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Abstract: The vibration of the spindle of the worm wheel gear grinding machine has a decisive influence on the quality of gear
processing. However, the periodic dressing of the grinding wheel and the continuous tool shifting during grinding will change the
amplitude and frequency of the spindle vibration, making spindle vibration prediction difficult. This paper introduces the diameter
parameter of the grinding wheel, converts the input grinding wheel linear speed into the grinding wheel rotational speed, and utilizes the
dynamic characteristics of the grinding wheel rotational speed to characterize the influence of periodic grinding dressing; at the same
time, it introduces the spindle position parameter to establish a compensation function for the grinding wheel spindle position to eliminate
the influence of continuous tool shifting during grinding. Based on this, a prediction method for the spindle vibration is proposed, which
predicts the spindle vibration of the worm wheel gear grinding machine through grinding process parameters. Firstly, the liquid neural
network (LNN) gating mechanism is utilized to dynamically screen the process parameter features, simulate the physical conduction logic
between the process parameters and the root mean square ( RMS) value of vibration, discretize the process parameters through a

continuous-time dynamic system, and use the activation function to capture the hidden dynamic characteristics between them. Secondly,
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a position compensation function is established based on LNN to capture the hidden characteristics between position information and

RMS. Taking the RMS value corresponding to the standard Y-axis position as the benchmark, the RMS values corresponding to other

positions are mapped and compensated. Finally, the global dependencies of the features is modeled through multiple stacked Transformer

encoder blocks, and the output features of LNN are optimized using residual connections, etc. Finally, the sequence dimension is

removed and combined with the compensation value to obtain the vibration prediction value. In the comparative experiments, the R2 of
this prediction model reaches 99.19% , the RMSE is 0. 074 1, the MAE is 0. 051 1, and the MAPE is 0. 05%. Compared with the

traditional model, the prediction accuracy is higher. Finally, based on this prediction model, a spindle vibration suppression model for

the worm wheel gear grinding machine is established. The grinding process parameters are optimized using the quantum slime mold

algorithm to suppress the spindle vibration, and the suppression effect is 39. 99% .

Keywords : worm wheel gear grinding; spindle vibration; LNN-Transformer; vibration prediction

0 35l

i3

ARk B IR VR 7l W RS, A 3R TR G iR
T, BT R IR TR 4 O A B AR T 24 500% , B T A
30 000 r/min, % 3 KR HE TS V5 50 IR A% T804, %)
WA TR f 1 B R SR AT DR I I A
R e BB 7 1 R 3T 5 e P ], Ay v i
B EFI T T FERFFRDER S ) m Trb B E T
2Pk I TR A 00 8 A5 R 23 5 i ) D AR T Al 4R
Bh1 | kel B o il il 7K 32 AN B AR PR A5 4 fi
FH A, R B A 7 A A e Y o
T BB R YA 25 T B0 TG 45 5 i 2 80 ]
FR R ) A AT 2 W o 1A e o, R 2 kP 1A AL R
TR B R I IE | 7 A TR 2 b4 Sl DA T s
EESGHLE A R T T A SR NS
Bl , BAT EWME A E M, o1 92 AR PR AIE i T AL
RO T iR, Hitl, FFE#E N TSN
FAhIR SN Z ] A OC R, LT 25 S80I % i = il g
Bl ke K T SRR PEA ST 2 B HUREE B

EHT, E A RS T A BT
M A5 g A e R e e SRR 5 AT
P2 F ) S A IR 70 0 8 i R 3 T REL S 2 14 2 1)
1&%% (back propagation, BP) #1285 W 454 A4 Tl J) H. 2
L P TR AR T AR 5 X I 45 4t — e o
BB T 22502 s A % 00467, Se i3 0F
T ASHEHREIE I 280 B TR0 B AR AT U4l ; TN
SRR T R I T IR 2 S 0 S Tl R 12 T
Jrik, ok B v B B 42 T (extreme gradient boosting,
XGBoost ) i T 20 S HAE i A, [5] B3 Jok 7 i PR 2
>JHL(deep extreme learning machine, DELM ) $& BURFAIE I
U T 55 4 FHRIN AR S — R L TR 2
PR 55 FE A R AR L TN R Y SR A B R 22 I 4%
( convolutional neural network , CNN) 42 BUEHE 471E | 3d 1
KAEWHEC I R 2% ( long short-term memory , LSTM ) A B )
FPEE IS I AT R AL AT 5 2 | Je e i Lo ) AR 4y

A proportional integral derivative, PID) HWRI LA
(PID-based search algorithm, PSA ) 15 3| £ 1I: Z % ; Pan
SOV — R TR Ak 2T 1 S Y T SRR,
i L 3T v R W PG Ak 5 7% ((proximal policy optimization,
PPO, ) AL T2 240, - 5E T I 45 5 I8 2 ( model-
agnostic meta-learning, MAML ) 75 %] MAML-PPO,,, #% %
FR AR AN T s 11 S5 AR5 B R AL T 2240

B X ol Pt I A 40 K 7 32, IRl N ARk AT 7 K HL
RARIRITE . 07 &5 G BRI 2 S R 3 —Fh
BB R RS AL i S 0 T RELAR 32 Ty v O
Fay st ek 2 1Y 58 £0 fE £k 5875 (improved whale optimization
IWOA )-CNN-X ] £ 48 3 i 12 M %%
( bidirectional long short-term memory, BiLSTM ) -{¥ 7 f1#L
]| (attention mechanism, Attention) 25 T RELRS 5 T 00 A 75 ;
FRAERREE S R T —Fh T Inception A5 Hk B i 114 T i
FR 2R M 2% ( inception deep residual shrinkage network,
IDRSN ) il BiLSTM {14 T FFLAE 35 F00 7 3% 5 LA b 45
T 1k 55 A W R AR 3K S R R A R T —
FITR A5 9K Bl R e 1 40 08T 7 v, A R Mt 4 v s P 9 )
Wik s BARER AR 0 B Hh T RE NS ) 3 R B U ARURRAE | L
YOl R BEERY Chirplet %82, #57 T#F Chirplet %
FUZAE R FAb B2 FEAT ) CNN 454 3k15% Chirplet-CNN
FHEPEATHC RS T (0 58 B AR ; Huang 257" 25 6 2% R IE
PRIURITHC R 2 Az i B 92T 5 3 0 oA 0 Ak 38R 1 45 B
L ZE A BLIICIZ M ZE RS 5 19 CNN-LSTM AR B AR 45
s Wei 252 JESL T IR B4 i 278 TR 25 AT B 2 )
(weighted voting ensemble multi-Transformer, WVEM-T ) £5
R SR FE PR PERGS SR BT M 2% 1 I 2 2 8, (1 5=
FY) 22 J2 00 468 RE A R TN AS [ TAwi T ek k 8% 0 ) U1
TET ) B 53 4377 5 Cheng 55 S ) 17— Fh 3 A& RK O £
3% ( Gramian angular field, GAF) FINR JE R AR 227 i 28
W 2 1) 225 0 LB A0 0 5 1k, A ST AR 5 T L 4
Z IR SE R, (EHIA WFIEEZ T 22500 I U fin L rh 4ig
SRR SO, 2R R AR e i e
WRIEH T 22805 ERRsh R O R HH Iy f 451y
BRI OGRS . W) T AR AT b4

algorithm ,



258 & L £ ¥ W

HIN TAAAE R B I 8 ] b B B AR e 120, & fifi R
R EHR NG 5 10 BUIE S 22, 0 — 7 vk 2 20 WX
SRR Tovk JAEHAT R

PRI B0 =t 2 e LA M 000 ) ) R, A SO 1A
HEAESH IR T 2S00 sh Rt RIED B 5
Wil 5 JE5 1AL B S E, d S A 8 M R R, T B H 8
RIRZM, RIS, DA Encoder-Only VERFEAHELL AT IR h
TR AR T 22805 B AL 3 Pk 2 35 07 1R
{f (root mean square, RMS) [&] ff) Bk 5 56 & o 38 1 X HE 52
5, S E T B MERAPE . IR R T I A T R Bl 0 o A
B0 AR S HEAT I

1 SRRV I E B IRBN 2 AT

SR ) T Dt PR ) 3 6 R ik iz Bl
A 6 2 A s TR R 9 420 -5 1 T AP 4 R e £ A DT
Fic,, S Ji 308 Ao e 7 3 D B N A B AT T, WA R
FIInIE 1 s

N
v
T T R PR 1 5 7R T 1

Fig. 1 Diagram of worm wheel grinding engagement
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vibration frequency of the spindle
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Fig. 3  The influence of grinding wheel feeding on the

amplitude of the spindle vibration
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AR SCHR A ] A5 S0 7R bR T SO Y HoA 4%
PFCATHLIR Y H i T TR kL B G D 48 % ) AR /Y
LT AT ER T 228, R =W EZ K FMIESE
LR R TS5 FRsI R, RIGLE
T RH =R M CRES, B T ESHOKF R E
N RS v 040 .50 Fl 60 m/s; il 1] HE LA E v,
50,100,150 F1 200 mm/min; 2 [7] 3 25 & £r:0.04 0.1,
0.16 F10.22 mm, —3:45 5] 48 (3x4x4) M AFESHL
HA,

g IRENE T R AR B 10 kHz, HREIE
FRAEIG  RT AT Y B i S R AT T AR B, AR SE
95 W HUAIR sh 38 5 AR AFLAE Ry RRAE (B E 47 9 8h o0 Hr, HoA 3
PRSI 5 25 B /DN, BE W i KRR FE R BLR o 5 5
FBR SRR, A AN IS B AR D AR E R
{E 280 mm , 5l ¥ 77 [ A6 b5 A 10 ¥R RMS AR,

RMS {E 5 =0 (17) fis .,

(17)

s, T KRR s o R 5
18347 1) FE 2B X (radial basis function, RBF) i {H
TR R BT A 48 ALRCE AT IR AR AR Y S K T
SR TP EA T ESBUE EIYTEY 15 A X, I
B 3 375 (15x15%x15) dHREA RS, 0 2 Fim,
[}, B SHO N 2 b se A2 D 5 EA EFR Y.

R2 ¥REXBEEE
Table 2 Expanded experimental data

WL BnHEAEE R
15 RMS/g

pud

v/ (mes™) vu,/(mm'mifl ) fr/mm
1 40 50. 00 0. 040 1. 69
2 40 57.89 0. 040 1.73
3 40 65.78 0. 040 1.78
2782 60 50. 00 0. 096 3.61
2783 60 57.89 0. 096 3.71
2 784 60 65.79 0. 096 3.81
3375 60 200. 00 0.220 5.56

3.2 WMNERESDH

SHISIE LNN-Transformer =2 51§ 21 T00 0 452 Y (1) F52 00
PERE, ¥ H 5 BP #hZM4%  SC4F ) 5] ( support vector
regression, SVR) B2 > Hl (extreme learning machine,
ELM) #14325 5 [l T4 ( classification and regression tree,
CART) &8 T J7 VA #EATXT LY o B AR 1 el A ) B4
5 IFLL70% A1 30% BEHLIA 73 A I 2R AN AL . 454
RYR PO A0 bE S PRAS (A A 3R 3 s .

®3 BRBETNEI L EEREQNIE

Table 3 Comparison of predicted values of each model and actual detection values

5 LNN-Transformer BP ELM CART SEFRAE
1 4.053 03 3.923 29 4.048 36 3.969 04 4.006 29 4.068 17
2 3.48529 3.587 44 3.481 64 3.487 65 3.388 01 3.457 70
3 4.318 77 4.133 61 4.216 43 4.258 84 4.313 67 4.433 54
29 3.021 62 3.092 15 3.178 02 3.185 31 3.027 58 3.055 22
30 2.000 36 2.022 40 1.940 32 2.110 96 1.972 02 2.004 16

A5 TN AR Y B T 5 X Fb 7 iR, Hirp,
& 7(a) ~ (e) 4354 BP SVR ELM , CART } A A5 1 ()
T EE SR e xR 2%

L 7 A AR A F2 PR 2l RMS /9 30l fih £k 5
SBr il 2R A EA A I — ok, R T A 4 AR
T LS AR B R, AR Y i A B LA 46 % 152 22
TE0. 1 LU EZAN, KRz T 0~0.05, fe/MEHET
F 0, FEBRABAISNG 4 AEAI R SVR 2R T 45 5
f 25, CART FEAR T 25 5 fe A%, AR o WU A A7 AE R
BITR 22 i (H A 0. 3, FHER T AR A7 A 5 K 22 1R

F G TIE B T ASB AL 4R 3 RMS TR0 ) A 1

AR AR SRS A B TN AR A AN 8 BT, Horp
EAR X 8] T S R £10%

& 8 Al 1, BP SVR .ELM K. CART % 4 A1y
FETEAL T EAF 4 Z AN B 2, o SVR 5 CART i T
B ZIMYEE A%, H BP SVR \ELM ¥J7E7E K
AL EAF 1 0 B A5 T A A T30 B8 5 2 7 F
BARW XA, A 2 BAR T LR (y =) BT, Hi7sh X
[/, 3% S B AR A 1R 25 /N RS v, B B
A TR R E 1
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Table 4 Comparison of indicators of LNN-Transformer,
BP, SVR, ELM and CART models

bR R*/% MAE MAPE/% RMSE
LNN-Transformer  99. 16 0.051 1 0.05 0.074 1
BP 95.09 0.128 6 4.55 0.1819
SVR 97.35 0.101 4 3. 66 0.135 1
ELM 96. 37 0.112 1 4.04 0.156 7
CART 95.94 0.1196 4.22 0.166 0
1.00f0.900 1
02T (964
. 0.959
0.95 0.951
%090
085}

A#% BP  SVR ELM CART
el
(a) 45t RE3T T
(a) Coefficient of determination comparison chart
5
4.55
4.22
4.04
4r 3.66
= 37
5
&
S 2p
1k
0 0.06
AAEAY BP SVR ELM CART
R
(o) PN H 4 R ZEXT T

(c) Mean absolute percentage error comparison chart
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TSR (14 P05 R i 5 TR IS AR A7 MAE R
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Table 5 Comparison of inhibition results
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