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Fig.1 Dynamic update framework of tool wear predicting model under variable working conditions

BRI S 7 A B i Y ( Marginal
distribution adaptation, MDA ), 2% 1
434 B 16 b ( Conditional distribution
adaptation, CDA ) S5 /3 Afi H i
(Joint distribution adaptation, JDA ) .
TE3F T, IDALEAE LTl
G A BAAE 53 A MO G 2R, BB XS
P BRI B AR B Z 1A O R AT
ATH AL, PR AR AL B AR 2B o A
2% 57 1, AHEL T MDA 1 CDA #
B AR PR BE P SR, kg
SeniE RS ik EE R T4 /N R B
5 HARCZ W S5 A 8GR 250 A
AR 5, AR RE X 3K PR 73 A1 T AN [
W E) PR R R T A,

K EA TR AT 55 19 HAR DTk
FREE . FESCBRI v, X bk 330
R A T A 1 i 1R A o L 3k 3 BRARL
ARAS IR TR 2% 2 tEX B 3 A
2 SHURY R T RN FROR

DDA J&7E JDA [{FERY X535
AT T e, RO R 2
G AT G AR A A 7
BIAS ERAY HIE N R, i X R
773X, REAE AT B HE THS IR AN ] 35
05 2 57 BT P, DT 2 R AR g 3
FEPEREFIN FHACR . BAARSERUNT .

SR A e PSR R R A A 22 5
W H R I KA 22 5 MMD kit
BRI A EUE . H %A

100 RiEHEEEEA - 20264 69 5581

R | B S L S DR o R S
X C1)(2),D, IS, D, 73 BRI

D,(P,R)=|ELf(:)1-ELf ),
(1)
DY(0,,0)=
|EL - EL G
i1, D, (P, P) Wil 1
D0, 0)H a FARFRI ST
FEES, ae{l, -+, 4} ;xeD,,xeD. X
(3)Jgh] [ TDA BB A 2
D.(D,.D,)=D,(P,P)+

(2)

! (3)
> D(Q..0)



Adaptive Machining B iﬁmbﬂI

1ER(3) 1, IDA R T %0 fi
B R4 1 o A BB B A R A EE
{2 Sl A5 A0 A A AR B AR, 320
Gk AT RS B O 25 W D, (P,
POTER(3) W T SR AL
T 224 794 S5 5 8 A 235 4 AR U 45 2
SR 22 5058, SR A (R 520 TRy
g, M D@, 0,) 7 (3) i
BT B R AR

TESEBR N TG b, BaE LR
T8 e T AR 25 S BUR-IE 43
255 o BRI R TAL N REEST A1
B AIXT 43T, AT DL EDUITAS 050
AR AT B R] 25 S A S e, T LB
HI TR S 0, BaBAAS [ T80 T %k
Paor A=, K 2 pos, 2T
t— 43 A B AL &R 48 ik A t-distributed
stochastic neighbor embedding, t—
SNE ) 53k (1) iy AE R AIE P ALA A AN [
T T USRS H AR B R 43 A ke
SN YA (AL HEA T S R, H b AR bR
L A A S A B, JC AR
YL BT RS H bR E
A SOE Y 03 B RS A
2 WP BRR AR 43 A0 A AE I 3 25
2,45 Pl & BSR4 34 5),
W3 A AR RL PR A ey P, o 18 2(a)
G T AT IRES B RS R IR
S, 1B 2 (b)) MCe) 433t T
MR CTOL 1) Fek 2 i 38 5
HFRE T 2 ) B4FE M .

FHIE 2 Ca) Al B T00 T J6
W5 H AR BER BRRE A 23 (8] 43 A5

400 -
300 Pogy ©FEHIE
200 - @ ®° HARIRARAE
100 F T

= 0 W§ .

~100 |- )

200 ® o

-300 | 9 @u

—400 L— . . ) .
~400 -200 0 200 400

X

(a) #A T

A TR B SN
ST, FE PSR 2 S . ki
WG T 240 R RO (130 2%
SR A PRSI R R T
A5 o ISR 5 B .
2 (b)) AT, 5 T AS LA T
PPRMEH AR AR, T F AR
4311 22 SRR  HEE A 1 25
I 3 398 43 A, 42 B T 00 /N
AR, O G S5 T8,
L4 B 15 I RE J1. AT, th
2 (o) AN, 24 T00UA 0 B
TR, B B R B E
G 2 5 TR PR R A 725 ]
ST 1 BB A B R VA T
725 X B A G R 7% 5%
ARSI R, S BCREAE 4
i e RS BRI A 20 A
it T 2 AL

VU RIE IR IESY S IR
SCRE T TR IE | B T — gk
TENASSM 38 R TR 5 2 7k,
S A R T o 325 i
RS (AT . 37 4
HUE D, 5 U
D,(D,.D,)=(1-@)D,(P,P)+
A ( 4 )
®Y D(Q,.0)

A, wel0,1] K HEMNK T, 4
o — 0 i, FR I B AR 647
TR 20, LI 2oy A BN &
B M 0=0.5 I, KRR oA A

o JRIURHE
o HFREAHEAE

EEN

1 1 1
-10 =5 0 5 10 15

(b) T.1

2 TRENHERBS BREREES 5

R 2 0 — 1 B, RR IR
W5 BARECZ AT 8 AR | IR
AR,

H 35 W K o B EUEE F 5 15
SR E bR s ] A B8 A A 25 S KAy
AR H M RE B VA G, LGk
B AT B a0 A R AR
A 5 310 2 3 Ay X 2% S 1) vk E
AR AR — R A S B i FH AR
MELLRST o P 4341 F 38 ) ( Balance
distribution adaptation, BDA ) Hi 243
X3 k43 A RS0 A DEAT 2 Ak
T A AR F IS N T o BORS
PR P X )T, DDA
il g 5] A A—distance B 5 fEN], 552
T o [HAKEF R, A-distance &
s R S H AR A 22 S A K
J7 v RO BB Rl I R e oy
g b PR SCRN AR U A T 43
5], DT T4k A k1] ) A1 25 57
FfE B A-distance 7€ X (5),

d(D,,D,) =2(1-2¢&(h)) (5)

K, e Ch) Ror 8 H R %
B 228 7 DX A IR RN H A Bl A
A AR IR

FIRNCS) o] DL E A 4%
A i) A—distance, FH d, K2R o A-
distance {8, & B U IR H Al
() % A 25 Bk K, 6 T2 A 2%
144341 i) A—distance, 7] 136 ) 31
=RET

d,=d(2",02")

8
1005 7%
8 §3
~6f
2k g
4
Qo
0 1 1 1 1 1 1 1
D0 -15 <10 -5 0 5 10 15

X
(c) T.%2

(6)

o JRIRFFAF
o HARBUARIE

Fig.2 Distribution of features in the source and target domains before and after working condition changes

20264F 556945 5581 - RiariEEEA 101



- . .
—— Ix oru

s, Q1 Q@ 5B HK IR A
RIS o RIEFRIIEEA
BRI 2 1320 5 A AR 4
TP, d, + Y d 48,
Hob > d AT AR5 AR
B W o A7) AR
d

—M (7)
dy, + d

i 3 A5 3, DDA J5 i fgfg
SIS HLE A o ((E, SEEE A R A
T o BIRE AR AL, DA T SRS o
W) 25 43 A RN S AR o0 A HE 45 25 7
H AR A
2.2 EF SE-CNN-BIiLSTM Hj

HHAEFREX

1555 1Y) CNN-BIiLSTM A5 %) i 2%
B T BRI (CNN) 1725 [A]Ff
fIE$2 BURE 3 5 0] 4 S e A2 M 4%
( BiLSTM ) fy I P4 it 2 45 6E 1, (H
R FEOM 2 IR AT A ] 14 G B A L
B 22 30 38 AL R AE S R ?E
FITREERE 1A . A iRk — [
A5G| A SE ( Squeeze-and-excitation

o=1-

block ) 7 & H LI P, 8 45 B i& B
TR YT T AR I T 1 i T O B R ﬁ%‘%
ik, 5 CNN-BIiLSTM JE i e H oAb,
Py R LR T IS YRR
B B e HUE RS RE T TR REAE
PR R vHEIE e )] L 40 ) v £
A I A% B P AL PR 5K
2.2.1 SE =& ZhuH

SE 1 & 1 0L A9 A% 0 2 38 1
“BfH - T R, kA R AR
TE T EL SRR FNAT: 55 i Ak, B
A7 BC 38 JE A R, DT 3 AT H A
TE AWHEITCA T . HA R EE Sy i
B A AR LM OC R | TR SR A
5 7] BB R A DGR B 5 R
SE RS ANl 3 iR .

(1) 5 Fo X588 1 i A7
FEOEE HUOE W BB Hx W
MR AR 1 A2 RsTHE s, A
é’ﬂ%ﬁ%/\ﬁi_ﬂﬂ%b{% o

ZZX G (8)

Kb, x (i, j) RS o MBI E
(i, j ) AEBYRRAEAE ; H . W 53 5 FRE

- 4

s S

3 SE EEAWH

T ?

G TEAS T S

B

Fig.3 Structure of squeeze-and-excitation block

102 Rl A -

Pl e B R 8 2

(2) Wl 382 92 5 b 4
P02 AR AR B O B T 23 i
0~1 Z [H AL a,, A BROR 7R 1%
T X 40 FOU0 1 o A
a, =o,(W,-0,(W,+s+b)+b,) (9)
X, o, I ReLU ¥ i R 85 0,
Sigmoid JHi% pREL CRF A BRI 7E 0~1
ZI) 5 W, W, O R EE AL s 2
SE JEE L £ AR F E 15 2 H) 42
JGEit i b, b, WIRESHL

(3) AL, H# B RIAE a, 5
J53E S AR AR SR, 5 A A HIARAIE A0

il JC HFFE -

Y =a X, (10)
X, Y WAHENS 5 o A>T E 1Y FF
NES

222 SE-CNN-BiLSTM A4t A

A FF SE AR B ik A CNN-
BiLSTM [ %, #4 # B 4 SE-CNN-
BiLSTM HF#fiF 2 B A% . i 36 B s ]
SIS ) AR A O BB, TN
AN 38 8 S e A R, M T AR BT
55 2R A0 7 19 5 s A0 ) e T
FRFAE 235 o AN AE 4R HUE LA 1)
PERYRHE , 38 0] I 3 PR TR £ 4 4%
TH TR EESZEE S, SE-
CNN-BiIiLSTM [ £ fit) H. {4 2% ¥4 4n
Kl 4 PR IHER R,

(1)CNN Jay # AR IR $2 B, 15
AR Z B I AR BEE U e RY €
(N NREAREL LIPS s C il
HH0), 24 CNN & 5 e E s

H T SE-CNN-BIiLSTM A 4HF 4 I

4 SE-CNN-BiLSTM ##% 1

Fig.4 Structure of the SE-CNN-BiLSTM model

2026455695 55 810]

|
|

|

BiL*M i

L :

|

]

o] 0] [O]
10110/ |0} —
IR IR
| R I (|
. 1o[lo |0} | &
Q] O] [Q]
ii pib |



Adaptive Machining E iﬁE‘UJﬂI

i 1 Ry AR ( C,,, o 25 A e
HE), A

F =Pool(op,,(U*K+b_.)) (11)

A, 7 BHERAE ; K BRI
i b, MR ; Pool () Mk
KA EEAE; o0, N SE TR SIHLEI
WD 1 52 A S A | S
A TR A
(2)SE i#EAERME, # CNN
iy A R R AE ] F % A SE AR
(8 )~ (10) 58 Bl B AL % 2]
5 Ry AE R M, 15 B R UHE SRR AE
FSE e RNXHXWXCM , EI]
F,.(n, :, ,c)=a,(n)-F(n, :, 3, ¢)
(12)
K, ne[l, NI AREARERS] a, (n)
R n DAL ¢ ASE R H IE N
AU, H SE BiHeghasse 211593,
(3)BIiLSTM AP atss, K
J& IR Fy, &V I P R AE 7 571
F, eRVS(L'=Hx W B ¥ K
&), iy A BiLSTM 2% > Bif J7 4K i 56
i 2R RRE H e RV (H,
2 LSTM [ 2485 ), B
H(n)=BiLSTM(F_ (n, :, ) (13)

seq

4 R AR BT B T CNN 42
TR Je 3 ) R AE , S ) SE AR
Hesm b 7 e A 45 8, A Bl A
T BiLSTM Jfi#it A9 e fb HL e, oy
Ji 452 ) L P b1 T B 48 v O AR
HES
2.3 SCBDA-Net

B Xt 1 2 I e 11 R kA A 5
1 LR N A E bR 3B TR T AR
A7 A oy A 22 5 [n) i, AR SCHE
SCBDA-Net F i W HESE, 1.0 2l
£ SE-CNN-BIiLSTM A4 451F 2 HRE
715 DDA B sh A 38E AL, 528
PRI B Sl ST B SR L W B, 4% 4%

FAnIEL 5 Ji7 o 28 LTI A -

(1) FEALGE 1 22 R 245 3Lt | 3 1o il
4 SENet v & 71 L] 5% £k 18 15 [B] 4
TEARH G 22, A Bl T4 = DDA H4K
P oA X 55 A RebE (2 ) i R
BIETRIERRAE , Bh AR IE R AR e St
VIS0 5 AR5 A 1 BTk R
25 Ut/ MRS H bR 6 5
IR IMEZE 5, H m A AR AN )4
553 ()3 1

) £ phy AR I 1 IO B A1 20 28 4k
TN BT AL, Ho, RRAE B U R

e

JE T SE-CNN-BILSTM 52 #i, 111 3%
VRIS A H AR 8 b 2 G Ho
TR S5 B P OCIBE I TR IR RFIE
Ry Ji B4y A 6 S 4 L v A
A GE N A R 2 R
R T2ty &R
TSRS B bR 2o 1,
SEI AR A A S N R
B Y AP E S SFHIE N AR ISP
Fe A A, SR RER A A E S R

2E i RS BB 1,
VR I A H AR RO AT A
SE-CNN-BiLSTM, 4 il $ B ¥ 2 1)
WRIZFRIE; B, 45 6 TR M, F
HXF R T-BE Gy B 55 1F 504l Dy, 18
1 B A5 A I AR R 28 0 A Y
A—distance, S A JEEE AT R4, 540
At MMD $5 2k sREL, 58 BES SRR
X 55 SR AR 2R T

3 EF SCBDA-Net H§71E
BEE R i R

B F R ASIE0E K 7 i HAE R
FRiRE

T +-SNE /25 4k 55 F vl WLk 25
S, T B RO AN T R

3.1

! o !
| VB |
2 | > Fr&Emr ks PRSP AR
:13 iC S —I('ASElsa’mﬁ\‘llufﬂmenfﬁ’? ) : O
|\ - - - - . T 1
I ! . L .
1% / I O ! |
:5‘ 4E |  CASEUROVLIRA | : | TR PSS ARSI AT
e | : SR SCI :
[ B R C ORI RN :
., : .
|
% | || ! .
| N
= g e AR
g i
e | =
I FIpRg I
| l
:13 $ Efic/\sﬁlzm‘wzmm A :—’
2 I I I I | :
|10 |
2= 8 el |
:1; SL‘/ CASESHAUHLLITI S \\ | O | |
7iC | LI 5 L.
B — | 1O L] : AR :
I 0
=, — ¢ > Y
SE-CNN-BiLSTM DDA

Bs5 REMDSEHBENGE

Fig.5 Deep dynamic-domain adaptation method

20264F 556945 5581 - RiariEEEA 103



- . .
—— Ix oru

b T E ) & B ERIES H bRk
[ (R AIE 0 A 25 5 0 S5 1 K 0 M,
TEHT T00 G, T W3S P R R,
J R 0 AR R ()32 Ak MR RE . Bh
AR A I YRR e RIS 22
St I M AR 3 A 25 57
HR O I R R B T B2 2T Wk sl 1)
ST NS BRIV R e 27 A T NS
P oA A% [ 8, AR f 3 B8 TR R
mE 6 Fin, EEAHFLIT 3B
(1) BLRINGH B, FETAEEAY
D3 s S b TR U A, 2 K
INJA— AL TIAL B , 2 T L K] 43
NZREE 5L , 8 2 ) YI s
B IA RBAEAY Mo B B DA
R AR T G, FRYTIGE /1,
(2) FEL N FH 5 w0 By B, 7
BIHURE i AR, S R AL IR
B I A M, BT AT RS
M, R RER TN G, FAINnT
Bl , Zhr AL S FRE SR IR B E bR
BURRERURAE D, WERYEE T fk & 4L

il 5 F LT RS Ol : OAR I8 T.00
AR FR) JE B PRI, 7 1 0 B ek ]
(1] 5 PR o B AR TR 3R A 7 DA 5 BT
DI R B e K s 1T b O e R 4F
F4) 3 O P R 00 R 5 (S i W
TS T L&, SimisiE
i (RS 57 B i 5 BT, A A R
TGE N ) HLE R R 2 F SR

(3) B 73 N BE B B B,
SR X 2 48 0 AR A o e A 1 B
HAE B B REAR, B £ DDA B
02 S RV U2 & o TR B S s WY RO 318
HRH o, £ MMD 2k R AL
DASEES SRR XS 55 5 iR Rs ikl
SUEBCAHAERT, S 0 HOH A AR M
FVPAGFE AR A IA T , 4k 2208 £k )
K SHE W RN EER TR T
W — T — BRUE” PRI UL
3.2 iR

N AT AR , A SCR
K )7 iRi% 2% RMSE s 250 R AE N

PR AR, X (14) F1(15) F RMSE
EL /DN, 27 R AR ) T A B
R AHARET 1, Fm A B ) i
FRAE BB | RS SRR

1< .
RMSE=,/n—Z(y,—y,)2 (14)
1 =1

Rzzl_zle(y’_y') (15)
D -y

A,y SR §ONBEIE; Y

SRR AT s, B AR

4 EpIFnitie

Ry 565 UE T B0 A A B
AR A SCAGEEI N T ) HLE R
Iy BT 37 S b B TR AR 2R o B
5T NASA B I Bdl 4, % 5ds
LA EVIHISECS TR R
GEPARA, , SR e Bl ARl Ak
AL Z= o A 1R e 4 it T BAR
A o 180k H Matsuura fil

- T T T T T T T T T T T T T T T T T T T T T T T T T T T rr--r—r——""F"FF"~F"~>""~">""~*""*""*""*""*>"*""*""*""*“"*""*""*"*""*™"*™"™"*™"™"”=/“"“""™"™™>="™""™>"™"™"™"= |
! r4———————-——- |
[ e . i | [ emmmme )
| [ |
i ii TES R SERPYSCAE I K
! SRR, LA | ]
| i |
| [ |
| b - |
e —— N NI AR ||
! WS N . .
| T (P B | |
: b L |
I [ :E |
| WY, -] | !
o ______ R ¢: _________________________ !
|
| ! [ mwmne |
! . <

|
L BB,
| . PRk
e
el SCBDA-NET
L ——4 FFRS R e %——*
| i~
. _J BRI
|
i R |
| S — T

e e

6 TIRTHNEEEHREE

Fig.6 Flowchart for updating the prediction model under variable working conditions
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Table 1 Working conditions parameters of 16 examples

g | YIHLEEE / (m-min') | PIHIERREE /mm |4/ (mm-r') | AR
S5 1 200 0.5 itk
S 2 200 0.75 0.5 Pk
S 3 200 0.75 0.25 R
SEAA) 4 200 0.25 Bk
SEA5) 5 200 0.5 Gl
S5 6 200 0.25 G|
41 7 200 0.75 0.25 L
S 8 200 0.75 0.5 |
451 9 200 0.5 itk
S 10 200 0.25 Bk
S 11 200 0.75 0.25 ek
S| 12 200 0.75 0.5 Bk
SEf) 13 200 0.75 0.25 el
S 14 200 0.75 0.5 L
S 15 200 0.25 L
S 16 200 0.5 W
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Table 2 Transfer task settings

VIHIERE /

IHITREE /

bii syl

THRED | ERARS | BdEh (m/min ) i ) JnTAapE

PRI T4 = Dy 200 1.5 0.5 ik
Dg— Dy, Dy, 200 1.5 0.5 W
Dy— Dy, Dy, 200 0.75 0.25 kil
Ds— Doy Dr, 200 0.75 0.5 |

H bRl T4

Ds— Dy, Dy, 200 1.5 0.25 gl
Dg— Dy Dy 200 0.75 0.5 Bk
Dg—> Dy Dr 200 0.75 0.25 Bk
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Table 4 Performance comparison of different feature extractors under DDA transfer

D)y = 1D

HRAY
R RMSE
RF 0.635 0.191
XGBoost 0.658 0.185
SVM 0.608 0.198
ResNet 0.752 0.136
CNN-BIiLSTM 0.924 0.052
SE-CNN-BiLSTM 0.960 0.036

Ds— Dy, Ds— Dy, Ds— Dy, D —> Dy D — Dy

R RMSE R RMSE R RMSE R RMSE = R° | RMSE
0.612 | 0.197 0.598 | 0205 | 0.626 | 0.193 | 0.825 | 0.102 | 0.795 | 0.108
0.628 0.193 0.615 | 0.198 | 0.642 | 0.189 | 0.838 | 0.095 | 0.808 | 0.098
0592 | 0202 0.574 | 0215 | 0601 | 0.199 | 0818 | 0.112 | 0.782 | 0.112
0.702 | 0.146 0.661 | 0.152 | 0728 | 0.141 | 0.847 | 0.080 | 0.812 | 0.091
0.915 0.063 0.908 | 0.077 | 0917 | 0.056 | 0965 | 0.019 | 0948 | 0.023
0.976 | 0.031 0.948 | 0.050 | 0.949 | 0.041 | 0982 | 0.016 | 0970 | 0.015
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Online Updating Method for Tool Wear Predicting Model Based on Dynamic
Domain Adaptation Network

XIN Junbo, HUANG Hua, REN Yapeng, WANG Keren, LIAN Guodang
(School of Mechanical and Electrical Engineering, Lanzhou University of Technology, Lanzhou 730000, China)

[ABSTRACT]

optimization strategies, which exhibit poor adaptability in complex machining environments characterized by multi-

Traditional tool wear predicting methods are predominantly based on empirical models or static

variable coupling and dynamically evolving working conditions. Such inadequacy is prone to inducing distribution shifts
in monitoring data, thereby leading to inaccurate model predictions and diminished generalization capability. To address
this issue, an online update method for tool wear prediction models based on dynamic domain adaptation networks was
proposed in this paper. By introducing a dynamic distribution adaptation mechanism, the contribution ratios of marginal
distributions and conditional distributions to domain shifts were quantified in real time, and the feature alignment
weights were dynamically adjusted to achieve continuous and accurate calibration of the model. Taking milling tool
wear monitoring as the application scenario, the cross-working-condition adaptability of the model was enhanced from
two aspects: feature selection and distribution adaptation. Firstly, a feature extractor based on SE-CNN-BIiLSTM was
constructed to strengthen the screening capability of multi-channel key working condition features; secondly, the dynamic
distribution adaptation algorithm was integrated, and the SCBDA-Net (SE-CNN-BiLSTM Dynamic Domain Adaptation
Network) adaptive framework was proposed to accomplish cross-domain transfer and update of the model under varying
working conditions. Experimental results demonstrate that the proposed method can significantly improve the cross-
working-condition generalization performance and prediction accuracy of the model.

Keywords: Tool wear; Transfer learning; Dynamic domain adaptation; Varying working conditions; Attention mechanism
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