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Health status evaluation of CNN-GRU mine motor based on adaptive multi-scale attention mechanism

TAN Donggui, YUAN Yiping, FAN Panpan
(Intelligent Manufacturing Modern Industry College, Xinjiang University, Urumqi 830017, China)

Abstract: When using multi-sensor information fusion technology to evaluate the health status of motors,
there are outliers and missing values in the monitoring data of mine motors. However, deep learning models such
as convolutional neural networks and recurrent neural networks find it difficult to effectively extract data features
and update network weights when the data quality is severely degraded, resulting in problems such as vanishing or
exploding gradients. In order to solve the above problems, A CNN-GRU (CNN-GRU-AMSA) model based on
adaptive multi-scale attention mechanism is proposed to evaluate the health status of mine motors. Firstly, the
model fills in, removes, and standardizes the motor operation data collected by sensors, and classifies the
operating conditions of mine motors based on environmental temperature changes. Secondly, based on the

Mahalanobis distance, the health index (HI) of health evaluation indicators such as motor current, three-phase
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temperature of motor winding, front bearing temperature of motor, and rear bearing temperature of motor are
calculated. The Savitzky Golay filter is used to denoise, smooth, and normalize the HI indicator. Combining the
contribution of different indicators calculated by principal component analysis method to mine motors, the
weighted fusion of indicator HI is used to obtain the mine motor HI. Finally, the mine motor HI is input into the
CNN-GRU-AMSA model, which dynamically adjusts attention weights to achieve information fusion of features
at different scales, thereby accurately outputting the health status evaluation results of the motor. The experimental
results show that compared with other common deep learning models such as CNN, CNN-GRU, CNN-LSTM, and
CNN-LSTM Attention, the CNN-GRU-AMSA model performs better in evaluation metrics such as root mean

square error, mean absolute error, accuracy, Macro F1, and MicroF1. The model has a smaller fluctuation range

and better stability in predicting residuals.

Key words: health status evaluation of motors; adaptive multi-scale attention mechanism; CNN—GRU; multi

sensor information fusion; principal component analysis
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Fig. 1 General framework of health state assessment of mine motor
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Table 3 Performance comparison of different models under working condition 1

TR RMSE MAE MAX ACC/% Macro F1 Micro F1

CNN 0.0332 0.0235 0.2639 88.58 0.564 8 0.5840
CNN-GRU 0.038 6 0.0275 0.2656 89.29 0.600 3 0.637 4
CNN-LSTM 0.0310 0.021 8 0.2467 88.20 0.5507 0.5602
CNN-LSTM-Attention 0.0312 0.0219 0.239 1 87.95 0.5415 0.5442
CNN-GRU-AMSA 0.009 6 0.006 4 0.263 4 97.83 0.933 8 0.950 5
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Table 4 Performance comparison of different models under working condition 2

T RMSE MAE MAX ACC/% Macro F1 Micro F1

CNN 0.0300 0.0229 0.3287 89.96 0.713 4 0.786 7
CNN-GRU 0.0527 0.0349 03671 85.49 0.6128 0.6443
CNN-LSTM 0.034 6 0.026 1 0.363 8 86.93 0.648 6 0.695 8
CNN-LSTM-Attention 0.037 1 0.0276 0.3874 86.57 0.640 5 0.6822
CNN-GRU-AMSA 0.014 1 0.008 0 0.3733 96.79 0.9359 0.942 6

#5 T3 TARMEIPERE AL

Table 5 Performance comparison of different models under working condition 3

TR RMSE MAE MAX ACC/% Macro F1, Micro F1

CNN 0.038 4 0.0313 0.128 4 7831 0.424 6 0.4373
CNN-GRU 0.0347 0.0259 0.1521 90.16 0.5995 0.607 9
CNN-LSTM 0.0387 0.029 3 0.133 6 76.82 0.3979 0.3956
CNN-LSTM-Attention 0.036 8 0.028 6 0.1318 78.64 0.4252 0.434 6

CNN-GRU-AMSA 0.008 0 0.0057 0.062 2 97.38 0.956 7 0.969 8
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Table 6 Performance comparison of different models under working condition 4

ixil RMSE MAE MAX ACC/% Macro F1. Micro F1

CNN 0.044 5 0.0306 0.1986 96.93 0.633 1 0.6419
CNN-GRU 0.0739 0.0443 0.2817 83.04 0.4527 0.474 8
CNN-LSTM 0.050 8 0.0337 0.216 4 95.66 0.6177 0.6299
CNN-LSTM-Attention 0.0500 0.033 4 02119 95.75 0.6186 0.6307
CNN-GRU-AMSA 0.0250 0.0129 0.1428 97.69 0.9650 0.8232
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Table 7 Performance comparison of different models under working condition 5

%l RMSE MAE MAX ACC/% Macro F1 Micro F1

CNN 0.028 8 0.0245 0.1152 91.01 0.5166 0.5521
CNN-GRU 0.0305 0.023 8 0.1472 92.51 0.640 1 0.6656
CNN-LSTM 0.026 1 0.0218 0.1107 91.80 0.5336 0.566 7
CNN-LSTM—Attention 0.026 3 0.0222 0.1153 91.77 0.5322 0.5659
CNN-GRU-AMSA 0.007 5 0.0054 0.0905 97.52 0.768 7 0.8153
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Table 8 Performance comparison of different models under working condition 6

7% RMSE MAE MAX ACC/% Macro F1 Micro F1

CNN 0.0253 0.0210 0.2475 95.22 0.4725 0.5213
CNN-GRU 0.030 1 0.024 4 0.2421 95.28 0.4750 0.5238
CNN-LSTM 0.0220 0.0187 0.2426 95.13 0.468 9 05174
CNN-LSTM-Attention 0.0228 0.0195 0.2428 95.28 0.4750 05238
CNN-GRU-AMSA 0.008 5 0.0053 0.2722 98.81 0.6242 0.6395
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Table 9 Performance comparison of different models under working condition 7

Y RMSE MAE MAX ACC/% Macro F1 Micro F1

CNN 0.0290 0.0200 0.3783 87.87 04115 0.4394
CNN-GRU 0.0332 0.0226 0.3605 86.27 0.3880 0.400 4
CNN-LSTM 0.0255 0.0177 0.3470 88.80 0.4520 0.5029
CNN-LSTM-Attention 0.029 1 0.020 6 0.356 8 86.62 0.3846 0.4023
CNN-GRU-AMSA 0.009 1 0.006 4 0.263 4 95.03 0.608 1 0.644 6
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Table 10 Performance comparison of different models under working condition 8

LAY RMSE MAE MAX ACC/% Macro F1 Micro F1

CNN 0.0378 0.028 4 0.2710 85.00 0.5879 0.5724

CNN-GRU 0.046 4 0.0334 0.2745 83.75 0.5756 0.563 4

CNN-LSTM 0.0358 0.024 1 0.2553 93.94 0.639 4 0.6313

CNN-LSTM—Attention 0.0348 0.023 6 0.264 5 93.22 0.6352 0.626 5

CNN-GRU-AMSA 0.0140 0.009 0 0.2733 96.18 0.9447 09421
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Fig. 9 Comparison of predicted residuals of different models
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