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Artificial neural network predicts tool wear and cutting force
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Abstract: Tool wear and cutting force prediction and control are important problems to be considered in the machining
process. In this paper, the process of predicting tool wear and cutting force by using artificial neural network model
are introduced, and the factors that produce error are analyzed. Firstly, the cutting speed, cutting depth, cutting time,
spindle speed and energy value of different frequency bands are treated by normalization method, which are used as input
eigenvalues, and the improved neural network model is trained by those input eigenvalues. Then the tool wear and cutting
force are predicted by using the trained neural network model. The results show that the neural network model can consider
more factors in the machining process, and compared with the results of empirical formulas, it has higher prediction
accuracy. The results show that the neural network model has the feasibility and accuracy in predicting tool wear and
cutting force, and can be helpful for the optimization of tool structure and the selection of machining parameters.
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1 5|5 (Introduction)
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Fig. 1 The process of building prediction model based on

neural network
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A EGEZ RS P Rvg M A ] P
2 PP LR R L AR (Process of estab-
lishing neural network model)
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3 MEMKERICHE PR (Key steps of neu-
ral network model)
3.1 W7 S A WA (Monitoring methods &

data collection)
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Fig. 2 Data collection process
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3.2 MM IIE (Types of neural networks)

FREE IR Z AR IR T SRR IN A5 AN T) B 45
RS Z AR, R 36 50 H A 28 R 485 1Y 28 5
HEL BT, WL AR AR T N T AR i a
Z R BP #2845 | 42 ) 3t R 2 (radial basis
function network, RBF) #1445 45
3.2.1 BPH#HZ M (BP neural network)
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Fig. 3 The structure of BP neural network
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3.2.2 RBF#Z: /%% (RBF neural network)
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3.3 &M %% 1 45 ¥ (Structure of neural net-
work)
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3.4 % M % K Y| Zk (Training of neural net-
work)
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Table 1 The energy value of the tool in different frequency bands, cutting condition and VB value

I FHT RE JE)J%'JJ:E}_E;/ VTN Jﬁé’a\i:/l Vet )/ SEPRVB/

Eq/K) Eo/k] Es/k] Eu/k] Es/kl Eg/kl (r-min~ ") mm (mm-r~ ") S mm
1 206.08 17.28 3.829 0.7762 0.164 0.0348 280 0.2 0.3 10 0.18
2 40.84 2.696 0.511 0.0938 0.0236 0.0082 220 0.2 0.51 15 0.16
3 157.06 27.77 11.264 3.1583 0.0582 0.0845 140 0.4 0.15 30 0.19
4 109.41 23.98 6.265 1.1856 0.1999 0.0434 220 0.6 0.3 20 0.19
5 70.59 8.607 3.558 1.8295 1.0692 0.2724 280 0.4 0.51 10 0.19
6 14.08 2.049 0.461 0.1167 0.0705 0.0101 140 0.6 0.51 25 0.16
7 309.2 19.28 4.006 1.5268 0.2783 0.0672 280 0.2 0.3 90 0.26
8 110.98 12.10 1.482 0.5506 0.1282 0.0234 220 0.2 0.51 135 0.25
9 93.62 13.91 2.710 0.7811 0.1775 0.0336 140 0.4 0.15 140 0.28
10 157.62 16.21 3.69 1.0795 0.1972 0.0380 220 0.6 0.3 50 0.26
11 126.53 9.937 3.297 0.7273 0.5628 0.2128 280 0.6 0.51 30 0.27
12 67.61 8.905 1.768 0.3529 0.0881 0.0321 140 0.6 0.51 100 0.25
13 94.52 7.407 1.348 0.3692 0.0623 0.0157 280 0.2 0.3 229 0.40
14 83.07 10.25 1.481 0.3796 0.0659 0.0235 220 0.2 0.51 315 0.36
15 140.84 12.59 3.899 1.2010 0.2761 0.0363 140 0.4 0.15 280 0.45
16 81.06 10.06 2.494 0.5371 0.4964 0.1352 220 0.6 0.3 85 0.32
17 106.5 3.767 2.581 0.6368 1.8324 0.3562 280 0.6 0.51 50 0.33
18 18.57 1.344 0.230 0.0434 0.0134 0.0051 280 0.2 0.3 10 0.35

4.2 HHEIH—4L 7 (Data normalization method)
HAHE 1) U — 2 A 22 ) 28 TS TR S Y ) 40 Ak
PEJTVE. FLAR PR ) 32 B H S A [R) 22 i 2 25
AN AR AE [— 1, 1] Z [AIRE SEE AR, IX A AT LAVE B
A — 2 FE S AN AR = I 18 22 5, 93 NIRRT R
AbHRE AR IR ZE . FeA AR
T =2 X (T — Toin)/ (Tmax — Tmin) — 1. (D)

4.3 &4 M 4% (Establishment of neural net-
work model)

7E MATLAB H, 1R 45275 SCHR [22], B FEBPHE
WA GE R E AR Uk 3 T 2 BE AT Y R Rl Dy T4
o 9 %27 S e R N S T S 30 FEI ZRid R
454 Levenberg-Marquardt 52 (TR LM 512, ik #%
BN 2 BIRS 2 AL 38 2R B ogsig, Fa = B =A%
16 PR A Apurelin. % B I 25 BR 5 rainglm. EFEK ]
HOAN RIS B RE AR VIHINE S  VIHINRFE ks &
T A 1] — VR g BPARZE 44 (A N I £
44 MM KR F) )45 45 R (Training of

neural network & results)

RAE R 1 HHE, AR 75 1-5, P 513-18
PE NN GRRE A, i 57 5 6-12, 78 Il R A%, H
MATLAB #2928 T ELAF eR Hrsim X I 2RI 248 1
25 Ek— I 5HR, WAL R a4 R,

G5 B, PP IR TIUINRS R AR T U 2R A
AHHE. W 6T () N R, R Al A
Hd B8 bt Pt DAINEORS FE . IR 2 AR

RS RNOM N R 7. X2 R ik ke, 7RIk £
a5 REA R LB, TN FE RS, DRI, 72
FIARZE R 2 T ) FL R R, B I B A B v
PRI A, A PT LABRAS LA A T 25 AL

0.35 T T T T T T T
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0251 b q
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Fig. 4 The results of neural network model

5 T W2 Y EI ) 100 AR ) 43
(Cutting force prediction model based on
neural network)
LABEHIIN TV 2B iSO, EeRr e i 2%

TR 5200 o St H 4G

5.1 RAK & (Experimental procedure)
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Fig. 5 Collection of milling data

I AR L AR IR Bk RESy B3I 2
HONR R, HAGEHI S HOR BB KA, #4742 R 1
UG, 2N N2TH I ZE R
5.2 IEXZLK A (Orthogonal empirical formula)

Xf SIS RTG53 HBE I 28R 1
H BB HIR I 25 A 2, DS BRI I 25 A5
N, WG R RN E R AN, KA ARER
N

F=axn’xalx f4 (5)

e, ap, O3 ADNBEEISEL, 73 0] D b 6 T
PR BRI R4S i FONEEHITD, a, b, ¢, A2
HONEM S RBM R A~ XA @ EHE 7
a,b, c, AN ZHE R, Batfs 3 7ot ek

AR

k2 BHIERE
Table 2 Milling test table

s EREHE/(r- minT) BAYRap/mm B f/mm ST ae/mm PRI FN BGSRET °C

1 16000
2 16000
3 16000
4 16000
5 16000
6 16000
7 16000
8 16000
9 16000
10 17000
11 17000
12 17000
13 17000
14 17000
15 17000
16 17000
17 17000
18 17000
19 18000
20 18000
21 18000
22 18000
23 18000
24 18000
25 18000
26 18000
27 18000

0.05
0.08
0.1
0.05
0.08
0.1
0.05
0.08
0.1
0.05
0.08
0.1
0.05
0.08
0.1
0.05
0.08
0.1
0.05
0.08
0.1
0.05
0.08
0.1
0.05
0.08
0.1

5 234 282.1
5 350 304.5
5 434 3104
5 238 282.7
5 356 266.4
5 431 265.7
5 239 282.1
5 348 304.1
5 428 307.6
5 238 265.4
5 355 266.4
5 420 313.1
5 242 2854
5 351 267.0
5 432 3144
5 243 285.0
5 360 267.9
5 433 313.6
5 246 282.6
5 360 267.5
5 438 267.5
5 242 286.1
5 353 268.4
5 437 315.2
5 243 285.5
5 360 293.0
5 437 315.2

R #2997 51, 5, 9, 10, 15, 16, 21, 22, 2654
HAT 206 A RIS, [EBIMATLABFIEXCEL#44:, 45,

EEERIR:

F — 943 X n04121 X ag.007 % f0.854' (6)
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53 MEMEBRE 5 4 R (Establishment of
neural network model & results)

FEMATLAB 1 5 v BPAH 28 P 2% 45 B 25 4. ooy,
N JE B R JR B 3 56 B W logsi, T2 B4 th 4%
14 B 3y purelin. 152 & Il 25 bR HU N rainglm. 1R 2H
(1) 3 B R Y)Rae, R AEG & f—RAER
BPHIZE W 2% (1 N\ ) . 1k 22 1 A EE )il
B (RRE AR, AR 64 AE a2 % A5 2L 135 A7
. Hg R anR3 R, 7 ml 2 BeH) ) B sese 18 . A
FH 22 ) 245 T I AT ot 2856 2 QTR 2 25 1 AR
XFIRZE.

H 3 AT N, £ — EFEAR I, &%
O TR 2 AR 1 T 225 SR B AH R ) A A a3, (R
FEARZE N 28 B IR 2% 21 R0 I8 B R A1 TR
EE TR AR LT RIGA KTk, 4N
BEAFEIFR RN, ik EIRSREe iR B )
IS ARG S, AT DAk — 203 hite 2
PR £ AL R FIRG E . 206 A U B i B 7
H5INTZE RO R, MAE 20 JE L 1%
A BT T R [ A AN AL BR R 7, DR LG 28 DX 248 Tt )
BOMATR RS ) 5N T8 R oC R 2, 5t
REAER I St U B DT 73 50 R R A2 4L

k3 BAI AR
Table 3 Milling force results

WA S g 2R A g 26 A
O BN TIME/N S BN RE% RE%

1 238 240.68  229.40 1.12 —3.61
2 348 367.59  373.45 5.63 7.31
3 355 34734 37202 -2.16 4.80
4 351 341.07 37435 —-2.83 6.65
5 438 43585 42892  —-0.49 —2.07
6 243 248.27 25541 2.17 5.11

6 FZURPREE 2 R AR B ¥ K & (Factors aff-
ecting the accuracy of neural network model)
FH T #2828 TIASE 284 () e 3T 8 T3 5 B R
EEFIACTR, PRI 5 REE I HER T L (5 5 PR AUEHE,
A KA 5 H5 40 1) A B 7 2T 2 ol P N ASE 28 ) 2 ST
TS R = A AR . H AT ) B BRI )
HIRHIE R I RA G HE, AR5 R H I RHE B
AN—FF . TR AT S P25 ) 28 TN A 55 1) S
FET A E X 25 28 57 (1) T ) B SRR ) ) 70 AR 2
# st = 0T UTEI N T AP B A o IR, 7E 48 X 4%

RIS, AR 55 P B G R A B, A H
PEA — e RSN, = WA R A S
ST T LB s e 4 A AR

2 R TR B TR FEE AR T U SR RE A Kt . 24
BB AERE AT B DA I, FR 28 I 25 e 25 ]
FEAE RS BAE, H I 5 30 45 FiR =8, 24
DR ES O 25 U e AN B s 1 b PR Y BB A, T
S HIRZEROR.
7 458 (Conclusions)

T2 X 2% AR 7 57 1) ) L BE AR D) 1 g P A 7
RE A It 2 T AR 75 2L, S Tiim o e v ) B s
WORASFYIE) 13456 11 TR, 5Tk EA R
LS bR E X

% T A TS5 5 YR S 220 X 2% 455 R BB A Ao
FH, T AR S f 48 X R R ) 3 F 12k, 2D I 2R3
P& PR
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