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We need to talk (more) about uncertainty 
in geospatial machine learning
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health/census 
records

mobile phone 
data

satellites citizen science 
data

Detecting artisanal mining and its 
connection to health outcomes.

Mapping tree canopy height and 
its connection to biodiversity.+

ML can transform environmental monitoring by 
extracting crucial information from geospatial data

GeoML methods
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1000+ earth observation satellites 
collect over 90TB data / day.

Combining satellite imagery and machine 
learning (SatML) can help researchers and 
policymakers monitor our world and act in it.
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Environmental monitoring
- tracking species populations 
- mapping built infrastructure 
- biodiversity mapping 

Figure from de Bem et al., Remote Sensing 2020.

Combining satellite imagery and machine 
learning (SatML) can help researchers and 
policymakers monitor our world and act in it.



- estimating damages from natural 
disasters with building detection 

- finding and prioritizing the most 
vulnerable or affected areas 

C

Disaster response

Environmental monitoring
- tracking species populations 
- mapping built infrastructure 
- biodiversity mapping 

Article: https://www.technologyreview.com/2023/02/20/1068824/ai-
actually-helpful-disaster-response-turkey-syria-earthquake/

Combining satellite imagery and machine 
learning (SatML) can help researchers and 
policymakers monitor our world and act in it.



- estimating damages from natural 
disasters with building detection 

- finding and prioritizing the most 
vulnerable or affected areas 
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Disaster response

Environmental monitoring
- tracking species populations 
- mapping built infrastructure 
- biodiversity mapping 

Global policy

Figure from Chi et al., PNAS 2022

- food security / yield prediction 
- fine grained poverty estimates 

Combining satellite imagery and machine 
learning (SatML) can help researchers and 
policymakers monitor our world and act in it.



It is easier than ever to make maps with 
satellite imagery and machine learning…

… it is crucial that we understand and convey the 
limitations and uncertainty of mapped predictions.



threshold 
predictions

Example: (simplified) poverty prediction with SatML

X1

X2

XN

…

Select 20% regions with 
least predicted wealth

Simulated resource 
allocation policy

Feature representation
(MOSAIKS) Predicted poverty map

supervised 
learning

Satellite data

C

Aiken*, Rolf*, Blumenstock. Fairness and representation in satellite-based poverty maps: 
Evidence of urban-rural disparities and their impacts on downstream policy. IJCAI 2023. 



*This systematically replicates analysis in [1] for ten countries across the globe. 

Prediction performance is lower if evaluate only within 
rural or urban regions vs. in each country as a whole.

[1] Christopher Yeh, Anthony Perez, Anne Driscoll, George Azzari, Zhongyi Tang, David Lobell, Stefano Ermon, and 
Marshall Burke. Using publicly available satellite imagery and deep learning to understand economic well-being in 
Africa. Nature communications, 2020. 
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Targeting effectiveness is lower if aid program 
allocates resources just within rural or urban areas.

C



What information does satellite imagery convey about 
relative wealth across regions?

C

Sentinel 2 satellite imagery accessed via Microsoft Planetary Computer
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y1, z1

y2, z2

yN, zN

PCA dim. 
reduction

y

z…

y1, z1
y2, z2

yN, zN

plot X1

X2

XN

…

MOSAIKS

rural areas

urban areas

Xi ∈ ℝ4000

United States

Image embedding distributions: urban and rural 
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Two (competing) phenomena contribute to allocational disparities:
1) (Over)reliance on correlation between wealth and urbanization
2) Reversion of predictions to the population means 
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➡  Systematic errors in predictions

Satellite data only gives a partial representation of 
many ground phenomena we wish to map
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What if we had a more structured, uncertainty based 
approach for learning with geospatial data?

Satellite data only gives a partial representation of 
many ground phenomena we wish to map

➡ Ideally, multiple modalities of geospatial data

➡  Systematic errors in predictions



Often in GeoML, data do not provide appropriate "ground truth,” 
but indirect guidance on label values.

Rolf*, Malkin*, Graikos, Jojic, Robinson, Jojic. 
Resolving label uncertainty with implicit 
posterior models, UAI 2022.

Coarse/incomplete 
landcover observations

Coarse (30m) 
landcover data  

(USGS)

High-res. data for 
some classes 

(OpenStreetMaps)



Often in GeoML, data do not provide appropriate "ground truth,” 
but indirect guidance on label values (  a prior belief).→

naip image preds using cross-entropy loss on argmaxed prior argmaxed prior

preds using cross-entropy loss on soft prior soft prior

preds using squared loss on soft prior soft prior

r preds using QR loss q preds using QR loss soft prior

r = preds using RQ loss q preds using RQ loss soft prior

Open Water

Developed Open Space
Developed Low Intensity
Developed Med. Intensity
Developed High Intensity
Barren Land
Deciduous Forest
Evergreen Forest
Mixed Forest
Shrub/Scrub
Grassland/Herbaceous
Pasture/Hay
Cultivated Crops
Woody Wetlands
Emergent Herbaceous 
Wetlands

NLCD Legend

Coarse/incomplete 
landcover observations

Coarse (30m) 
landcover data  

(USGS)
Prior belief  

on landcover classes

Rolf*, Malkin*, Graikos, Jojic, Robinson, Jojic. 
Resolving label uncertainty with implicit 
posterior models, UAI 2022.

High-res. data for 
some classes 

(OpenStreetMaps)
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Coarse/incomplete 
landcover observations

observations 
1m imagery (NAIP)

Prior belief  
on landcover classes

High-res (1m) landcover 
predictions

Coarse (30m) 
landcover data  

(USGS)

High-res. data for 
some classes 

(OpenStreetMaps)



Prior belief  
on landcover classes

Predictions from model 
trained with CE loss on prior

Learning from uncertain labels is hard:

Supervised learning: 
• uncertain labels  uncertain predictions 
✓amenable to rich model classes 
✓simple training w/ standard loss fxns 

→



Learning from uncertain labels is hard:

Supervised learning: 
• uncertain labels  uncertain predictions 
✓amenable to rich model classes 
✓simple training w/ standard loss fxns 

→
Generative modeling: 
✓high certainty in posterior w/ soft priors  
✓opportunities to model rich structure in the 

prior beliefs 
• typically more expensive to train (requires 

sampling, 2x parameters)



Learning from uncertain labels is hard:

Supervised learning: 
✓amenable to rich model classes 
✓simple training w/ standard loss fxns 

Generative modeling: 
✓high certainty in posterior w/ soft priors  
✓opportunities to model rich structure in the 

prior beliefs 

Our approach: match output of supervised learning model with a 
generative model involving provided prior belief 

➡ merges flexibility of generative modeling with ease of supervised 
learning



Setting: learning from a prior belief

Goal: use observations of (  ) pairs to disambiguate uncertainty in prior! xi, pi

(           ),
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Assume generative model  exists, but 
unknown, then posterior is 

p(x |ℓ)

p(ℓ |xi) = ci ⋅ p(xi |ℓ)pi(ℓ)  xi : observations

 pi : priors over ℓ

 ℓ : classes

 normalizing 
constant 
ci :

Notation

Optimizing implicit posterior models



Estimate posterior distribution with a parametrized 
model , then we can minimize: q(ℓ |xi; θ)

∑
i

KL (q(ℓ |xi; θ)∥ci ⋅ p(xi |ℓ)pi(ℓ)) ≥ 0

 xi : observations

 pi : priors over ℓ

 ℓ : classes

 normalizing 
constant 
ci :

Notation

  
(e.g., neural net) 
qi : q(ℓ |xi; θ)

Assume generative model  exists, but 
unknown, then posterior is 

p(x |ℓ)

p(ℓ |xi) = ci ⋅ p(xi |ℓ)pi(ℓ)

Optimizing implicit posterior models

Estimate posterior distribution with a parametrized 
model , then we can minimize: q(ℓ |xi; θ)

∑
i

KL (q(ℓ |xi; θ)∥ci ⋅ p(xi |ℓ)pi(ℓ)) ≥ 0( )⋆

??



Estimate posterior distribution with a parametrized 
model , then we can minimize: q(ℓ |xi; θ)

∑
i

KL (q(ℓ |xi; θ)∥ci ⋅ p(xi |ℓ)pi(ℓ)) ≥ 0

Fix q(ℓ |xi; θ) arg min
p(xi|ℓ)

( ⋆ )

s.t.∑
i

p(xi |ℓ) ≤ 1Let direct model 
imply p(xi |ℓ)

approximates all existing data with batchi ∈

( )   ⋆

 xi : observations

 pi : priors over ℓ

 ℓ : classes

 normalizing 
constant 
ci :

Notation

=
q(ℓ |xi; θ)

∑j q(ℓ |xj; θ)

Assume generative model  exists, but 
unknown, then posterior is 

p(x |ℓ)

p(ℓ |xi) = ci ⋅ p(xi |ℓ)pi(ℓ)

Optimizing implicit posterior models

( )⋆

  
(e.g., neural net) 
qi : q(ℓ |xi; θ)



  arg min
θ ∑

i

KL(q(ℓ |xi; θ) ci
q(ℓ |xi; θ)

∑j q(ℓ |xj; θ)
pi(ℓ))

Optimizing implicit posterior models

 xi : observations

 pi : priors over ℓ

 ℓ : classes

 normalizing 
constant 
ci :

Notation

  
(e.g., neural net) 
qi : q(ℓ |xi; θ)



  arg min
θ ∑

i

KL(q(ℓ |xi; θ) ci
q(ℓ |xi; θ)

∑j q(ℓ |xj; θ)
pi(ℓ))

Optimizing implicit posterior models

 xi : observations

 pi : priors over ℓ

 ℓ : classes

 normalizing 
constant 
ci :

Notation

  
(e.g., neural net) 
qi : q(ℓ |xi; θ)

Loss function in 2 lines (PyTorch): 



q( ; θ) =

Two outputs: 

qi : ri : implied posterior of  
and  

qi
pi

direct model output of 
the variational posterior

 implied posterior ri :

  arg min
θ ∑

i

KL(q(ℓ |xi; θ) ci
q(ℓ |xi; θ)

∑j q(ℓ |xj; θ)
pi(ℓ))

Optimizing implicit posterior models

 xi : observations

 pi : priors over ℓ

 ℓ : classes

 normalizing 
constant 
ci :

Notation

  
(e.g., neural net) 
qi : q(ℓ |xi; θ)

z( ) × =qi



q( ; θ) =

Two outputs: 

qi : ri : implied posterior of  
and  

qi
pi

direct model output of 
the variational posterior

At model convergence,  and  should agree  
to the amount possible given data and model class 

ri qi

  arg min
θ ∑

i

KL(q(ℓ |xi; θ) ci
q(ℓ |xi; θ)

∑j q(ℓ |xj; θ)
pi(ℓ))

 implied posterior ri :

 xi : observations

 pi : priors over ℓ

 ℓ : classes

 normalizing 
constant 
ci :

Notation

  
(e.g., neural net) 
qi : q(ℓ |xi; θ)

Optimizing implicit posterior models

z( ) × =qi
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1m-resolution

(xi) : Implied 
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Prior beliefs 
 (pi) :

Direct model 
output  (qi) :
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Highlighted results: 

• On benchmark land cover super-resolution dataset, QR 
achieves 72.1% IoU vs. 59.7% by treating low-resolution labels 
as ground truth (also higher than previous best at 69.7%) 

• on a cross-geography domain adaptation problem, QR/RQ 
allows for in-sample predictions from weak sources (NLCD/
OpenStreetmaps), better than applying models trained on high-
resolution labels in another region 
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Developed Open Space
Developed Low Intensity
Developed Med. Intensity
Developed High Intensity
Barren Land
Deciduous Forest
Evergreen Forest
Mixed Forest
Shrub/Scrub
Grassland/Herbaceous
Pasture/Hay
Cultivated Crops
Woody Wetlands
Emergent Herbaceous 
Wetlands

NLCD Legend

Example: land-cover super-resolution



How do you get a good (global) prior?



Global location embeddings: a “latent space” of geospatial data

SatCLIP  
pretrained location encoder 

SatCLIP: Global, General-Purpose Location Embeddings with Satellite Imagery. 
Klemmer, Rolf, Rußwurm, Robinson, Mackey. AAAI 2025

https://github.com/microsoft/satclip

MOSAIKS 
precomputed image 

embeddings on a 0.01  grid∘

mosaiks.org > access

fc(lat, lon)

A Generalizable and Accessible Approach to Machine Learning with Global Satellite Imagery.  
Rolf, Proctor, Carleton, Bolliger, Shankar, Ishihara, Recht, Hsiang. Nature Communications 2021.



Why aren’t we talking (enough) 
about uncertainty in GeoML?

🤔



Rolf*, Klemmer, Robinson, Kerner*. Position: Mission critical 
— Satellite data is a distinct modality in ML, ICML 2024.



GeoML warrants specialized methods.



GeoML warrants specialized methods.



GeoML warrants specialized evaluation.

Position: Mission critical — Satellite data is a distinct modality in Machine Learning.  
Rolf, Klemmer, Robinson, Kerner. ICML 2024.

Evaluation challenges for geospatial ML 
Rolf, Workshop on  ML for Remote Sensing at ICLR 2023.



We need to talk (more) about uncertainty in 
geospatial machine learning



We need to talk (more) about uncertainty in 
geospatial machine learning

There are some excellent integrations of uncertainty in GeoML predictions!

ensemble-based uncertainty

A high-resolution canopy height model of the Earth 
Lang et al. 2023 

Quantifying uncertainty in area and regression 
coefficient estimation from remote sensing maps 

Lu et al. 2024 

calibration-based intervals



We need to talk (more) about uncertainty in 
geospatial machine learning

We need methods tailored for the uncertainties in geospatial data:

1. Uncertainty due to partial representativity of geospatial data



We need to talk (more) about uncertainty in 
geospatial machine learning

We need methods tailored for the uncertainties in geospatial data:

1. Uncertainty due to partial representativity of geospatial data

2. Uncertainty due 
to spatially biased 
distributions of data



Esther Rolf 
Assistant Professor, CU Boulder Computer Science 

I’m hiring! Apply by Dec 15: 

• New! Postdoctoral Fellowship in ML + Environment 
• PhD in CS at CU Boulder

 estherrolf.com 
 estherrolf.bksy

We need to talk (more) about uncertainty in 
geospatial machine learning

http://estherrolf.com

