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Abstract: To address the challenges of cumbersome signal feature extraction in traditional intelligent moni-
toring methods and the adverse effects of tool wear on workpiece quality and production efficiency during
milling, a tool wear state prediction method based on an improved GRU neural network (BiGRU-

1DCNN-CBAM) is proposed. Using statistical methods, time-domain analysis, frequency-domain analy-
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sis, and wavelet transform, 24 feature parameters of the tool signals-such as mean, kurtosis, and power
spectral density-are extracted, and the resulting multimodal time-series data are converted into time-series
images of tool features. A convolutional neural network (CNN) is then introduced to mine deep features
of the signal data, and a convolutional block attention module (CBAM) is integrated to enhance the capa-
bility of the model to capture feature maps of vibration and cutting force signals. After flattening and con-
catenating the feature layers, the fused features are fed into a bidirectional GRU (BiGRU) to capture long-
term dependencies, and the tool wear amount is predicted through a fully connected layer, thereby en-
abling remaining useful life prediction of the tool wear state during CNC machining. Experimental results
on the PHM2010 dataset show that the RMSE and MAE of the proposed model are 2. 17 um and 1. 29
um, respectively. Compared with Bayesian-MCMC-Prognostics, SBILSTM, RIME-CNN-SVM, Mo~
bileNetV3, TDConvLSTM, ISABO-IBILSTM, IWOA-IECA-BILSTM, and LSTM-CNN-CBAM
models, the prediction accuracy in terms of RMSE and MAE is improved by more than 40.5% and
52. 1%, respectively, while the time consumption is reduced by at least 2. 8% relative to similar models.
These results demonstrate that the proposed model can effectively characterize tool wear, reduce predic-
tion errors, and achieve superior prediction performance.

Key words: tool wear; deep learning; Convolutional Neural Network (CNN) ; Gate Recurrent Unit

(GRU); attention module; state prediction
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for tool wear prediction
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Fig.9 Structure diagram of tool wear prediction model
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Fig. 16 Tool wear prediction results for second group
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