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*+ Laboratory experiments showed that the use of fractal aggregate

_ _ _ Qabs 0.0022 0.0039 0.0122 0.0287 0.0329 0.0354 0-2
morphology for BC reproduced their optical properties most accurately [3]. 0 0T, 00T DIRY  OOaEE OOEE  BOES  Gad
g 0.0044 0.0038 0.0429 0.0289 0.0879 0.0485 0—1

DATABASE OF BC FRACTAL AGGREGATES

> Primary particle size Prediction efficiency

Table 4. Training time for 18526 samples and prediction time per sample in seconds.

Physicochemical features:

- Primary particle size (a)
-Number of primary particles (N,,)

- Outer volume equivalent radius (r,)
- Inner volume equivalent radius (r;)
- Mobility diameter (D))

- Fractal dimension (D)

- Fraction of coating (f;,4ing)

- Total volume of particle (V)
-Volume of the BC (V)

-Volume of the coating (V;,4ing)

- Total mass of particle (m,,)

ML model Training ime Prediction time

Fractal dimension (D;) = 1.7 . ,
KRR 33.3s 0.0006s

ANN 1770s 0.0005s

Fractal dimension (D;) = 2.3

DATA AND CODE AVAILABILITY

- Mass of the BC (mg.) Radiative features: : ... :
. Database ML Prediction script
- Mass of ’Fhe coating (Mcoating) -Wavelength (1) Slpsr i b
-Mass ratio (Mg) - Optical efficiencies (Quyaps/sca) ()55 ()
- Geometric cross-section (C)
- Optical cross-sections (C.,/ps/sca) ,;
- Asymmetry parameter (g) O N
: - Single scattering albedo (SSA) @ .
' - Mass absorption cross-section (MAC)
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