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Abstract: The robotic grinding process is affected by both dynamic and static factors and has dynamic characteristics such as complex
coupling and high time-varying nonlinearity. To solve the problems of difficult feature selection of dynamic factors and low prediction
accuracy of surface roughness caused by only considering static factors, a prediction method of surface roughness of robotic grinding
considering the influence of dynamic factors is proposed by combining deep learning technology. Firstly, the convolutional neural network
is used to automatically extract the spatial features of dynamic factors in the grinding process, and capture complex dynamic behaviors of
robotic grinding. The temporal features are extracted from the obtained spatial features through the bidirectional long short-term memory
network to characterize the dynamic changes of robotic grinding. The attention mechanism is introduced to realize the automatic weight

distribution of spatial features, temporal features and static factors. The improved whale optimization algorithm is used to adaptively
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optimize the hyperparameters of the bidirectional long short-term memory network to improve the convergence speed and adapt to the

dynamic changes of robotic grinding. Secondly, according to the proposed prediction method, an IWOA-CNN-BiLSTM-Attention

surface roughness prediction model considering the influence of dynamic factors is formulated. Thirdly, the robotic grinding experiment

is carried out. The spatial and temporal characteristics of the extracted dynamic factors, the collected static factors, and the measured

values of surface roughness are normalized to construct the experiment dataset. Finally, the experimental dataset is input into the

prediction model for model training, and the surface roughness prediction of robotic grinding considering both dynamic and static

factors is realized. The effectiveness of the proposed method is evaluated by comparative experiments. The mean absolute percentage

error, root mean square error, and coefficient of determination of the corresponding prediction model are 0.027 6, 0.029 5, and

0.998 8, respectively. Compared with the comparison prediction model, the prediction accuracy is improved by 17. 14% , 13.65% ,

and 21. 35% , respectively.
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Fig. 4  Flow chart of the robotic grinding surface roughness

prediction model
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Table 4 Comprehensive properties of C45 steel

PR, JRIRBREE,  fOR/ Wik, whidiees
MPa MPa % % J
600 355 16 40 39

2.2 HlEANEHIZEIZIT 55T

BILEE NS I S50 v | 43 BT AS ) S b 3 45
V, JEHIREE o, FUERPRLEE Q X C45 HIH IR T ARSI
FRLRE L ISR, AR AL AR AT A T 1 S 1)
SHOKE RIS NS 95 T 22803 5 s, 3
IR 256 PMEHI T A SBA G 18 C45 WAR 5 TAF L
BN BRI X SR B R 5F R 20 mmx 16 mm , T4 B Il % SR an
&6 fizs, I8 6(a) A (b) 435105 1 ~56 2H 1 HIBOR 1
55201 ~256 ALEEHIRCR

K5 BHIZEIZSH

Table 5 Experimental process parameters

B T 2280 Hl

FHFEE 0/ (remin™') 1 800.2 100.2 4002 700

PR V. /(mmes™") 0.08.0.16.0.24.0.32
PEHIRE a,/mm 0.01.0. 02.0. 03 0. 04

ESELRLEE Q 320" 600 800" .1 000"
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Fig. 6  Grinding effect drawing of workpiece
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Table 6 Comprehensive table of experimental factors

EihE BRI

e o V., PEHITRIE ERDRIE 2 HRURE B
(romin) N a,/mm Q Ra /pm
1 1 800 0. 08 0.01 320" 0.61 042
2 2 100 0.08 0.01 3207 0.593 43
3 2 400 0. 08 0.01 320" 0.617 64
4 2 700 0. 08 0.01 320" 0. 662 42
253 1 800 0.32 0.04 1 000" 1.294 62
254 2 100 0.32 0.04 1 000" 1.210 41
255 2 400 0.32 0.04 1 000% 1.318 80
256 2700 0.32 0.04 1 000" 1.421 63

h AR X {5 55 A T3, XA 5 5 B v (0
DAL s IS e AR T 415 5 0 o0, R B R 1 DG B
ik, FEXF T SR AR 2 A s 5 — e b B, £ S A e
A —E0PE , A A 22 F BRI Zh s i, S SRR
R SR FH AR A% B R SR AR A5, K LA Sl — 2R A0E )
iy AB] CNN —A50 3 55 XY M Z JrmiddasR 1 A
TR A A A, AR R A 18 AR AR R AL CNN 5
— 43 A CNN B S B A~ 43 32 R A7 45 ) 4 A B2 L
SRIGHI A BILSTM #7047 iof e R AE B B, B A P A
Bl F A S B RO 4R IR BdE HE 80% A1 20% Kl 4y
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TAAELARS B2 T 77 5 B0 35 P ARD 6 b S8 43 BT 0 F R 3t
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Attention 3 [f FELAE B TUIASE R A 0000 14 BE L 45 2L 5 WOA-
CNN-BiLSTM-Attention , & 52 ¥ i b B 1% ( crested
porcupine optimizer, CPO) f:fk BiLSTM #&#I44 & 1Y) CPO-
CNN-BiLSTM-Attention 1 GA-BP 3 Fl i ) J5 ¥ ik 47 %F
F B 4 ISR R 43 ] 8T FR O T AR A A B .C F1 D,
FEVNZRB B, B A i AL 0 Rl & s S I R A S N 3
B HA TR BRI L 80% F1 20% K1 43 g AH ] A4 11 24542
AR | e 3 TEDRELRS 2 T
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Table 7 Predicted values and actual values for prediction

models A, B, C and D (pm)
s E'E‘E! A ﬁ%ﬂl B Tﬁ?& C Tﬁ?i” D -
T e s T
1 0.61818 0.64917 0.63404 0.67585 0.644 60
2 1.21744 1.1318 1.17267 1.15502 1.267 62
3 0.58347 0.56610 0.61303  0.596 31 0.608 24
4 106177 1.10209 1.074 10 1.12587 1.07142
48 0.67717 0.63466 0.69029 0.65552 0.641 21
49 0.57131  0.57803  0.560 46 0.60042 0.567 40
50  0.63768 0.55421 0.639 15 0.568 01 0.624 25
51 0.54257 0.561 62 0.54328 0.58540 0.534 81
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Table 8 Prediction accuracy of prediction models

A, B, Cand D
g4l MAPE/  RMSE/ . B/ Erna/
TR % pm 8 pwm %
A 0.0255 0.030 1 0.998 8 0.070 7. 66
B 0.057 0 0.072 0 0.983 0 0. 160 17. 14
C 0.0326 0.046 0 0.991 2 0. 158 13.65
D 0.056 7 0.070 1 0.9710 0. 164 21.35

A 7~9 FN3E 7.8 v H1, SO ALY A A 4 TN AR
B, C 1 D, MAPE {d 43 5 ¥k /)y 55.26% . 21.78% #0
55.03% ,RMSE B 43 #8718 55. 03% 34. 59% 1 57. 06% ,
B B R A DI 1. 58% 0. 76% F1 2. 78% ( Tl
BAY A B.C I D AP E REC R {H 5754 0.998 8,
0.9830.0.9912 #10.9710) , ILAh, AR A B .C A1
D E, 43515 0.070.0.160.0. 158 F10. 164 um,E,
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Fig. 10  Adaptation values for prediction models
A, B, Cand D
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