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Much of deep learning 
relies on supervised data

• Remote sensing often has 
relatively little ground truth data
• Lots of unsupervised data!



Few Locations with Sensors



Standard Practice is to use a Convolutional 
Neural Network (CNN) with Transfer Learning 

CNN parameters pretrained on ImageNet (Image Classification)

Zheng et al, Atmospheric Environment 2020



CNN is pre-trained on natural images

Child in a bee costume An actual bee



Does pretraining on natural imagery 
capture the most relevant information?



Self-Supervision Pre-Training
Si

m
CL

R
fr

am
ew

or
k

Si
m

Si
am

Massively effective for semi-supervised problems in natural imagery!



Self-Supervision with Spatiotemporal Similarity
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Fine-Tuning



Captures Significantly 
Improved Spatial Metrics

The spatial self-supervisions 
methods improved over transfer 
learning with:
• Significantly reduced Spatial 

RMSE at multiple locations
• Significantly improved Spatial 

Pearson r 
• Spatial self-supervision improves 

over image augmentation self-
supervision approaches (not 
shown)

Beijing, China

Delhi, India
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Capturing Uncertainty from Deep Networks

Quantile Regression with Deep Networks Collaborating Networks

Zhou et al., Journal of Machine Learning Research 2021



Uncertainty by Pairing Deep Networks

Zhou et al., Journal of Machine Learning Research 2021

�

ݔ
ఏ݂ ǡݔ ݍ ොݕ ௫ǡ

ॱ ȁ ܻ ൏ ොݕ ௫ǡ ൌ ݍ

ݔ

ݕ ௫ǡ

݃ఊ ݕ ௫ǡ ǡ ݔ ݍ

COLLABORATING NETWORKS

(a) f -network. (b) Training scheme. (c) Quantile Estimation.

Figure 1: Illustration of CN framework. 1(a) describes training for a conditional quantile ŷ(x, q)
directly as the objective function to ensure calibration. However, the dashed arrow implies
that the objective function does not produce a useful gradient. 1(b) gives the g-network,
which helps with the non-derivative objective function in Eq. (2). In this framework, g and
f are jointly trained to learn the CDF and conditional CDF, and they are connected by
Eq. (1). 1(c) gives the final mapping to generate the conditional quantiles after the network
has been trained.

4. Joint Function Learning

A good conditional quantile function f should have the following property to generate well-calibrated
quantile estimates.

Ep(Y |X)[Y < f(X, q)] ⇡ q. (2)

At first glance, a straightforward approach to achieving the property in Eq. (2) would be to directly
adopt it as an objective (e.g., minimize the square loss ||Ep(Y |X)[Y < f(X, q)]� q||2); unfortunately,
this objective function’s gradient comes from an indicator function that is ineffective for learning
the network. We bypass this learning difficulty with our joint learning scheme, but still ensure the
property in Eq. (2) is properly satisfied when our framework is optimized.

Specifically, the neural networks f✓ and g� are bestowed with two distinct losses,

g-loss� : Eq⇠p(q),x,y⇠p(X,Y )

⇥
`(1(y<f✓(q,x)), g�(f✓(q,x),x))

⇤
(3)

f-loss✓ : Eq⇠p(q),x⇠p(X)

⇥
(q � g�(f✓(q,x),x))

2
⇤
. (4)

The loss ` is a binary cross-entropy loss (or logistic loss), `(b, a) = �b log a� (1� b) log(1� a).
Eq. (3) and (4) are the losses in expectation; in practice, we would use empirical risk minimization.
The distribution for quantiles p(q) can be chosen as desired. Any distribution that fully covers
the (0, 1) percentile space satisfies our theoretical framework; in practice, we choose Unif(0, 1)
(uniform distribution). A visualization of this proposed model framework is given in Figure 1. Under
conditions similar to the theoretical claims in GANs (Goodfellow et al., 2014), these losses induce a
fixed point for f and g with their desired properties (see Section 4.1).

The design of this two-loss framework can be understood as follows. When g is updated to
minimize the the g-loss, f functions as a space searching tool to help g acquire information about the
distribution function over the full relevant space. We demonstrate in our theoretical analysis that f
needs only to satisfy mild conditions for g to be able to learn the optimal function. Essentially, if f
varies constantly as a function of q and covers the full probability space, then g will learn the CDF by
matching the relative count of these events to its estimated probabilities. We show in experiments that
even using a fixed f with a prespecified distribution, g is still able to yield good results. We are still
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Can define networks as convolutional neural networks!



Integrating CNNs to Estimate 
Uncertainty



Captures Uncertainty 
Ranges Well
Calibration is good for 
relatively small data set
Covers ~80% of samples 
for a predicted 90% 
coverage range
Can do posthoc
corrections



Summary

• Can choose self-supervision tasks to match our 
prediction goal
• Many tasks are not naturally matched with CNNs for 

natural images
• Can integrate modern techniques to get reliable 

uncertainty ranges from deep networks


