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ABSTRACT: This paper aims to explore the influence of process parameters on the surface quality of screw rotor abrasive belt
grinding. The orthogonal experiment of screw rotor abrasive belt grinding is carried out for the axial feed speed of workpiece is
100~300 mm/min, the linear speed of abrasive belt is 4.4~13.1 m/s, the tension pressure of abrasive belt is 0.2~0.3 MPa, the
grinding pressure is 0.4~0.5 MPa and the mesh number of abrasive belt is 120~800. Based on the improved neural network
algorithm, the prediction model of surface roughness value after screw rotor abrasive belt grinding is established to predict and
analyze the surface quality of the workpiece after grinding. On this basis, the influence of process parameters on grinding quality
is predicted and analyzed by using the prediction model. Using multi-factor grinding experiments to obtain prediction samples
and comparison samples, the comparison results show that the average training accuracy of the prediction model is about
93.38% and the prediction accuracy is 92.46%. The single factor prediction results of screw rotor abrasive belt grinding surface
roughness value show that the workpiece surface roughness value increases with the increase of contact wheel positive pressure
and axial feed speed of the grinding device, and decreases with the increase of abrasive belt linear speed and abrasive belt mesh.
It can be seen from the above research results, the proposed algorithm can provide a theoretical basis for the selection of process
parameters of screw rotor abrasive belt grinding. Higher surface quality can be obtained by appropriately increasing the linear

speed and mesh number of the abrasive belts, reducing the cylinder pressure of the contact wheel and the axial feed speed of the

2022 4 4 A

grinding device.

KEY WORDS: grinding; surface roughness; sparrow search algorithm; neural network prediction
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Tab.1 Experimental parameter table

Parameters and units

Linear velocity of

Level Master cylinder Tension air pressure abrasive belt Feed rate (Q)/ Mesh of abrasive
pressure (4)/MPa (B)/MPa (C)l(m-s ) (mm-min ) belt (E)

-2 0.4 0.2 4.4 100 120

-1 0.425 0.225 6.5 150 240

0 0.45 0.25 8.7 200 400

0.475 0.275 10.9 250 600

2 0.5 0.3 13.1 300 800

a S A
3 EIRTS T
Fig.3 Machining comparison before and after grinding: a) before experiment; b) after the experiment
R2 BHXRSHRREHEEEESER
Tab.2 Grinding experimental parameters and surface roughness values
Parameter Parameter
groups A B C D E Ra/pm | groups A B C D E Ra/pm
numbers numbers

1 0.400  0.200 500 100 120 1.429 11 0.450 0.200 1000 300 240 1.033
2 0.400 0.225 750 150 240 0.903 12 0.450 0.225 1250 100 400 0.559
3 0.400 0.250 1000 200 400 0.503 13 0.450 0.250 1500 150 600 0.544
4 0.400 0.275 1250 250 600 0.427 14 0.450 0.275 500 200 800 0.428
5 0.400 0.300 1500 300 800 0.454 15 0.450  0.300 750 250 120 1.651
6 0.425  0.200 750 200 600 0.490 16 0.475 0.200 1250 150 800 0.580
7 0.425 0.225 1000 250 800 0.517 17 0.475 0.225 1500 200 120 1.115
8 0.425 0.250 1250 300 120 1.375 18 0.475  0.250 500 250 240 1.081
9 0.425 0.275 1500 100 240 0.803 19 0.475  0.275 750 300 400 0.750
10 0.425  0.300 500 150 400 0.653 20 0.475 0.300 1000 100 600 0.472
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Parameter Parameter
groups A B C D E Ra/pm | groups A B C D E Ra/pm
numbers numbers
21 0.500 0.200 1500 250 120 1.199 31 0.500 0.300 1000 300 120 1.468
22 0.500 0.225 500 300 240 1.085 32 0.500 0.300 1500 100 120 1.172
23 0.500 0.250 750 100 400 0.559 33 0.500 0.300 1500 200 120 1.253
24 0.500 0.275 1000 150 600 0.493 34 0.500 0.300 1500 300 120 1.421
25 0.500 0.300 1250 200 800 0.576 35 0.400 0.200 500 100 240 0.942
26 0.500 0.300 500 100 120 1.456 36 0.400 0.200 1000 200 240 0.898
27 0.500 0.300 500 200 120 1.596 37 0.400 0.200 1500 300 240 0.974
28 0.500 0.300 500 300 120 1.666 38 0.500 0.300 500 100 400 0.681
29 0.500 0.300 1000 100 120 1.270 39 0.500 0.300 1000 200 400 0.674
30 0.500 0.300 1000 200 120 1.390 40 0.500 0.300 1500 300 400 0.857

4 S3C %2 TR J32 0 S 36 A1
Fig.4 Experimental arrangement of S3C Taylor surface
roughness measurement
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Tab.3 Error comparison table of prediction results
Number of = p o imental ~BP Forecast o GABP GABP SSA-BP SSA-BP
expgerré?;sntal data data BP Error/% Forecast data Error/% Forecast data Error/%
1 1.429 1.366 4.41 1.469 2.80 1.218 14.77
2 0.903 0.925 2.44 0.995 10.19 0.913 1.11
3 0.503 0.559 11.13 0.533 5.96 0.531 5.57
4 0.427 0.456 6.79 0.358 16.16 0.433 1.41
5 0.454 0.659 45.15 0.328 27.75 0.463 1.98
6 0.490 0.597 21.84 0.577 17.76 0.409 16.53
7 0.517 0.511 1.35 0.572 10.42 0.356 31.27
8 1.375 1.322 3.85 1.468 6.76 1.429 3.93
9 0.803 0.842 4.86 0.843 4.98 0.803 0.00
10 0.653 0.739 13.17 0.743 13.78 0.644 1.38
11 1.033 1.102 6.68 1.127 9.10 1.029 0.39
12 0.559 0.556 0.54 0.662 18.43 0.562 0.54
13 0.544 0.496 8.82 0.570 4.78 0.530 2.57
14 0.428 0.419 2.10 0.406 5.14 0.237 44.63
15 1.651 1.370 17.02 1.654 0.18 1.597 3.27
16 0.580 0.498 14.14 0.592 2.07 0.593 2.24
17 1.115 1.076 3.50 1.321 18.48 1.164 4.39
18 1.081 1.122 3.79 1.103 2.04 1.040 3.79
19 0.750 1.031 37.47 0.720 4.00 0.707 5.73
20 0.472 0.549 16.31 0.522 10.59 0.439 6.99
21 1.199 1.237 3.17 1.351 12.68 1.223 2.00
22 1.085 1.165 7.37 1.137 4.79 1.043 3.87
23 0.559 0.575 2.86 0.700 25.22 0.596 6.62
24 0.493 0.484 1.83 0.542 9.94 0.478 3.04
25 0.576 0.632 9.72 0.615 6.77 0.590 2.43
26 1.456 1.480 1.65 1.529 5.01 1.355 6.94
27 1.596 1.455 8.83 1.574 1.38 1.497 6.20
28 1.666 1.357 18.55 1.617 2.94 1.590 4.56
29 1.270 1.283 1.02 1.368 7.72 1.182 6.93
30 1.390 1.585 14.03 1.424 2.45 1.320 5.04
Average error 9.81 9.01 6.62
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Tab.4 Numerical comparison of prediction results

Number of

experimental Experimental ~ BP Forecast BP Error/% GABP GABP SSA-BP SSA-BP
aroups data data Forecast data Error/% Forecast data Error/%

31 1.468 1.097 25.27 1.339 8.79 1.534 4.50

32 1.172 1.256 7.17 1.480 26.28 1.202 2.56

33 1.253 1.216 2.95 1.244 0.72 1.377 9.90

34 1.421 1.118 21.32 1.596 12.32 1.551 9.15

35 0.942 1.057 12.21 1.222 29.72 0.814 13.59

36 0.898 0.906 0.89 0.920 2.45 0.840 6.46

37 0.974 1.371 40.76 0.994 2.05 0.939 3.59

38 0.681 0.846 24.23 0.789 15.86 0.599 12.04

39 0.674 0.922 36.80 1.014 50.45 0.657 2.52

40 0.857 0.909 6.07 0.947 10.50 0.765 10.74

Average error 17.77 15.91 7.54
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Fig.8 Influence curve of process parameters on workpiece surface roughness: a) master cylinder pressure;
b) tension cylinder pressure; c) belt speed; d) axial feed speed; e) mesh number of abrasive belt
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