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Application of machine learning in automatic discrimination of product quality of deep
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ABSTRACT In process industries, the discrimination of final product quality must be implemented in the manufacturing process. At
present, the primary method is “ after spot test ward,” but there is no other way to realize online automatic discrimination for all
products, which frequently leads to customer return purchases and complaints about the product quality, and annual economic loss of
10 billion Yuan in Chinese steel enterprises. This paper proposed online product quality automatic discrimination method based on
machine learning to realize online automatic discrimination for all products. First, multidimensional process parameters were mapped
into a low-dimensional data set using nonlinear multidimensional parity scaling (MDPS), and the data set is clustered. The distribution
feature in the data set was analyzed. The quality index values were then transformed into a low-dimensional map with the class labels
determined by process parameter clustering, and the diverse class margins were determined using a support vector machine (SVM) with
L2-soft margins. The kernel method set was used to reduce the number of support vectors to simplify the class boundary, and the reduced
set determined the actual class margins. Finally, the quality indexes were predicted using machine learning algorithms, such as back-
propagation network (BPN), long short-team memory (LSTM), kernel partial least squares (KPLS), and k-nearest neighbors (KNN),
including the online automatic discrimination of product quality was realized using the determined class margins and the predicted
values of quality indexes. The accuracy of the online automatic discrimination of steel types is up to 97% in the training stage and up to

96% in the testing stage based on industrial production data of interstitial-free (IF) steel.
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Table 1 Major process parameters and statistics

Parameter name Max Min Mean Variance

Mass fraction of C/% 0.0028 0.0011 0.0018 0.0004

Mass fraction of Mn/% 0.160 0.09  0.1263 0.0154

Mass fraction of P/% 0.014  0.007 0.0099 0.0019

Mass fraction of S/% 0.0139 0.0061 0.00766 0.0019

Exit temperature of heating 1 )77 30 124710 1263.04 5.998
furnace/°C

Entry temperature of finish 1505 94 191403 1039.08 9.804
rolling/°C

Exit temper'ature of finish 028.46 898.68 917.17 4.167
rolling/°C

Coiling temperature/°C 755.40 654.45 711.70 41.358

Cold-rolled reduction ratio/% 8290 65.50 80.49 4.139
Heating temperature/°C 854.27 786.96 82191 12.498
Soaking temperature/°C 854.97 789.66 82427 12.352

Fast-cooling exit temperature/°C  455.73  299.84 431.13 24.296
Aging exit temperature/°C 394.12 287.12 37452 12.299

Slow-cooling exit temperature/°C  676.39 605.97 641.61 11.280
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Table 2 Industry/internal standard of performance index of interstitial-

free steel
Type strer?:tel::/dl\/[ Pa strezeglzlsli/llfflpa Elongation/% Plasf;iitram
DC04  210/(135-160) ((2276(()):3355(())))/ 38/(40-44) 1.7/2.1
DCO5  180/(125-150) ((2275(;332%))/ 40/(43-46) 2.0/2.2
DC06  170/(120-140) ((2275(;?3%))/ 41/(45-48) 2.12.4
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Table 3 Class center/ mean square error of quality indexes using three

methods
Quality indexes Class1(DC06)  Class2(DCO05) Class3(DC04)
CPA 134.85/8.04 141.65/7.63 147.30/6.26
Yield strength/MPa KCPA 127.53/5.55 138.83/7.77  143.37/8.26
MDPS 127.53/5.55 135.62/6.03  146.81/6.45

CPA 287.5/6.67 290.01/8.20  295.40/8.16

Tensile strength/MPa KCPA 280.2/6.30 292.10/7.45  291.58/7.48

MDPS 280.2/6.30 289.71/5.64  293.7/8.31
CPA 4573/1.94 4488232  44.26/2.52
Elongation/%  KCPA 4645/1.77 44.69/2.18  45.13/2.36
MDPS 46.45/1.77 45.54/1.99  44.44/2.42
CPA 2.93/0200 2.83/0.218  2.74/0.200
Plastic strain ratio  KCPA 3.02/0.148  2.87/0.194  2.81/0.231
MDPS 3.02/0.148  2.91/0.195  2.76/0.200
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Table 4 Calculating results of discrimination and predicting quality

index using different methods

Standard deviation

Methods ¢! Elongation stif;‘fw :r‘i‘:g‘:ﬁ/ Plstc stsin
MPa MPa
BP 91.5 1.9 5.09 4.54 0.2
LSTM 93.5 1.05 3.99 3.03 0.1
KPLS 90.7 1.78 5.35 5.57 0.16
PLS 82.1 1.94 5.77 5.38 0.19
KNN 90.1 2.05 6.28 5.78 0.19
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