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Tool Wear State Identification and Prediction Method Based on Improved
EfficientNetV2 and UNetTSF
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Abstract: In order to improve the accuracy of tool wear prediction for the problems of tool in-machine
wear condition monitoring, a new monitoring model named GAF -iEfficientNetV2-UNetTSF was proposed
integrating GAF, the improved EfficientNetV 2 lightweight network, and the UNetTSF time-series predic-
tion model. The model adopted the strategy of first classification and then prediction. Firstly, the force signals
were acquired during machining processes by tool, and the feature dimensionality reduction was realized by
segmented aggregation technique. Then GAF was used to encode the three-directional force signals respec-
tively, and three groups of single-channel images were obtained. The three groups of single-channel images
under the same time sequence were stacked into three-channel images. Subsequently, an improved Efficient-
NetV2 training network was constructed to automatically extract and classify features to recognize the tool
wear states. Finally, for the most critical tool wear states, the UNetTSF model was utilized for wear value
prediction in order to achieve accurate prediction. Through comparative experiments, the high accuracy of the
model in the task of tool wear state recognition and the high precision in wear value prediction were verified.
The results provide an efficient and accurate monitoring method in the field of tool wear state monitoring, and
is of great significance for improving industrial production efficiency and reducing maintenance costs.

Key words: Gramian angular field (GAF) ; EfficientNetV2; UNetTSF; tool wear state; tool wear
monitoring
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Fig.12 Model training effects
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Fig.13 Improved model accuracy validation curves
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Tab.2 Comparison of model performance before and

after improvement %
HE R WEHR | KR | iR F,
EfficientNetV2 95.30 95.31 95.30 95.31
SC-EfficientNetV2 96.21 96.24 96.21 96.23
G-EfficientNetV2 96.50 96.51 96.50 96.51
iEfficientNetV2 97.95 97.96 97.95 97.96
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Fig.14 Confusion matrix of EfficientNetV2

on the test set
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Fig.16 Stable wear phase model prediction effects
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Fig.17 Accelerated wear phase model prediction effects
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Tab.3 Comparison of the performance of

each model %
LR WERR | AR | H Rl F,
GAF-ResNetl8 95.09 95.08 95.09 95.09

GAF-VGG16 95.77 95.76 95.77 95.77
GAF -ShuffleNetV2 94.41 94.46 94.41 94.44
GAF-MobileNetV2 95.60 95.59 95.60 95.60
GAF-iEfficientNetV2 97.95 97.96 97.95 97.96
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Fig.19 Predictive results of contrast models during

stable wear stage
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Fig.20 Predictive results of contrast models during
accelerated wear stage
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Tab.4 Comparison of the performance of each model

in stable wear stage

LT RMSE MAE | MAPE/% R*
BILSTM 1.50 0.90 5.63 0.93
TCN 1.57 1.02 5.69 0.92
SVR 1.63 1.05 5.68 0.91
UNetTSF 1.26 0.54 5.58 0.95
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Tab.4 Comparison of the performance of each model

in accelerated wear stage

2

LR RMSE MAE | MAPE/% R
BILSTM 1.47 0.96 6.09 0.95

TCN 1.82 1.20 6.05 0.93

SVR 1.95 1.42 6.12 0.95
UNetTSF 1.25 0.54 6.10 0.95
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