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Research Scanning Polarimeter (RSP) in ORA

RSP: multi anqgle, passive polarime

Liquid clouds products
Droplet size
distribution at top of
cloud

Droplet number
concentration

Liquid water path
Cloud optical thickness

152 view angles X

9 (7 clouds) spectral channels
3 polarization states =

~ 4000 observations per pixel
(but highly correlated)

P-3-2017

20160910 20160925 == 20170821
20160912 20160927 == 20170824
20160914 20170809 20170826
20160916 20170812 20170828
20160918 20170813 20170830
20160920 20170815 20170831
20160922 20170817 20170902
20160924 20170818



multi-angle polarimetric measurements for lowg
. level clouds andbove cloud aerosols (ACA) |
- A Our current work focuses on the lelevel cloud *
scheme (better validation opportunitiesallows

to develop insights on the algorithrbahavioun)




Retrieval approacly Neural Networks (NN)
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Retrieval approacly NN scheme (stage |)

(1) Creating training set (simulated data)(2) Preparing the inputs (dimensionality reductio
(3) Training(optimizingnetwork weightsand architecture)¢ train/validation/test sets
(4) Application of the network on real data (prediction)

Input variable layer

Simulated

RSP data U Output/Target

for variousi , 0 , T, etc.

Dimensionality
Reduction (PPC)
& Scaling

Real RSP data for

various scenes of above
low level clouds,
aggregated by altitude




Validation of NN scheme (Stage )

We validated our NN witheld observationgrom ORACLES 2016 ZBbservations
that usethe standardRSP algorithms:
Parametric (PP), Nakajinkdng NNK), and Rainbow Fourier Transform (RFT)
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COD (PP) [-] Fesr(PP)[pm]

SegalRozenhaimer et al. (201&ybmitted to JQSRT

X (Good correlation and almost no bias with COD

x Lowercorrelationandpositive biaswith r_« (NNbehavesanore like NKmethod
and gives more weight to the total reflectance input)

x Thereasonwhy more weightis givento the total reflectancestemsfrom the
dimensionalityreduction procedure (notakinginto accountthe true
uncertaintyof eachof the inputs)



Retrieval approaciy NN scheme (stage Il)

x Goal Improveduncertaintyrepresentationof eachinput (I ¢ 3% vsDolLPor Q¢ 0.2%)
x Method: data is now standardized by subtracting the mean measurement value divide
the expected measurement uncertainty for that mean over a given range of geometrie

wf i Ph) of B Ph)
" (uﬁ h ok ﬁ=)) (Knobelspiesset al, 2018jn prep)
X Modifications needed for the new NN scheme
V 1024 nodes ireachlayer(4) Instead of40 nodesin 2 layers
V Betteroptimization andgradient descent schemes (TensorFIgevas

V RelLUactivation function (faster computation)
V Mini-batchtraining (insteadof online,i.e. updating weights after each training point)
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|:| Hidden layer (dense layer of 1024 nodes)
|:| Batch Normalization layer
|:| Activation layer (tanh/RelLU)




A linear rescaling is applid
to raw output to correct a
side-effect of our approac
to standardization

(weighting by uncertainty)

Original
Output

Linearly
Corrected

This correction is obtaine
from a linear fit of a parti
subset of observations.
Afterwards, it is applied tqg
the full dataset (2016 ER!

R =0.7552
Mean Bias = 0.022504

| | RMSE = 1.7405

R =0.94998
Mean Bias = -0.049823

| | RMSE = 1.8193

10.9

10.8

10.7




Evaluation

How do we do relative to other retrieval comparisons?
A Retrieval comparison is a tricky business

A Different state space sensitivities...
A Different uncertainties...

A Relative to other retrieval comparisons (NJK vs. PP) we have similar perfor
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Comparing NN schemes (Stage | vs. Stage

Time Series results from Stage | NN scheme

2016-09-10

Fere[ pm |

| Stage | NN r2=0'.15
10.2 10.4 ! : : 11.2

2016-09-10

Improved
uncertainty
NN training

scheme
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NN
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Latitude

Latitude

Results from ORACLES 22047

cop’ 510152025

510 1520 25

CODvariable

-10 0 10
Longitude

Latitude

Latitude

rere e Mg 10 1214

Tefr

6

10
Longitude

g0 1214

I'etf More variable

Google

0 10
Longitude

2016

2017



Results from ORACLES 22047

Fer[Lm]

160920 =20170824 = 20170830
*20170826 = 20170831
+20170828 = 20170902

Open cell/heterogeneous
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Summary & Conclusions

A ANeural Network was trained, tested andlidated for retrievals of liquid
cloud property from RSP measurements.

Applicationof the correctuncertaintymodelfor the variousinputshadan
effect of goodnesf the retrieval scheme(latter schemas better).

A

A Comparisorwith standardRSRloud productsusingORACL Etatashow good
agreementbetweenthe two methods.

A

A

ORACLE®16showincreaseof r further from the Namibiancoast, while
COD show increase as well, but is more variable overall.

Thereseemto be a correlatiorbetweenr, and CODfor both 2016and2017,
but the correlationstrengthand slopedependson cloud macrostructure
(higher variability in k% is seen in open cell forms)

Futurework

A Developing Abov€loudAerosols NN scheme: simulationdl probably use
0KS Of 2dzR 2yt & (NI A Y Aagrasolsi &hdanei |
approach of 2D inputs (wavelength x VZA) will be tested.



Thanks!

Data products can be fourtere:

17 Stagel NN

| http://data.giss.nasa.gov/pub/rsp/ORACLES 2016/NeuralNetworkClou
Stagdl 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 slide:



Implementation

Step I\ optimize network inputs & weights
to get the best target predictions on the training and test setssted with

reserved simulations not in training set

Input Label| # input variables
test set . Ri 30
Qi 30
Rp 20
DolLP
. . RiQI
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Step VK Retrievals & ValidatiorCloud Optical Thickness

Validate with field observations that use standard RSP algorithms
Corrected NN: | & DoLP (Rel¥)#l OT OO,
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Step VK Retrievals & ValidatiarCloud Droplet effective radius
Validate with field observations that use standard RSP algorithms
Corrected NN: | & DoLP (tanﬁ//ﬁ#'l' o1 60,

20160910

20160912

R = 0.7552
' | Mean Bias = 0.022504 e ) 11 5 + 20160914
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aYl ff OKI

Fit Param. m=1.8818 b=-2.0713 R2=0.43598

A Results for tanh d
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Corrected NN: | & DOLP noise
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Step VK Retrievals & Validation

Evaluation

Validate with field observations that use standard RSP algorithms:
Parametric (PP), Nakajinkdng (NJK), and Rainbow Fourier Transform (RFT)
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Corrected NN: | & DoLP (tanh)

NJK 2.X
RFT
——PP

NN correction

I NN Training Grid

30 40

NJIK 2.X
——PP

50

NN correction

I NN Training Grid

40

50

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.



Other Histograms and Time Serie
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