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[ Abstract] With the rapid development of artificial intelligence, how to use computer technology to achieve intelligence has
become a subject of concern. As the core of artificial intelligence, machine learning is widely used in all walks of life. With the
emergence of big data technology in material genetic engineering, machine learning has become a new method to predict material
properties. In this paper, three machine learning models of integrated algorithm Xgboost, random forest (RF) and Adaboost were
used to establish the relationship between the grain size of aluminum and its alloy and the composition and content of refiner. The
grain size of aluminum and its alloy was predicted, and the model was cross—validated. The results show that the random forest
model has the best performance in this paper, and the Root Mean Square Error (RMSE) of its test set is 7.04, and the determination
coefficient R* is 0.79.
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Fig. 1 Workflow of performance prediction model via machine

learning

ASBIRFE B ST SR AP Sc R B 1 ) 75 22 0 R e

EE® AT IV (1995-) , 55 LTS A, BRI O7 6] AL > SR BUHAIE ; Bk 55 (1981-) 55 Wb R0, B A e, 222 0F

GETT 1) BERA 7
BiEE:. %k 5
s EHA: 2021-01-29

Email ; chenyongjsnt@ 163.com

P EFRE LN ¢+ 44 it 5 5 A




5 4 1]

WA, 45 ST HLARE D MOH ROL A G SR -

A EEE AL SR AT B TAL B AR S ) R H
Xghoost' ®' \RF 'A% AdaBoost' '3 FL g% ~J Ak Al
O fFoRE R 5 e J SR 1 AT 238 S IE 1) 7 2Nk AT
ANFIREL RS E  PPAG T8 AR A5 3 f CERLRY | DT 5
PR S A 4 dioRE RO A T30
1 #HRFIHEE
1.1 Xgboost

Xgboost J&— R M, BN E 82
THEEFM Tl A, HIA AR R BT
R AR AN | HL5 BRAE A AU | 5 i — i
BB R XA A W 20 A IE 5
Bij 13 A0 AT AR 5 i 2 4

XGBoost [ HFReRECANT

. n N n 1
Obj = X 1y, —y,) + ZVT"'?)\ | % (1)
i=1 k=1

Koy, B y, I 7 R M T45 5 1
B w R T S EG y A I BOE R
1.2 FEHLER#

RF 5&£H Leo Breiman T- 2001 A4 H s RERZS S
W2 G LR B B . BRI AR 22 DS R 4 1 ) 2k
AR, HAR PRI Z [ JCOCIK . RF &6 178 F FIAL
PR ] E AT REALIL , 7 A AR 2 P, Rk 2
SAEER . RF MM G R T

(1) H N R INGREERY N, M R e R

(2) SAFAEECE m, T80 SRS s
Z5H, m WIE/NT M

(3) M N ASYIZREE i LUAT T Il il e ) 07 2, B
FEN W IE R — A INREE , I AR $h 2 1A A A 73
I, PP AR 22

(4) X TR BEPLERE m MRRIE THH
S ZERINEAE YW

(5) BFRRRIEA 22 5y AL, A AT BETE 4 58 — i
IEHRAR T AR5 2R H

(6) T ILIR (3) ~ (5) oz K Y B RA , A
M4 RF
1.3 AdaBoost

Adaboost 5% — B F3E I Y 46 iU %, 1995
“FH Yoav Freund Fll Robert Schapire #2 it , B H
TENAE T WS AT — 455 70 A REA 3 5 IR A
A N R RE 25 A5 2 e, BPAUE T K AUETE R S
MIREA IR NGRS — AN BT 0 55 3 6 o B I 2k
I, A2 SRR AR 18 1Y 55 7 26 %, 7 AR T AL
{8, Gk Sz S A 3 3K B S50 19 IFAG 45 5 A 3

BB, T E S RRAT .

() BRI G FIAUE 3 A, Q2RA n ASFE
A g INZR AR AS 1 B TR I 4 K5 A )
HIALE R 1/n;

(2) 892Kl g, BRI ZRad fe b A A
HERR 2328 WIAUERRAR , 5 W) BUESE K BI85 70 2K 4s
13 B IR TR AL AUE RS i BE S T I 2
A it R B A

() EEME W, K259 AR A R T 26
i AR AR Ol FRAE RS IR 22 155
IIRAERZ AT S LR, S 2 AR
2 HlEBEFEIT RN R T
2.1 HiEES

ARG E A SR SR M AR DB
Ak R RE AR . SR BE A RRIE AR 540
HA A AR A4k 70 53 Fn 4 Ak 7] L ]
Hr SRR AEAE Dy B A As i, RITul Y H 28 &
2.2 HRHFIEREF

A SCAH FH Python3.7 JE47 8048 Ab $H R0 1k AR Al
T, Python VRN —@ I IR KA, P ACAS Y 7] 352
PEw, BA FEm KMy Ra, i =0
Scikit—learn "' JE | S B T A& AR AL BT R T oK
SRR AT R AL B b AT ERC A B RN A ST AL A
SRR, SCE Y One —Hot 4 B | 55040 A 1
1t RF L)L K AdaBoost B HS1E B Scikit—learn £4
Xghoost F¥EK A2 =T e,

2.3 HiRANE

T itk ROSE i 5 R AT R AE BOHRE Y AL B
PRIEE BB 4 5 AL R A 26 S AR B 28 280 i) 45 4
TS S AT R TR T i G
fith, A& One—Hot 4ifith

H1 T AN [R]RFAE 22 8] (8 BCHfs 1 GORH 22 30K, T LA
T LR R B A T AR AL AL 3, AL B BB
AR LAY B B 1 O — BOS ML 2 > i R () 5%
Wl IR AT PR 1 IR oA o B B AR AE ik
Fran 284 .

X = (2)

AP, &, HEAREE, x s/l AR B X (E
FRifE2E , (EARER N S, 2 Ab P B AR (0 I AR Bl o
FAA B S AR F R ST
2.4 RENTL

A SO T ¥ 45 %0 1% 2% MAE | 33 07 #i iR 22




172 BOfE

2N A | S T A ¢

RS

(Root Mean Squared Error, RMSE) Fl#k 2 2% R°(H
PEHPRAE iz Atk gePEAL . AT .

1 n ~
EMAEziz | yj'_yil’ (3)
n j=1
1 & -~ ,
Eyse = ;Z (y; _9’;) ) (4)
i=
n-1 R
Z (9’.f -y)°
S I (5)
> Gy -y)°
i=0

S, n g REAREC y, By, MBI, R?
SJovhe s O SRR, B 1, BB 1,
FEH DA A

3 BRSO

AR N AR AL 25 R D3 1, Hor 3 A
HLas 7 > BLAL G R® (AR 22 A K, 3R BB 4 1 2
Xghoost 7 | R* 40.929 9( Al LLA#EE 92.99 By )7
), MAE F1 RMSE 43y %] 6.220 9,38.699 0,
AdaBoost #IEE R IR Z , RF AN 525, Mknl W,
X TR —EE A AR LS 7 I R R SR A —
o P, A B HINLA AR PN ZE R Ay E B

F1 FEANFFEIRBTUKERHOTNE R LK
Tab. 1 Comparison of test sample results under different machine

learning models

x| MAE RMSE R?
Xghoost 38.699 0 6.220 9 0.929 9
RF 53.102 8 7.287 2 0.887 8
AdaBoost 58.729 7 7.663 5 0.904 9
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Tab. 2 Cross validation of R? results under different machine learning

T3 Sk

Xgboost  0.977 6 0.768 5 0.237 1 0.538 9 0.959 7
RF 0.969 4 0.796 4 0.509 6 0.747 6 0.943 8
AdaBoost  0.145 3 0.686 6 0.680 5 0.691 4 0.937 8
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Fig. 2 Cross validation mean results of R> and MAE under

different machine learning model
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Fig. 3 Prediction results under different machine learning
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