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On-line detection research on manufactured
sand grading based on deep learning
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(College of Mechanical Engineering and Automation, Huagiao University, Xiamen 361021, China)

Abstract: The gradation and fineness modulus of manufactured sand are important quality indicators in industrial sand production.
To solve the problem that the traditional method of grading detection of manufactured sand cannot be implemented online under the
actual working condition. This article combines experimental research to propose an online detection method for manufactured sand
grading based on deep learning. Firstly, the images of the stacked manufactured sand on the conveyor belt are collected. Then, the
manufactured sand images are segmented by the convolution neural network (CNN). Finally, the gradation and fineness modulus
of manufactured sand is computerized online by the image processing technology. Comparative experimental results show that the
mask R-CNN instance segmentation model can effectively segment intact particles in the manufactured sand stacking scenario. The
equivalent elliptical Feret short diameter is used as the equivalent particle size parameter and the area gradation is used as the
gradation characterization parameter. The maximum repeatability error values of online detection of two groups of fineness modulus
manufactured sand are 0. 03 and 0. 05. The maximum repeatability error values of particle size interval are 2. 97% and 3. 43%.
Compared with traditional detection methods, this method is feasible and can meet the requirements of online detection in industrial
sand production.
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Fig. 1  Overall framework of the detection method
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Fig.2 Structure diagram of example segmentation convolution neural network
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Fig. 3 Dimension drawing of manufactured sand data set
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Fig. 8 Image acquisition experimental platform
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Table 1 Results of the graded batch particle size representation method for Mx=2. 85

i A% X [6]/ mm

/% Mx

0.15~0.3 0.3~0.6 0.6~1.18 1.18~2.36 2.36~4.75
i 43k 10. 00 25.00 40. 00 20. 00 5.00 2.85
LR Feret S A% 5.52 26.24 41.99 22.55 3.67 2.93
A -4.48 1.24 1.99 2.55 -1.33 0.08
Egiinps 1.74 26.91 43.72 23.48 4.17 3.01
A -8.26 1.91 3.72 3.48 -0.83 0.16
S sy AR B A 6.07 22. 69 37.26 28.20 5.60 3.04
A -3.93 -2.31 -2.74 8.20 0. 60 0.19

Fz2 Mx=2.85 REMRERMETEER
Table 2 Results of the gradation representation method for the gradation of Mx=2. 85
AR X ] /mm

/% Mx

0.15~0.3 0.3~0.6 0.6~1.18 1.18~2.36 2.36~4.75
[iFa7S 10. 00 25.00 40.00 20. 00 5.00 2.85
[P 5.52 26.24 41.99 22.55 3.67 2.93
A -4.48 1.24 1.99 2.55 -1.33 0.08
SHE 1.39 12. 82 38.03 36. 48 9.82 3.36
A -8.61 -12.18 -1.97 16. 48 4.82 0.51
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PEIR 22,3 RE B PSR A9 45 Xt AN 10 FTR

& 10 BT, Mx by 2. 85 il 3. 7 BB RH) 3 YK
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AL, P S0 ) B R R 2 AN M 3. 5% , Hor Mx
R 2. 85 G I e 2 R A K R A R 2 i B AE X ]
0.6~1.18 mm, N 2.97% ; Mx N 3.7 ZRBc kY il & 2% 51
RKEE MR 2ZE AR X ] 1. 18 ~2.36 mm, N 3.43% ;
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Fig. 10  Statistical graphs of the results of three experimental measurements of 2-grade ingredients
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Fig. 11  Statistical graphs of measurement results for five single-grade materials of manufactured sand
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Table 3 Percentage of each zone for the three Mx

grade ingredients

o A /mm
Mx

/% 0.15~0.3 0.3~0.6 0.6~1.18 1.18~2.36 2.36~4.75
10. 00 25.00 40. 00 20. 00 5.00 2.85

BE4ME 10.00 20.00  25.00 35.00 10.00  3.15
5.00 10. 00 15. 00 50. 00 20.00 3.70
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Fig. 12 Statistical graph of the results of grade batching

measurements of Mx=2. 85
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Table 4 Detection processing time results
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