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Abstract

In the modern intelligent manufacturing process, the wear status of the tool directly determines
the quality of the workpiece product. Traditional tool wear detection methods have problems such
as low detection accuracy and poor robustness. In recent years, the development of deep learning
has provided a more intelligent solution for tool wear detection. Starting from the process of tool
wear detection, the detection methods of tool wear signals are explained, the common processing
methods for collecting tool wear signals are summarized, and the common deep learning models
for tool wear are classified, the principles, characteristics and research status of different models
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are explained, and finally the characteristics and application scenarios of different methods are
analyzed.
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Figure 1. Classification diagram of the deep learning model of the tool
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Figure 2. Deep learning tool detection flow chart
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Figure 3. Schematic of the long and short-term memory unit
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Figure 4. Schematic of the gating recurrent unit
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Figure 5. Schematic of convolutional neural network
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Figure 6. Schematic of Vggl13 network
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Figure 7. Schematic of inception
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Figure 8. Schematic of the residual block
E 8. RERREE

Dong [46]55 N T —Fh3E T AL (5 5 CaAt-ResNet-1d 7Y, [ ] Resnetl8 7 A FERl M 48 iE47
—YEEBRIURIE, ERIRMZEIAIMA CaAts BT =N, B S0 A R E R REEAT 3 I, 5
I X 2 IIE N FAE AT IR 22T R I8 5] 89.27%, X H A GRU. LSTM. Zfil
Resnet18 BB HCR AT Li [47)58 NIRH 1 —Fh i 2 M i pe oA it & IR 22 B AR M 25 (RDN), 15 2%
TIRBIRENE T AT TRAC R, Sl /N B M E A, AN RIGRR AR 22 B AR T, 1S RHE
REMGEL AL, D 7SR, WO T RHE AR . R FESEIAER], — IR RDN J5i%, AlbA
TN RIS BURFAE,  HERfZR IR 93.5%.

4) Densenet 555 W %%

Densenet 245454 [48]811 Resnet W25 &5 AL, Wi 9 Fzr & Densenet M % &R 2K, AN
)72 Resnet [P 245 f& i 1f 7% 25 SRR (1 167 B A AN, 177 Densenet M 4% 2 FT TR BT 250 H H&EsE, DRI IREE T
AR EHC B RHE, I BAE N ZRER B 5O T RE SSRGS B &, fm TR TH Rk

DOI: 10.12677/0rf.2023.132122 1194 1B 512


https://doi.org/10.12677/orf.2023.132122

Wit 2%

Figure 9. Schematic of the Dense block
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Figure 10. Deep belief network model diagram
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Figure 11. Auto-Encoder model diagram
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Figure 12. Schematic of transfer learning
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Table 1. Comparison of the advantages and disadvantages of different models
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