02

ISPRS Semantic Segmentation Dataset 
Potsdam , Germany



Cropland 
Delineation

Trained map 
labellers trace 
field boundaries 

in imagery

Consensus 
Labelling

Several people’s 
labels are combined 

into a consensus 
label to reduce  

individual mapping 
error

More Accurate  
Training DataLABELLING 

TEAM

D E V E L O P I N G  
T R A I N I N G  D ATA

02 D E V E L O P I N G  T R A I N I N G  D ATA  F O R  
S M A L L H O L D E R  A G R I C U LT U R E
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INSTANCE LABELLING IS HARD
D E V E L O P I N G  

T R A I N I N G  D ATA
02
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D E V E L O P I N G  
T R A I N I N G  D ATA

02 INSTANCE LABELLING IS HARD

Elmes, A.; Alemohammad, H.; Avery, R.; Caylor, K.; Eastman, J.R.; Fishgold, L.; Friedl, M.A.; Jain, M.; Kohli, D.; Laso Bayas, J.C.; Lunga, D.; McCarty, 
J.L.; Pontius, R.G.; Reinmann, A.B.; Rogan, J.; Song, L.; Stoynova, H.; Ye, S.; Yi, Z.-F.; Estes, L. Accounting for Training Data Error in Machine Learning 
Applied to Earth Observations. Remote Sens. 2020, 12, 1034. https://doi.org/10.3390/rs12061034
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M A C H I N E  L E A R N I N G  C A N  C H A R A C T E R I Z E  
S M A L L - S C A L E  PAT T E R N S

High-accuracy, 1-m random forest classifier  
across agricultural types 

*Debats, S., +Luo, D., *Estes, L.D., Fuchs, T, Caylor, K.K. (2016) “A generalized computer vision approach to mapping agricultural fields in 
heterogeneous landscapes”. Remote Sensing of Environment, doi:10.1016/j.rse.2016.03.010.  
     

E V O LV I N G  M L / A I  
A L G O R I T H M S
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ACTIVE LEARNING ACCELERATES MODEL 
DEVELOPMENT, ACCURACY CEILING IS LOW

http://mappingafrica.princeton.edu

Estes, L.D., Yee, S., Song, L., Avery, R.B., McRitchie, 
D., Eastman, R., Debats, S.R., Caylor, K.K. "Improving 
maps of smallholder-dominated croplands through 
tight integration of human and machine intelligence." 
AGU Fall Meeting Abstracts, vol. 2019, pp. IN42A-04. 
2019.

Training Images Selected via Active Learning

Training Images Selected Randomly

E V O LV I N G  M L / A I  
A L G O R I T H M S
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E V O LV I N G  M L / A I  
A L G O R I T H M S

03 G E N E R A L I Z AT I O N  O F  M L  M O D E L S  T O  L A R G E -
S C A L E  A P P L I C AT I O N S  I S  C H A L L E N G I N G



26

DEEP LEARNING MODELS RESOLVE PATTERNS MORE 
DISTINCTLY AND ACCURATELY

PlanetScope composite RandomForest U-Net (semantic segmentation) 

Model TSS Accuracy Precision Recall FPR TPR AUC

Random Forest 0.67 0.79 0.37 0.89 0.22 0.89 0.90

U-Net (Balanced Dice + Cross Entropy) 0.82 0.91 0.61 0.91 0.08 0.91 0.97

E V O LV I N G  M L / A I  
A L G O R I T H M S

03



E V O LV I N G  M L / A I  
A L G O R I T H M S

03 BENCHMARK TESTS DO NOT NECESSARILY INDICATE 
REMOTE SENSING SUITABILITY
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S E L F  S U P E R V I S I O N  
A P P R O A C H E S  F O R  

L A B E L  G E N E R AT I O N
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Frequent changes in field 
boundaries and appearance

Fields blend-in 
with surroundings

SATELLITE MAPS

02

Low resolution 
(10-250m)

Low frequency  
(cloud-covered images)
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GROUND-TRUTH 

DATA

SATELLITE DATA

G A N  A P P R O A C H E S  
F O R  G A P - F I L L I N G

01

T R A N S F O R M E R  F R A M E W O R K S  
( i G P T,  V I S I O N  T R A N S F O R M E R )

03

EMERGING OPPORTUNITIES IN COUPLED NATURAL-HUMAN SYSTEMS

Coming soon: Label-free training of panoptic segmentation models built on cloudy/incomplete data



-15.170849°, 28.430749° 
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-15.170849°, 28.430749° 
April, 2020

How to Accelerate our Human Training Frameworks?

Closed,  
Disciplinary  

System



-15.170849°, 28.430749° 

How to Accelerate our Human Training Frameworks?

April, 2020

Open,  
Dissipative  

System



Kelly Caylor 
@kcaylor 

caylor.eri.ucsb.edu 

Thank You!

http://bit.ly/Caylor-HelmholtzAI

http://caylor.eri.ucsb.edu

