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Fig. 1 Schematic diagram of the SG grinding wheel grinding spiral

bevel gear
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Tab.1 Roughness data under different processing parameters

s PEHIERRE | RGN | eyl | O iEOHDREE | AR

v /(m/s) | w/[()/s] a,/mm Sa/pm Sa/pm
1 15 8 0. 05 0. 657 0. 450
2 15 10 0.03 0.567 0.423
3 15 12 0.07 0. 633 0.439
4 20 8 0.03 0.527 0.416
5 20 10 0.07 0.586 0.429
6 20 12 0.05 0. 520 0.414
7 25 8 0.07 0. 550 0.429
8 25 10 0. 05 0.502 0.392
9 25 12 0.03 0.451 0.352
10 20 6 0.03 0. 585 0.435
11 20 10 0.03 0. 485 0.399
12 20 10 0.05 0. 547 0.415
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Fig.2 Spiral bevel gear grinding test device
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Fig.3 Schematic diagram of the decision tree model
2.2 SVR

HEmEALEE (B 4) A0 R ERANTS « @R
AT 5 22 R UG B . I BAELG W fR 7Lk
PE R RPN i3 — > TRl BR e fe AR A de /M R
2R A K AR AL A s DAk Je A3 B & A5 119
BERY PR B R f(x) =we + b, H, pREAMLILH
Brh

min 5 (2)
AL 31 AN B s I R R A
ly, = (wx, + b) | < & (3)

N wx+b=0
LS

wxt+b=—e "~ ’

B4 THOBMEDREER

Fig.4 Schematic diagram of support vector machine model
2.3 ANN

ANN JZ A B A B JEE 6 i o 28 T 19 248 1A
BT B (18] 5) , HL ply DR it Ak B AR G A i
HEMA, R TR ] LR VR — S i 5
B U A A, AR Al pR R 2
XEAES, AW AR, LA D F0 A
JEPREZ IR AR 22 5 R UCER AR 1908 224 1 1 4 =X
BE AT R OB, BORT T — YR AR AU,
B E N E
2.4 RELFE

FERL#r BRI Gl B v, O S HOS B Y



4 Mtk E =

&
il FF — N
ol
R P 3 — il
s
TS 5 P —
WANE BBl BRE2 REE3 WHE

Bs5 AIHEMEHEIRER

Fig.5 Schematic diagram of artificial neural network model
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Fig. 13  Analysis of the importance of input features on convex

surface roughness of spiral bevel gears
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Fig. 14 Analysis of the importance of input features on concave

surface roughness of spiral bevel gears
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Prediction method for spiral bevel gear tooth surface roughness based on
machine learning

LI Jiabin' CHEN Haifeng' LIU Guoliang® ZHOU Changjiang’
(1. School of Mechanical and Electrical Engineering, Hunan University of Science and Technology, Xiangtan 411201, China)
(2. AECC Central Transmission Machinery Co., Ltd., Changsha 410200, China)
(3. College of Mechanical and Vehicle Engineering, Hunan University, Changsha 410082, China)

Abstract: [Objective] To address the issues of parameter optimization and prediction accuracy of the surface roughness of
spiral bevel gears, and to overcome the limitations of traditional methods in effectively handling complex nonlinear relationships
and the influence of multiple variables, machine learning model is used to predict the surface roughness of the spiral bevel gears.
[Methods] Firstly, based on the spiral bevel gear grinding test dataset, decision tree (DT), support vector machine (SVR), and
artificial neural network (ANN) methods are applied to construct roughness prediction models for the convex and concave
surfaces of spiral bevel gears, and the prediction results of the three machine learning models are compared. Secondly, based on
this, a multiple linear regression method is used to derive a tooth surface roughness prediction formula that considers the
processing parameters of spiral bevel gears. Finally, the contribution of each input feature to the predicted tooth surface
roughness is analyzed using the machine learning model explanation tool (SHAP), providing theoretical support for the
application of machine learning in high-performance gear manufacturing. [Results] The results show that the DT and SVR
exhibit underfitting and overfitting, respectively, leading to poor prediction performance. The ANN accurately fits the data and
predicts tooth surface roughness with high precision, but its computational efficiency is relatively low. The average relative
errors in predicting the roughness of the convex and concave surfaces of the spiral bevel gear are 3.5% and 6.09%, respectively.
The influence of the input processing parameters on the predicted tooth surface roughness follows the order of grinding speed,
grinding depth, and generating speed.

Key words: Tooth surface roughness prediction; Spiral bevel gear; Grinding; Machine learning; Hyperparameter; Model

interpretation (%3 N 2F)



