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An urgent need for global observations of CCN(S) by remote sensing follows from these considerations. Because
the microphysical and radiative effects of aerosols act simultaneously on a given cloud population and change the
thermodynamic environment of cloud formation and the microphysical processes of the cloud development
[Rosenfeld et al.,, 2008a], the CCN(S) field should be observed simultaneously with aerosol light scattering and
absorption properties. Since the effects of light scattering (cooling of the ground surface) and absorption (cooling
at the ground combined with heating aloft) have different impacts on atmospheric stability, they must be
observed independently. Here, quantitative measures of absorption are especially important.
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V/} Physics-based retrieval of CCN using lidar and polarimeter observations (Gao et al, AGU 2021)
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> Collocate HSRL-2 and in-situ measured CCN
from multiple campaigns.

v ACTIVATE, CAMP?EX, DISCOVER-AQ, ORACLES

> Train neural networks for different sets of lidar

observables (e.g., ATLID, NASA AQOS).

v/ HSRL-2: 3B +2a + 36

v/ HSRL-1: 2B + 1o + 26

v/ EarthCARE/ATLID: 18 + 1o + 16

v/ Simulated-Elastic-Backscatter (SEBL): 2 + 26

» Evaluate model prediction using in-situ
measured CCN or ABS
v Correlation coefficient (R)

v/ Mean absolute error (MAE)
v/ Mean relative error (MRE) ®)

Collocation of lidar and in situ data

Predictors:
Lidar observables,
reanalysis

Respo nses:
Aerosol properties

70% | 30%

Training data | Testing data

Model

ML- i

A evaluation
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(FCNN) :

data

Optimal model
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J/' MACHINE LEARNING - HOW TO DEAL WITH THE BLACK BOX...

Before machine learning:
’)

= Remove data that has large uncertainties

TERMINATOR 3 " Lidar
AISE OF THE MACHINES

"  |nsitu

Algorithm selection:

=  Supervised regression learning problem with large number of
numerical features.

"  Fully-Connected Neural Network (FCNN) regression model

Architecture setup:

" Training data: , Testing data:

" cross validation

" Hyperparameters are tuned iteratively during the training using
Bayesian optimization




I/' simulation of ML retrievals: CCN/ABS for full set of HSRL-2 observables (3 + 2ot + 36 )
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I/’ simulation of ML retrievals: CCN/ABS for EarthCARE/ATLID observables (1B + 1a + 16 )
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I/’ Mean relative error and fraction of predictions within 50% uncertainty
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I/’ simulation of ML retrievals: CCN/ABS for EarthCARE/ATLID observables (1B + 1a + 16 )

CCN

ABS

ML-Predicted CCN (#/cm3)

ML-Predicted ABS (Mm™")

WITHOUT Reanalysis

104 F[v =074z + 171.04 s
MAE, = 213.08 MRE,; = 33.82% e 3
R=0.79 N = 2961 3% BeZ

; 1554 (52%) o
2075 (70%) P s
10°
v Ss .
10 DA Tl Density
A —1:1 line
A . —Linear fit
4 e +30% error
, - - -+50% error
19 2 3 4
10 10 10 10
In situ CCN (#/cm®)
Without reanalysis
y = 0.69z + 0.41 m, Y
MAE,; = 0.55 MRE,; = 32.02% o
R=080 N =806 A 4"
= 446 (55%) ) g
10"t =622 (77%) % &
. R .,/
K,
. o W ASTEEC" o
« ® . e
10° s B el
&% b X g
- . . ’J‘ ?":’! - :’
4 « 7’ .. "o. L : : .
" . * Density
B foe —1:1line

10l L —Linear fit

A Pes +30% error
- --+50% error
107" 10° 10!

In situ ABS (Mm™")

ML-Predicted CCN (#/cm3)

ML-Predicted ABS (Mm™")

10

WITH Reanalysis

F[y = 0.94x + 43.37 o ]
MAE,; = 94.19 MRE,; = 14.95% B ’
R =0.95 N = 2961 % 7
Ny 2416 (82%) - 7
N_isou: = 2665 (90%) N o

% e
Az r
e
'u
Density
—1:1 line
—Linear fit

+30% error
---+50% error

L |

107!

1 2 4
10 10° 10
In situ CCN (#/cm®)
With reanalysis
y = 0.88z + 0.18 m, y
MAE, =043 MRE,; = 24.89% o
R=081 N =806 . A 4*
=538 (67%) 7 5
I =675 (34%) - w
4
. . -~ .'/ ./
& i v,
., ® e A
" . 3 ee® o
. . ey ke 3 5 o
.,‘/ 7 ] .
"
7 ~ 7/
3’ -
e o Density
Y , —1:1 line
Y - L —Linear fit
A 7 +30% error
- --+50% error
107" 10° 10"

In situ ABS (Mm™")

ML-Predicted CCN (#/cm3)

ML-Predicted ABS (Mm™")

10*

WITH 50% noise & Reanalysis

F[y =084z + 95.35 B g
MAE, = 148.46 MRE,; = 23.43% L ;
R=0.89 N = 2961 L L’

1973 (67%) =7 e
2419 (82%) s

N 3
A %3 3
10 RN St Density
% M —1:1line
B —Linear fit
- . +30% error
: - - -+50% error
10 ' '
10 10 10° 10*
In situ CCN (#/cm®)
With reanalysis + noise
y = 0.76z + 0.35 s Y
MAE,; = 0.50 MRE,; = 28.30% e
R=083 N =806 J 4"
N =485 (60%) 5 g
lOl L =643 (80%) 4 g
: Y, 0
".,ﬁ ,/
o
x . :‘: 0-.‘( 8» .
0 i YR .
10 = ,.F- \ :“ .
$: N o A ©
AR ':’j e e
Yy -// : N
ke 1 ‘ Density
5 '/,’ —1:1line
IR A48 —Linear fit
42 ‘ +30% error
. |-~ -450% error
107! 10° 10"

In situ ABS (Mm™")




II Test for ATLID observables with incomplete in situ data: limited range of training data

Provide only center 80% of CCN for training , but attempt prediction for full range of CCN pdf
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II Test for ATLID observables with incomplete in situ data: Discontinuous training data

With reanalysis

With reanalysis

Provide only intermittent of CCN for training, but attempt prediction for full range of CCN pdf
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J/' ccN/ABS for HSRL-2, HSRL-1 and EarthCARE/ATLID observables without reanalysis

HSRL-2: 3B + 2a + 36 HSRL-1: 2B + 1a + 26 ATLID: 1B + 1a + 16

CCN

2] 2 ] 2]
10 Density 10 : Density 10 Density
Y —1:1 line o —1:1 line ] —1:1 line
i M — Linear fit S —Linear fit || —Linear fit ||
e +30% error 4 ey i +30% error| | +30% error| |
: o -~ -+50% error ; i -~ ~+50% error ; -~ ~+50% error
10 ‘ : 10 ’ — 10 =
10" 10° 10° 10 10 107 10° 10* 10 107 10° 10*
In situ CCN (#/cm®>) In situ CCN (#/cm®) In situ CCN (#/cm®)
Without reanalysis Without reanalysis Without reanalysis
= 0792+ 027 i =074z +0.35 . ¥ =069z + 041
MAE.; =043 MRE.; = 24.73% o MAE ;i =054 MRE,; = 31.11% ’ MAE ;i =0.55 MRE,; = 32.02% s
R =0.87 N =806 ’ 4 = 806 Pk | R =0.80 N =806 & |
537 (67%) 4 o 451 (56%) . Nesaoe = 446 (55%)
K 10! 670 (83%) | S 10! 622 (77%) by S 10! | Nesse = 622 (77%)
£ ey | P £ £
2 e Q Q
< ; Ryr i < <
o LT Dol o ° | o
ABS 8100 tToae} Wy ' 8 10° 1 2 10
o . w2 oo 0 1 9
o . o 3‘ . ° 1 °
e 5 % ’- ,/ % L4 9 1 9
a X Density a: Density J a: * Density
| A gt - S { - S5
L= e —1:1line s —1:1line s —1:1line
't L —Linear fit |- 107! i 107! 1
P +30% error +30% error | | +30% error | |
- --150% error ---+50% error|! ---+50% error|!
10°! 10° 10! 10°! 10° 10! 10°! 10° 10!

ML-Predicted CCN (#/cm®)

B ‘\‘/A\/ithqut‘ reanva‘lysis‘

Without reanalysis

Without reanalysis

10 [ =088z + 75.08 o . 10% Hy =082z + 11417 % 3 10% Hy =071z + 17101 % q
MAE, =128.45 MRE,; = 20.39% Z > MAE; = 15210 MRE,; = 24.14% 5 A MAE,; = 213.08 MRE,; = 33.82% i %
.92 N = 2961 % of R =089 N = 2961 R #7 R=0.79 2961 R 7
2058 (70%) ¥ . 1884 (64%) by 4 Nesome = 1064 (027) .’ 4
2503 (85%) o g 2338 (79%) i o Neisone = 2075 (70%) . . v 22
. . # P . ¢ ’ Ty j‘) # .
7’ ® v * ’
3 . 3 *, | 3 2
10 10 ] 10 .
{ . 1
o ! N
s ST E¥ 1]

In situ ABS (Mm™")

ML-Predicted CCN (#/cm®)

In situ ABS (Mm™)

ML-Predicted CCN (#/cm®)

In situ ABS (Mm™)




/4 CCN/ABS for HSRL-2, HSRL-1 and EarthCARE/ATLID observables with reanalysis

CCN

ABS

ML-Predicted CCN (#/cm®)

ML-Predicted ABS (Mm™")

1()4 F[y=0.94z + 38.74 5 v
MAE, =71.32 MRE,; = 12.24% % /
=097 N = 2961 - ¢
N. 2510 (85%) - £
N, = 2725 (92%) 2 7
3
10
2::
10 Density
—1:1line
—Linear fit
+30% error
1 ---+50% error
10 : I
10! 102 103 10%
In situ CCN (#/cm®)
With reanalysis
y =087z +0.15 % y
MAE,; = 0.36 MRE,; = 20.59% e
R=0.90 N =806 L, .
572 (71%) Y L’
IOI 685 (85%) e o
o g 4 ',”
4 e
i " T
0 .
10 et o
‘ * Density
‘—1:1 line
10'I —Linear fit
+30% error
|~ - -+50% error

HSRL-2: 38 + 2a + 36

_ With reanalysis

1

10° 10
In situ ABS (Mm™")

ML-Predicted CCN (#/cm®)

ML-Predicted ABS (Mm™")

(=]
SN

(=]
W

(=]

HSRL-1: 28 + 1a + 26

With reanalysis

y = 0.93x + 43.82 % el
MAE,; = 86.89 MRE,; = 13.79% 3 A
R=0.95 N = 2961 % T
N. 3 (84%) 2 7
(91%) 7 §
. ,./ P
. 2 %
P ke 454
. . :'J P
e ES RS ™ o
NI N - sy

Density
—1:1line
—Linear fit ||

+30% error| |
- --+50% error

10 ‘
10" 10 10° 10*
In situ CCN (#/cm®)
With reanalysis
y = 0.87z +0.19 ‘
MAE; =042 MRE,; = 24.07% 2 ]
R=0.87 N =806 |
] e = 540 (67%) B
10I N_ i = 669 (83%)
10 ]
* Density
—1:1 line
10-1 —Linear fit |-
+30% error| |

10° 10
In situ ABS (Mm™)

Will be submitted to Science this week

ML-Predicted CCN (#/cm®)

ML-Predicted ABS (Mm™")

ATLID: 18 + 1a + 16

With reanalysis

(=]
SN

(=]
W

(=]

y = 094z + 43.37 .
MAE,; = 94.19 MRE,; = 14.95% .

Density
—1:1line
—Linear fit ||

+30% error| |
- --+50% error

10 :
10’ 10° 10° 104
In situ CCN (#/cm®)
With reanalysis
y=0.88z2 +0.18
MAE; =043 MRE,; = 24.89% b
R =081 N =806 . 1
y 538 (67%) ¢
10! - 675 (84%)
100t
Density
—1:1line
107! —Linear fit |-
+30% error | |

10° 10
In situ ABS (Mm™)




I’ ccn predicted by ML model for ER-2 flight across Southeast Atlantic - Aug. 26, 2016
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I/’ Mean Absolute (Relative) Error of CCN and ABS predictions for all and pristine conditions

Predictor Data

ATLID observables
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ATLID observables + 50% noise
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Novel Retrievals of Aerosol Microphysical and Radiative
Properties from Lidar

Conclusions

1. We trained ML algorithms using airborne HSRL-2 observations collocated with in situ CCN (N=9,900)
and ABS (N=2,700) measurements to predict CCN/ABS from lidar observables.

2. ML models have been adapted to many sets of future spaceborne lidar obs, incl. EarthCARE/ATLID,
and tested with high-accuracy HSRL-2 data as input (overly optimistic, but necessary).

3. For ATLID observables, ML models predict CCN and ABS with mean relative errors of 30-35%.

v

4. Adding reanalysis data (T, RH) boosts CCN errors to ~15% and ABS to ~25%.
| 5. Performance depends greatly on completeness of training data.

. For pristine conditions, CCN/ABS retrieval errors are much higher (partly due to sparse training data).

AR

. Actual retrieval errors for spaceborne systems will depend on error characteristics.

. Philosophically, the paradigm should use the airborne HSRL-trained ML models, as the low
uncertainties provide maximum likelihood for ML models to discover non-linear and multi-variate
correlations between lidar observables and other aerosol properties.
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Fig.S1: flowchart

Collocation of lidar and in situ data
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I/ Table1: List of lidar systems and aerosol variables used in this study

Aerosol variables and wavelengths (nm)
Lidar system —
Extinction Backscatter Depo ar.|zat|on
ratio
HSRL-2 (3B + 2a + 36) 355, 532 355,532, 1064 | 355,532, 1064
HSRL-1 (2B + 1a + 206) 532 532, 1064 532, 1064
Elastic-backscatter-lidar (2 + 26 ) - 532, 1064 532, 1064
EarthCare-like-lidar (1B + 1a + 16) 355 355 355

N |




retrievals from lidar

J New paradigm for aerosol
& - O

( )
/
/ “Best case” \ /Lidar-iype specific, e.g.\ /Lidar-system specific, e.g.\
3B + 2a + 36 IB+1a+ 16 IB+1a+ 16
Accuracy of aerosol Accuracy of aerosol Accuracy of aerosol
retrievals depends on retrievals depends on retrievals depends on
HSRL uncertainties & HSRL uncertainties & system-specific uncertainties

\ information content ,f) \ information content / ﬁ & information content /
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\ /  Some deficiencies in climate models
Black/brown carbon and associated absorption
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