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Soft Sensor for Ball Mill Load Using DAMRRWNN Model
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Abstract
labeled sample and the change of working condition during the operation of the wet-type ball mill. In this paper, we

The problem of misalignment of the original measurement model is caused by the difficulty in obtaining the

introduce a domain adaptive random weight neural network (DARWNN), thus a small number of labeled samples in the
working condition combined with the original working condition samples can be used to implement transfer learning.
The DARWNN network can solve the problem of machine learning in different working conditions, however it considers
only the empirical risk but not the structural risk. Thus the generalization performance is poor and the prediction
accuracy is low. On this basis, we propose a domain adaptive manifold regularization random weight neural network
(DAMRRWNN) in terms of manifold regularization to maintain data geometry structure, so as to improve the performance
of the corresponding model. Experimental results indicate that the performance of the proposed methods is superior to
or at least comparable with the existing benchmarking methods and that the proposed methods can effectively improve
the learning accuracy of DARWNN and solve the problem of soft sensor for wet ball mill load parameters under multiple
loading conditions.
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Table 2 Comparison of experimental results of different algorithms for m5 as source domain
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ik & & TEM il TEM &

RMSE NRMSE RMSE NRMSE RMSE NRMSE RMSE NRMSE

RWNN 0.7723 1.0380 1.1142 0.3056 0.8612 0.1575 1.1701 0.3209
Bagging 0.2346 0.3153 0.9127 0.2503 0.2253 0.3028 0.9707 0.2662
JITL 0.5866 0.7844 2.7080 0.7427 0.8021 1.0781 3.3141 0.9090
DARWNN 0.1047 0.1407 0.5066 0.1389 0.1090 0.1465 0.5294 0.1452
DAMRRWNN 0.0908 0.1220 0.4660 0.1278 0.0911 0.1224 0.4958 0.1360
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Table 4  Comparison of prediction results of mill load parameters (RMSE)

AR TS 1-1 1-2 1-3 1-4 1-5
MBVR 0.0279 0.6219 1.0044 1.2182 1.1312
RWNN PD 0.0040 0.1546 0.0656 0.1763 0.2541
CVR 0.0021 0.0817 0.3063 0.2516 0.3607
MBVR 0.0923 0.1618 0.3379 0.3919 0.2346
Bagging PD 0.0157 0.0470 0.0897 0.0880 0.1263
CVR 0.0086 0.0808 0.1270 0.1395 0.2012
MBVR 0.0829 0.3688 0.4490 0.7043 0.9147
JITL PD 0.0138 0.0695 0.1149 0.3406 0.3467
CVR 0.0094 0.0908 0.1428 0.1777 0.2471
MBVR - 0.1349 0.0854 0.0843 0.0709
DARWNN PD - 0.0270 0.0170 0.0153 0.0178
CVR - 0.0159 0.0114 0.0084 0.0081
MBVR - 0.1058 0.0693 0.0457 0.0365
DAMRRWNN PD - 0.0219 0.0149 0.0120 0.0162
CVR - 0.0141 0.0108 0.0074 0.0072
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Fig.8 DAMRRWNN load parameter prediction results
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