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Research Scanning Polarimeter (RSP) in ORACLES

ER-2 - 2016

High Altitude
Remote Sensing Platform

P-3 - 2017

RSP: multi angle, passive polarimeter 

152 view angles   x
9 (7 clouds) spectral channels   x 
3 polarization states =
~ 4000 observations per pixel
(but highly correlated)

Liquid clouds products
Droplet size 
distribution at top of 
cloud 
Droplet number 
concentration
Liquid water path
Cloud optical thickness



Goals

ÅTo develop a new and combined retrieval from 
multi-angle polarimetric measurements for low-
level clouds and above cloud aerosols (ACA)

ÅOur current work focuses on the low-level cloud 
scheme (better validation opportunities, allows 
to develop insights on the algorithm bahaviour)



Retrieval approach ςNeural Networks (NN)

Why Neural Network? 
(Advantages/disadvantages)

Ç Can represent any type of function, especially non-linear ones, given enough parameters (layers and 
ƴƻŘŜǎύΣ ǿƘŜǊŜ ǘƘŜ ǘǊŀƛƴƛƴƎ ǇǊƻŎŜǎǎ ŎǊŜŀǘŜǎ ŀ άǘǊŀƴǎŦŜǊ ŦǳƴŎǘƛƻƴέ ōŜǘǿŜŜƴ ƛƴǇǳǘǎ ŀƴŘ ƻǳǘǇǳǘǎ.

Ç IŀǊŘ ǘƻ ŀǎǎŜǎǎ ŀƴŘ ƛƴǘŜǊǇǊŜǘ ǘƘŜ ƴŜǘǿƻǊƪΩǎ ŦǳƴŎǘƛƻƴ ƛƴ ŀōǎƻƭǳǘŜ ǇƘȅǎƛŎŀƭ meanining.
Ç For continuous output networks, can interpolate and extrapolate beyond the training set LUT, unlike 

best fit methods.
Ç LŦ ŎƻƴǾŜǊƎŜƴŎŜ Ŧŀƛƭǎ ƻǊ ǊŜǎǳƭǘǎ ŘƻƴΩǘ Řƻ ǿŜƭƭΣ ƘŀǊŘ ǘƻ ŀǎǎŜǎǎ ŀƴŘ ƴŜŜŘǎ ŀ ƭƻǘ ƻŦ ǘǊƛŀƭκŜǊǊƻǊ ǘǿŜŀƪƛƴƎ.
Ç Gaining large popularity among the remote sensing community (e.g., Del Frateet al., 2005; Cardenaet 

al., 2007;   Milstein and Blackwell, 2015; Di Noiaet al., 2015), as it can sometime supersede purely 
physical based model retrievals (especially in remote sensing imagery interpretation).

What is a Neural Network?



Retrieval approach ςNN scheme (stage I)

Dimensionality
Reduction (PPC)

& Scaling

Simulated 
RSP data

for various ὶ, ὺ, †, etc.

(1) Creating training set (simulated data)(2) Preparing the inputs (dimensionality reduction)

(3)Training(optimizingnetworkweightsandarchitecture) ςtrain/validation/test sets 

(4) Application of the network on real data (prediction)



We validated our NN with field observations from ORACLES 2016 ER-2 observations 
that use the standard RSP algorithms: 

Parametric (PP), Nakajima-King (NK), and Rainbow Fourier Transform (RFT)

Validation of NN scheme (Stage I)

y = 1.75 + 0.80x, r2=0.96

y = 9.20 + 0.56x, r2=0.45

× Good correlation and almost no bias with COD
× Lowercorrelationandpositive biaswith reff (NNbehavesmore like NKmethod 

and gives more weight to the total reflectance input) 
× Thereasonwhymoreweight isgivento the total reflectancestemsfrom the  

dimensionalityreduction procedure (nottakinginto accountthe true
uncertaintyof eachof the inputs)

Segal-Rozenhaimer et al. (2018), submitted to JQSRT



Retrieval approach ςNN scheme (stage II)
× Goal: Improveduncertaintyrepresentationof eachinput (I ς3% vs.DoLPor Q ς0.2%)
× Method: data is now standardized by subtracting the mean measurement value divided by 

the expected measurement uncertainty for that mean over a given range of geometries:

× Modifications needed for the new NN scheme: 
V 1024 nodes ineachlayer(4) Instead of40nodesin 2 layers
V Betteroptimization andgradient descent schemes (TensorFlow/Keras)
V ReLUactivation function (faster computation)
V Mini-batchtraining(insteadof online,i.e.updating weights after each training point)

ὼ‗ȟ•ȟ‮ȟ‮
ὼ‗ȟ•ȟ‮ȟ‮ Ӷὼ‗ȟ•ȟ‮ȟ‮

„ Ӷὼ‗ȟ•ȟ‮ȟ‮ (Knobelspiesse et al, 2018, in prep.)



Original
Output

Linearly 
Corrected

A linear rescaling is applied 
to raw output to correct a 
side-effect of our approach 
to standardization 
(weighting by uncertainty).

This correction is obtained 
from a linear fit of a partial 
subset of observations.  
Afterwards, it is applied to 
the full dataset (2016 ER2).
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Validation of NN scheme (Stage II)



Nakajima-King vs. ParametricNeural Network vs. Parametric
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Evaluation
How do we do relative to other retrieval comparisons?

Å Retrieval comparison is a tricky business

Å Different state space sensitivities...
Å Different uncertainties...

Å Relative to other retrieval comparisons (NJK vs. PP) we have similar performance.

% #ÏÕÎÔÓ % #ÏÕÎÔÓ



Comparing NN schemes (Stage I vs. Stage II)

Time Series results from Stage I NN scheme

Stage I NN



Results from ORACLES 2016-2017

2016

2017

reffCODButLargerspread

reff more variableCODvariable



Results from ORACLES 2016-2017

2016 2017

20170830

20170831

20160920

20160924

Closed cell/homogeneous

Open cell/heterogeneous



Summary & Conclusions
Å A Neural Network was trained, tested and validated for retrievals of liquid 

cloud property from RSP measurements.

Å Applicationof the correctuncertaintymodelfor the variousinputshadan
effect of goodnessof the retrievalscheme(latter schemeisbetter).

Å Comparisonwith standardRSPcloudproductsusingORACLEsdatashow good
agreementbetweenthe two methods.

Å ORACLES2016showincreaseof reff further from the Namibiancoast, while 
COD show increase as well, but is more variable overall.

Å Thereseemto be a correlationbetweenreff andCODfor both 2016and2017,
but the correlationstrengthandslopedependson cloudmacrostructure 
(higher variability in reff is seen in open cell forms)

Future work
Å Developing Above Cloud Aerosols NN scheme: simulationswill probably use 
ǘƘŜ ŎƭƻǳŘ ƻƴƭȅ ǘǊŀƛƴƛƴƎ ǎŜǘ ŀǎ ŀ ΨǎǳǊŦŀŎŜΩ ǳƴŘŜǊ ǘƘŜ aerosols, and a new 
approach of 2D inputs (wavelength x VZA) will be tested.



Thanks!
Data products can be found here:
StageI NN:
http://data.giss.nasa.gov/pub/rsp/ORACLES_2016/NeuralNetworkCloud/
StageII NN:
http://data.giss.nasa.gov/pub/rsp/ORACLES_2016/

http://data.giss.nasa.gov/pub/rsp/ORACLES_2016/NeuralNetworkCloud/
http://data.giss.nasa.gov/pub/rsp/ORACLES_2016/


Backup slides



Implementation
Step IV ςoptimize network inputs & weights
to get the best target predictions on the training and test sets ςtested with 
reserved simulations not in training set

Input Label # input variables Reff RMSE Veff RMSE COD RMSE

Ri 30 1.01 0.016 2.21

Qi 30 0.93 0.008 9.04

Rp 20 0.74 0.006 10.85

DoLP 100 0.54 0.006 1.71

Ri-Qi 60 0.78 0.010 0.45

Ri-Rp 50 0.60 0.009 0.97

Ri-DoLP 130 0.37 0.006 1.16

Qi-Rp 50 0.80 0.005 6.88

Qi-DoLP 130 0.35 0.004 0.81

Rp-DoLP 120 0.45 0.004 1.18
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Here we test the value of different 
ways of slicing & dicing the data.

This helps us explore best way to 
manage measurement uncertainty

Poor skill at ve



Step VI ςRetrievals & Validation:Cloud Optical Thickness

Validate with field observations that use standard RSP algorithms
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2016-09-27

Step VI ςRetrievals & Validation: Cloud Droplet effective radius

Validate with field observations that use standard RSP algorithms

12 12.1 12.2 12.3 12.4 12.5 12.6 12.7 12.8 12.9 13

Time Series (UTC)

0

10

20

30

r e
 [

m
]

I & DOLP noise tanh

NN r
e
 corr

NJK r
e

PP r
e

2016-09-22

I & DoLP (tanh)

% #ÏÕÎÔÓCorrected NN: I & DoLP (tanh)

ὶ
.
.
ʈ
Í

ὶ00ʈÍ



! ǎƳŀƭƭ ŎƘŀƴƎŜΧ ! ōƛƎ ŘƛŦŦŜǊŜƴŎŜ

ÅResults for tanh d
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Take away:
With a relatively simple forward 
model training set, the Neural 
Network approach appears to 
perform fairly well.

The network can be trained with 
a denser training grid and 
possibly be improved.

Evaluation
Step VI ςRetrievals & Validation
Validate with field observations that use standard RSP algorithms: 
Parametric (PP), Nakajima-King (NJK), and Rainbow Fourier Transform (RFT)
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Other Histograms and Time Series
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