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Abstract: Based on the droplet evaporation theory of Thick Exchange layer and experimental data
of kerosene, a kerosene droplet evaporation model was constructed by using linear regression, random-
forest, support vector machine, extreme gradient boosting, and fully-connected neural network methods in
machine learning theory to test the applicability and accuracy of the newly constructed model. Comparing
the experimental data with the prediction results of traditional models and machine learning evaporation
models, it was found that the evaporation models generated by the random-forest method and extreme
gradient boosting method cannot be reasonably extrapolated. The extrapolation effect of support vector
machine method was not good. The overall effect of the linear regression thick exchange layer model and
the fully-connected neural network model was superior to others, with a mean square error of 2.71 x 107
and 1.81 x 10~ compared with the training data, respectively. Based on the prediction consequences of the

deep learning model, it is feasible to construct a “digital evaporation model” stemmed from experimental
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data that can be reasonably extrapolated, and may have better realistic adaptability. Machine learning

droplet evaporation model enriched extant droplet evaporation models, laying the foundation for machine

learning droplet evaporation model research.

Keywords: droplet evaporation model; kerosene droplet; machine learning; neural network;

fitting ability; extrapolation capability

PP AR B I 2 R 24 Bk A B4, B an Rkt
(155 A B . MR 78 & L IR BRbE 5 o TR
R RRPEE T EE S — WER
5 B A UL 5 2 A 0 A LR VR 1 78 R R, TR b
VRO 78 R AR AR BB A AL A S TR ) Sl

HETC & f 2 Fh e Gl i 25 KB AL, God-
savel'l 5 Spalding™ #% i T R F 2 28 & W) d* B
R 3R 28 A BLC R R IR R 28 A g
HLAE A W 7% 2 R e B d (d?) /de, Hohd i
FLAR, R Bfla] (B 1 78R IREE O 70 il A 2
N, 78 K I LA T S R SC R, B
C, NZER T bR BV B AN, BT J7
SR EA A M OC R o

2.50
2.25
2.00
1.75
1.50
1.25
1.00
0.75
0.50
0.25

arctan C,

Diameter squared d*/mm?

0 1 2 3 4 5 6 7 8
Time/s
BT W BT SRR e R

Fig. 1 Relations between square of droplet diameter and time"’

Abramzon Fl Sirignano™ 2% [& 21| 3 I M XL 5%
DX 7% 2 FER RE e, ARl R ER IR X g BEARL AT T
BIE, B T iz A A-S 78 Z AR, Ranz
F1 Marshall 4t} 1 5& T %% Z€ /-8 Nu 1) R-M 25 &
REARLON R S AT UV AR R L ) A% TR A B
JEW R R T PR IE, 21l T Esc ik
JRZERBIR . EOrES R T R H AT A S
AL JZ R (NC-TEL) , HA 54 10 5 T BOws 2,
FRbe 3 S PR IF 0 B — 3,

FE NC-TEL 5 5 v, Fig M %0 Ra F18 Vi 4 Re
FAE H AR AL R 58 3 6T Y R YR 7% A R ), T

SRR AT S50 6 RN ¢ ORFGEA TR FIBREL
SCHR [8] Hf 45 T X TR vl R 2 ST 1 S 4k 6
FT R UEL, AL 3 AT 2 JE i i W A A
PR AR AN G —, S g5 Hh B BUE IR g S
e TEE B NEH . O T 45 %) NC-TEL #6271
2B M ¢ R B AR, A SRR L o )
W AL [l A9, kS R R O W) R
TR ZE A S R S B S SR R 22 B/ MK 6
g R IURI KRG B . oAb, B IR 2 Fh
78 WA AY XAl B AL %) 2 80K S Wi 2% i (151
WTETEEL Re, Hiia %k B 45), AT LAE th Z R HLAR%
)5, B an 7 5 ) & AL (support vector machine,
SVM) [al 5 | Ffi HL 7% Ak (random forest) [7] 5 | Fifi
HLE# BE T [% (stochastic gradient descent, SGD)!M! [A]
5 DA Ko 4 i 5 1 22 W 2502 (fully-connected net-
work, FCN) [1] 5 45, Wt 4R AN [m] 5% 44 T Wi 1) 7% &
B, DLW 28 A I 00 A0 56 2 800 R i A\ R ALE
DAV 1 7% 2 8 B0 by i 1 R AR A A, A5 %)
T T AR 75 R B RS, SR U S AR e A it
TNIORG HE (78 R, S BRI = i R I 55

1 FHERBIFLIGHE

11 fEHEHELREDR
R T LR SR 2 2T AR TR SR 45 R % RN 2
% RICGEPE TIEGE d* BiRL, A-S 28 R AU H R-M
FRRBIR . X d® BIRY, 28 Kk HBLC,Fom )
81,

Pr1Cpg

C, = In(1+B;) (D

_Cp (T, =T,
Iy,

Horb p M RARE B, A0 A BT R e
PR L TR IR, TR MR R , 7,0 J] F
IR, he 2R T

A-S 78 R AR o B HRE, BT W R
W RBERE, € 37 g
42,

C, =<
Cpif1

Br (2)

Nu*ln(l'i'BT) (3)



1958 i = 3

o

% %38 %

NM()—Z

Y, W L e 4

Nu + F, (4)

Nuy =2+0.552Re'? Pr'/? (5
In(1+B

Fr= (14U + B (6
By

o A, R J8 B SRS B T 2, e IR 2 L
FE RIS, Prohi BRRREL

R-M A2 5 A4 7 27 5 Fluent Y BRI
ZERAGERY, MR FWHY, 28 R WG, R
42,

Cpehi

NC-TEL #5% B 7¢ 25 J& T 58 360 % 7 % 28 & 18 A
HISEIA S, BB AN 5 TR T B SRR R 25 k1 Y
R, 12 A5 Y AE 5% 38 X 3 A SR X S T A
ANEERY PN AR . AR SRR [8], 28R W B C KA
KXh

40,4, [2In(1+6,) (T,-T,\"
= { 0, ( 2T, )

Cy= —% (2+0.6RePr'®)In(1+B;) (D)

2 &

w R1/3P 1/3 . 9@ RamPrm} (8)
3§ 1+86, 36 1+86,
T,—T
T,=T,+ 3 £ (9
T,-T,
ngu (10D
ey
A — A,
Ay =g+ = £ (1D

HPAR AR R AT, o WK e R,
Ra A 5 FEL, (6 R A i 28, HAR i RRLFP 2
RAE o
1.2 HlBEFEIJREE
1.2.1 T NC-TEL Z& &K BRI A ML &% ~) KL
TR B2 (8) A EAR PR R R 2 e i RN
&, IS0 T P2 538 X3 A E SR XX 2%
B R, BT AN [ EE AN (W) B2 T AR v
Z% R V1A S 5 H5CH e 3 ok R U T DAL Hh A A Y
RS o AR SCELER LA T A 2t [l I3 R 2k 14 =2
Frm ML, f3ETF Python AL #% 24 > J& Sci-
kit learn "' i) LinearRegression il LinerSVR 52 #f .
122 BTl % AL 28 LBl
o FHAE L AL 28 2 2 B, 3 2o PR I
IV B DL SRR 0 28 8 Jli 0T 28 8 B0 AT Tt
BB TAE SR 28 AT . AR SCREBE LR Sy ok

E LM Gaussian A% BRI SVM [R5 | FEF o
TR 1 I ATL AR B T 01 0 B OB B R T 1A (ex-
treme gradient boosting, XGBoost) "*), I fi A £k ¥
By SGD [l I 3k #F 47 X B, DL b A5 7 4 5%
H Sci-kit learn H1 [ %] R AR
TERL A 27 2] A58 e o 2 52 30 2 48 v 3 8 0
FERFAE AL, BT B AR AE A T, AR S0 T
PR R AR U5 B RHIE R . 56 1 A2
XHIRAL AT X 53, BB A AL 25 2 > A5 70 TG 1k 4k 3 SC
AAF B, BT LR 2 35 (one-hot) 4 5 i A £
Ko, AR ISR — 4 H S A 1A,
B A 5 G T L T T S I A B AT g A
DU AT LK ST 1 e B S 5 15 A (1, 0, 0], Y3 AY
WE N[0, 1, 0], SeyM YL E A [0, 0, 1], R T 1H
BB B G AR . 5 2 RO [ ATHE
B — B PO A 5 28 R AE G R R AR S .
WERAE G 78 K AEHY, WU T Re. Ra. iz, 45
RORhEE L B IAR S R B
123 IREE ) 28 K AR
TREE S 20 AL 5 S LA Tl 2 )2
4 19X 48 TE 45 A [) A6 8005 pRESC, 1T LA L AT BB
PR AT IS o A SCR B 2 2% ] o Pyt-
orch, A5 (1) 41 55 2 2 Sy 1T B b oF — 28 2540 E A 7
LA, PRI AR S e 28 ) 24 Ay ] BRL A0 2 P 4 i
P2 I, XA ARHE RO 5 B —T—3
1.3 XRHEAIERS S A
ARIHEEL T Ghassemi 25 Fil Khan 251 £ 6
L Y TR 7E T (0.1 MPa) 7% & IR Y 52 36 K i, 3t
TT 104 A5, WE 2 s, AEAR BRI N 573 K
1673 K T #EAT T A W R i 3 B2 (0~0.35 m/s) 1Y
SR

[ :
1.0 +
%
7 081 %
T | i}
£ 0.6 ’i‘x "
U> 04 x X
0.2 % %
2 0.35 ol "
2z 0.25 x . = X
a.
Z 015 x
= x SXM
2 0.05
- 400 500 600 700 800 900 1000 1100
Ambient temperature/K

B2 e sc s s du

Fig. 2 Experimental data of kerosene evaporation
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