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ABSTRACT

Turning processing machines have been widely employed due to their precision and versatility. As the
number of cycles increases, the performance of these devices generally degrades owing to tool wear.
Therefore, real-time tool condition monitoring (TCM) that utilizes statistical or machine learning methods
has gained significant attention in both academia and industry. However, these methods necessitate suffi-
cient data pre-processing, requiring a high degree of academic understanding as well as significant
amount of time. Therefore, this research proposes an advanced artificial intelligence network to monitor a
wide range of tools by utilizing raw signals without pre-processing. This study first developed a method
consisting of 1D and 2D multi filters convolution neural networks (CNNs) and stacked long short term
memories (LSTM). To activate the LSTM in a stable manner, the CNN plays a crucial role in di-
mensionality reduction. Accordingly, two dimensionality reduction approaches were proposed. These were
layer normalized 1D&2D-CNN Multi filters. Then, following multi filters, the stacked LSTM was used to
extract the sequential features. Next, the performance of the proposed network using the NASA milling
dataset was observed and compared between the 1D/2D-CNN without Flank wear information, pre-proc-
essing, and previous research network inclusion. Consequently, although the ID-CNN method did not

have them, it achieved a similar level of accuracy as the present method using past Flank wear input.
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Table 1 Condition parameters of each cycle

Case Depth of cut Feed rate Materials
1 1.5 mm 0.5 mm/rev Cast iron
2 0.75 mm 0.5 mm/rev Cast iron
3 0.75 mm 0.25 mm/rev Cast iron
4 1.5 mm 0.25 mm/rev Cast iron
5 1.5 mm 0.5 mm/rev Steel
6 1.5 mm 0.25 mm/rev Steel
7 0.75 mm 0.25 mm/rev Steel
8 0.75 mm 0.5 mm/rev Steel
9 1.5 mm 0.5 mm/rev Cast iron
10 1.5 mm 0.25 mm/rev Cast iron
11 0.75 mm 0.25 mm/rev Cast iron
12 0.75 mm 0.5 mm/rev Cast iron
13 0.75 mm 0.25 mm/rev Steel
14 0.75 mm 0.5 mm/rev Steel
15 1.5 mm 0.25 mm/rev Steel
16 1.5 mm 0.5 mm/rev Steel
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Table 2 Hyper parameters 1

Hyper parameters

Learning rate (1D)| 0.001

Learning rate (2D) | 0.001

Batch size (1D) 2 Batch size (2D) 2

Dropout rate (1D) 0.1 Dropout rate (2D) 0.2

Table 3 Hyper parameters 2

FCL
name

Kernel
name

Size LSTM name Size Size

Long (1D)| 150 | Bi-LSTM. 1 (1D)| 50 [FCL 1 (1D)| 60

Mid (ID)| 100 | Bi-LSTM. 2 (ID)| 50 [FCL 2 (ID)| 8

Short (1D)[ 50 |Uni-LSTM. 1 (1D)| 100

Cur. (2D)|(15,1)| Bi-LSTM. 1 (2D)| 40 [FCL 1 (2D)| 60

Seg. (2D)|(1,4)| Bi-LSTM. 2 (2D)| 40 [FCL 2 (2D)| 8

Mix. (2D)|(10,2)[Uni-LSTM. 1 (2D)| 100 -
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Fig. 4 Predict results

Table 4 Result comparison

Case Sta(cvl:dﬂ{;nsg M Stacked LSTM | Proposed | Proposed
(w/o flank wear)| 1D- 2D-
wear)
11 0.0421 0.2997 0.0684 | 0.0863
12 0.0516 0.2779 0.0393 | 0.0849
15 0.0361 0.3076 0.0425 | 0.0820
16 0.0381 0.1644 0.0720 | 0.0442
Avg. 0.0450 0.2868 0.0581 | 0.0829
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