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based on machine learning
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Fig.3 Structure of artificial neural network

2.3 RER

R IE— P B TR 5 A R o i 2 > B, ml g
R B RN ] 4 R — TR R 3 2 A3 2
PR S B P R A K B R A U, 1)
PR AR KR FH B e B 7 5 A ID3 ., C4.5 il Gini
f8%k, 1D3 Al C4.5 43l R H A5 S0 25 A B4 25 %
PEATIRPERERE s 2) YOORM BT R Ry T Bl 1A AL 3
G, FEHE AR Y N S R AR RE 8RR AT
B S B A R R SR o

2.4 BEHLERK

Bl HLARAR [ A 582 ) i AR A ] 5 B, HE & —
T PR BRI Boosting A W, T HF425.
LSRR AE SR o 1 2 D R S0 v AT LA B T4
FEARA RFEA T, SRJG 3T RAFEAR T HE T R
B, IR AR EE A L (X, 6), k=1,2,...} o XFTF
B, h(X,6,) F T CART B k4w B AR, 6,
P FARA AR R AR

3 MERFEIJEM BRI IEE TN
B9 Rz

FORHIRBE L RE S A5 | o . SRS U



<14 - 20224 1 H

Day42<=34.876
Entropy=2.008
Samples=100,Class=1

|
|
| Cu<=0.25 Day42<-46.896
| Entropy=0.292 Entropy=1.875 }
+ I Samples=48,Class=1 Samples=52,Class=3 !
|
i | l
R 2 ¥ |
I Day3<=9.217 Day3<=12.393 Day3<=15.551 Day3<=21.374 {
I Entropy=0.151 Entropy=1.0 Entropy=0.863 Entropy=1.469 !
I Samples=46,Class=1 Samples=2,Class=1 Samples=14,Class=2) (Samples=38,Class=4) |

Entropy=0.918
Samples=3,Class=1 S 3

KRS T P

Fig.4 Schematic diagram of decision tree structure

Entropy=0..0 Entropy=0.811

. Entropy=0.918
amples=1,Class=3 Samples=4,Class=

|
|
Samples=18,Class=3 I
|
|

[F#£Dp| [F#£Dp] [F#£D|

EXTHIREE PRI TEN e
Y Y Y
[ BUEER 1] [ BOIGE 2| [ BOUSES3] - HWGER n
R

K5 BERLARMK BB L4y

Fig.5 Structure of random forest regression model
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Tab.1 Prediction time and error of different models
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Tab.2 Prediction results of tool milling force by neural net-
work model and empirical formulal?"!
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