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CNC machines are engaged in numerous industries, including critical ones like the aerospace, automotive, and
military sectors, among others. Sensor data are time-series that may suffer from complex interconnections be-
tween variables and dynamic features. Long Short Term Memory LSTM excels in dynamic feature extraction, and
Autoencoder AE has great capabilities in nonlinear deep knowledge of time-series data variables. In this work, we
propose a model for tool wear prediction of CNC milling machine cutters as a type of time-series data taking
advantage of the LSTM and AE capabilities. The framework consists of many steps, including extracting multi-
domain features and a correlation analysis to select the most correlated features to the tool wear. New fea-
tures are added, such as entropy and interquartile range IQR, which proved to be highly correlated to the cutter
tool wear. An LSTM'-AE model is then trained, validated, and tested on this feature map to predict the target tool
wear value. The model is provided with degradation or Run-To-Failure data for CNC machine cutters, the PHM10
dataset, to predict the tool wear values. The predicted tool wear value is compared against the wear curve to
estimate RUL values. The predicted RUL values mostly underestimate the real values, which helps schedule for
maintenance or equipment replacement before failure. The experimental results show that the proposed
framework outperforms state-of-the-art DL methods in tool wear prediction accuracy approaching %98, as well
as an enhancement of MAE and RMSE in the test set by reaching 2.6 + 0.3222E-3 and 3.1 + 0.6146 E-3,
respectively.

1. Introduction but demand Run-To-Failure RTF data regarding system performance.
Artificial Intelligence Al is very popular nowadays in predictive main-
tenance models, either for diagnosis, fault classification, or RUL pre-

diction applications [4].These methods, which use classical Al methods,

The target of the tool condition monitoring (TCM) process can be
categorized into fault detection, fault type determination, and system

Remaining Useful Life (RUL) estimation, which can be identified by the
term "prognostics." Prognostics is a growing field of research nowadays
to help prevent rather than detect tool breakage. The term "prognostics"
is "anything that foretells." Prognostics is mainly a health statement
problem that takes as input sensory data and outputs RUL. This is done
through many steps: detection of failure indicators, generating a current
state estimate and health index constitution [1,2]. RUL prediction or
estimation is the main target of prognostics, which is the time the ma-
chine can safely work before failure [3]. Tool wear can be considered a
health index that helps RUL estimation for the machine.

Data-driven prognostics require no knowledge about system physics
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can be machine learning ML-based, such as Support Vector Machine
SVM and Random Forest RFs or Deep Learning DL approaches. SVM and
RFs techniques were widely used in research to forecast tool wear and
cutter RUL prediction. Utilizing Random Forest RF, the authors
demonstrated a technique for tool wear prediction in milling operations
[5]. After that, they conducted a comparison with prior ML algorithms in
[6]. The XGboost algorithm is a ML algorithm based on gradient
boosting, which is used for ML model optimization problems. XGboost
was employed for RUL estimation of LIB with fine tuning of its hyper-
parametrs [7]. XGboost algorithm was emphasized for LIB state of
charge estimation and the model exceled in terms of MSE and RMSE
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over traditional regression models [8]. Other ML methods were used for
battery health assessment [9].SVM was used with ANN and XGboosting
algorithm for predictive maintenance PdM of active chilled beam air
conditioning systems [10]. In the age of Industry 5.0, ML methods were
highly implemented for PAM and CM [11]. The performance of RFs was
compared by the authors to feed-forward back propagation (FFBP). The
result showed that RF performed better than other preceding tech-
niques. Other studies utilized SVMs in tool condition monitoring [12].
Artificial neural networks ANNs are also widely used in TCM. Different
ML approaches including SVM, RF and multi-layer perceptron were
implemented for tool wear prediction and classification for additively
manufactured 316 stainless steel [13].

ANN, as the dominant research era in Al, has attracted attention for
enhancing its capabilities of prediction, failure analysis, and diagnosis.
Sindhu, Tabassum Naz, et al. proposed a model for disease analysis with
ANN structure enhancement [14]. Colak, Andac¢ Batur, et al. concen-
trated their study on how ANN and maximum likelihood estimation can
predict electrical component reliability [15].

The previous model was emphasized to explore and model the breast
carcinoma to stress on the fact that ANN is very effective at predicting
various parameters, including patient survival in this model [16]. Sha-
fig, Anum, et al. held a comparative study to investigate using ANN and
maximum likelihood estimation in COVID-19 dataset analysis [17]. In
[18], the authors concentrated on using Rayleigh distribution to develop
a multi-layer ANN with Bayesian optimization used in reliability
parameter estimation. ANN has been used to investigate fluids flow
under certain conditions and predict its controllable parameters like
Ree-Eyring fluid [19] and nanofluids [20,21]. To conclude, ANN has
proved its superiority in reliability analysis of lifetime models [22,23].

DL techniques are heavily used in failure analysis and prognostics of
industrial systems [24] .DL-based models have invaded the Prognostic
field as a result of the development of sensors and Big Data [25]. DL
architectures, especially Convolutional Neural Networks (CNN) and
Long Short-Term Memory (LSTMs), have been widely utilized in the
TCM process. CNN has many applications in prognostics including fault
diagnosis of robotic fuses [26]. CNN was applied for tool wear prediction
in many research studies on milling data. In [27], a deep learning model
was developed for tool wear prediction utilizing different-domain fea-
tures. They extracted these features for force and vibration sensors only.
Then, they used raw sensory data to develop a new model for tool wear
prediction, which was named the reshaped time series convolutional
neural network RTSCNN [28], where they used CNN as a feature
extractor. A dense layer with a Rectified Linear Unit (Relu) activation
function and then a regression layer are added for tool wear prediction.
The researchers themselves concluded that there were no distinguish-
able improvements over their earlier research. CNN was used in a hybrid
model with LSTM for tool wear prediction in many research studies
[29].

In [30], Convolutional Bi-directional Long Short-Term Memory
(CBLSTM) networks are intended to handle input composed of raw
sensor readings. CNN is first used for local feature extraction. To forecast
the target value, bi-directional LSTMs are combined with stacked,
fully-connected layers and a linear regression layer. A real-life tool wear
test was introduced using raw sensor readings. CNN is used again with
LSTM to constitute a health index HI then RUL prognosis for C-MAPSS
data set [31].

LSTM is a branch of Recurrent Neural Network (RNN) that is popular
in sensor data or time-series data applications. Many researchers used
LSTM or its variants for prognostic applications. LSTM was recently used
in other applications such as Lithium-ion battery LIB health prediction
and tool wear prediction. In [32], the LIB experimental data is used for
health indicator HIs extraction, and then LSTM was used with GPR to
construct a degradation model of these HIs. This model was used for
battery pack prediction, which performed well in terms of MAE and
RMSE. A model of three steps for battery capacity degradation predic-
tion using XGboosting, Stacked bidirectional LSTM, and Bayesian
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optimization was proposed in [33]. Wang, Jiujian, et al. constructed a
model using LSTM to solve the Prognostics and Health Management
PHM competition PHMO8 [34]. Transfer learning bi-directional LSTM
was used for RUL prediction for rolling bearings under different oper-
ating situations [35]. LSTM was used in prediction in different appli-
cations like road traffic flow prediction along with GRU and wavelet
transform [36]. A model using LSTM and GRU was built for energy
consumption of water treatment plants [37]. LSTM has been used for
tool wear prediction applications in many studies. LSTM was used again
with singular spectrum analysis for feature extraction and PCA for
dimensionality reduction to construct a model for tool wear prediction
in [38].

LSTM is highly combined with CNN to benefit from the advantages of
both architectures in enhancing the prediction accuracy of the prog-
nostic model [29]. In [39], a TCM model was created using CNN and
BiLSTM, and then the measured tool wear value is used for tool wear
prediction based on ResNetD. A model for RUL prediction of milling
cutters was proposed in [40] based on CNN and BiLSTM together with
an attention mechanism to select the highly relative features. The model
was evaluated against different datasets to prove its accuracy. A 1D-CNN
with a residual structure is used to extract features in a TCM model, and
then a BiLSTM is used for prediction [41].

AE has advantages similar to CNN in extracting long-term de-
pendencies and highly representative features, as long as it has the
capability of data-denoising and dynamic feature extraction. Thus being
used in fault diagnosis of industrial processes. In [42], a model was used
for fault diagnosis of rotating machinery using AE for feature learning
and an artificial fish swarm algorithm for optimization. Denoising AE
was enhanced in [43] to improve fault diagnosis of rolling bearings. A
sparse stacked AE was used in simultaneous fault analysis of solid oxide
fuel cell system and proved the superiority of the method [44]. The AE
also has the capability of reconstructing the input signals with the best
accuracy, so it can perform well in sequence prediction applications or
sensor-based data such as PHM10. We proposed a hybrid organization
between LSTM and AE for tool wear prediction, hence RUL estimation of
CNC milling machine cutters.

RUL estimation depending on RTF data is a big concern in prog-
nostics. We built our model on RUL estimation depending on the pre-
dicted value of tool wear and the limit of the wear curve. The efficacy of
the proposed prediction method is a key factor in the success of RUL
estimation. The proposed method proved perfect for estimating the RUL
of CNC milling machine cutters.

The sensor data is multi-variable time-series data, which may suffer
from dynamic variables with auto-correlation or different transitory
correlations among different variables. This makes dealing with sensor
data very challenging, especially in the case of big data like the PHM10
dataset. Since AE has the capability of dimensionality reduction and
dynamic feature extraction of the input data [45], a property that makes
it very suitable for big sensor datasets. LSTM has proved its superiority
in time-series data prediction applications.

A composite model LSTM-AE model is built for prediction of sensor
data that is quite big based on LSTM and AE neural networks. The model
was evaluated on the PHM10 data set and proved its accuracy in tool
wear prediction and RUL estimation of the cutters. The model can be
easily generalized to other datasets that are composed of sensor data
with its raw state and predefined target variable or a large set of features
to be reduced also with a target variable.

From the preceding literature, the main contributions of this
research are:

A framework was proposed for a TCM process of the cutters of a CNC
machine, including tool wear prediction and RUL estimation. The
PHM10 original dataset was used using C1, C4, and C6 cutter data for
model training, testing and validation. An approach for extracting fea-
tures from different domains is used in the suggested framework and
selecting the most correlated features to the tool wear. A DL-based
model is used with a hybrid organization to fit the selected features
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and the target wear. The model consists of an LSTM-AUTOENCODER
architecture. The model is trained, tested, validated, and used for
flank tool wear prediction of PHM10 data. Utilizing the wear limit and
the wear curve, the predicted wear value is utilized to estimate RUL. The
model has outperformed state-of-the-art DL methods in tool wear pre-
diction accuracy, approaching 98 % in predicting tool wear, which leads
to very accurate estimation to RUL, thus enabling to schedule mainte-
nance before it is needed. The accurate prediction of tool wear allowed
underestimation of the RUL meaning to predict a value of RUL that is a
small bit less than the actual value which is the correct case for the
predictive maintenance.

The rest of the paper is organized as follows. Section 2 gives a short
description of basic DL architectures used to build the model LSTM
network and AE network. Then, the proposed model is explained in
Section 3. An experimental study is proposed in Section 4 that in-
troduces the PHM10 dataset with pre-processing of the data before
model application. The model training and RUL estimation algorithm
are proposed in Section 5. The model accuracy and effectiveness are
evaluated through experimental results in Section 6. The concluding
remarks are given in Section 7.

2. Theoretical methodology
2.1. Basic LSTM architecture

Recurrent Neural Networks (RNNs) store the state of previous cells,
making them ideal for datasets that have the type of sequences or time
steps. To train the network, the state of the hidden unit is changed based
on the preceding cell state and the result from the current input passing
by an activation function. RNNs can detect long-term and transitory
relationships in sequence-like and time-series like datasets, but suffer
from significant limitations, such as gradient exploding or vanishing
problems. To address this problem, new versions of RNN were released:
Gated Recurrent Units (GRU) and Long Short-Term Memory (LSTM).
LSTM captures long-term dependencies using a set of gates controlling
which information enters the memory and which is forgotten. The LSTM
neural network is a long string of LSTM basic cells shown in Fig. 1.
Unlike standard RNN models, LSTMs has four network layers shown by
rectangles in Fig. 1 and three control gates (forget gate, input gate, and
output gate) that function together. The three gates are: (1) the forget
gate f'selects which part of information in the previous instant of time to

Ct1 _.__>< f l > Ct
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Fig. 1. Basic LSTM cell.
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be forgotten by the cell state. (2) The input gate i‘selects which of the
input data to update the cell state. (3) The output gate determines what
information about the cell’s state is kept via the output.

In LSTM, the hidden state h' is updated at each time step t according
to the following equations Eq. (1) [46]:
it=o¢ (W" xt + VRl +b"),
fi=o(Wx +V H 4b), M

o' =o (W x* +V° h"! 4+1°)

c=foc! +i' © tanh(W* x' +V°h"' +b)
h* = o' © tanh(c")

x tis the current data at the same time step, h "1 is the preceding instant
hidden state, the input i', the forget gate f', 5-the output gate o' and a
memory cell c'. Where parameters including all € R v er®andb e
R? are all learned during network training and are common to all time
steps. The last equation gives the hidden layer function H.

o () represents the logistic activation function and © represents the
element by element product formula and a hyper-parameter that rep-
resents hidden vector dimensions is called k.

2.2. Auto-Encoder

An Autoencoder is a specific type of self-supervised learning model
that has the ability to learn a compressed version of the input data and
proved its superiority in de-noising applications, fault diagnosis, and
feature learning tasks. The Auto-Encoder AE is composed of two com-
ponents: a block for encoding and another one for decoding as shown in
Fig. 2. The encoder transforms input data into latent descriptions of
features. The decoder uses concealed information as input and re-
constructs the data at the output layer. Both the input and the output
layers have equal neurons. For a particular input x € R™, the mathe-
matical equations for the encoder and the decoder can be written as
follows [47]:

E(X) = 6(Wyn +byn) (2)

|
Hidden h ' Reconstructed x!

Fig. 2. Structure Diagram of AE network.
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D(h) = 6(Wisz h+bpg) 3

Where othe sigmoid activation function and h is the hidden layer
data after the encoding conversion. The gradient descent is used for
error minimization between input and reconstructed output and the loss
function is given as follows:

Loss = arg min|| X — X |? 4
where X is the data reconstructed by the decoder.

3. Methodology
3.1. Research motivation

Data in time-series form has more complicated interconnections
between their features than single variable datasets. This is a chal-
lengeable task in feature engineering. LSTM may efficiently capture the
non-static properties and nonlinear interactions among parameters.
However, when it comes to learning deep nonlinear information be-
tween time series variables, the AE neural network excels. The LSTM-AE
architecture is a composite structure of LSTM and AE networks to benefit
from their advantages. In this model, the input data can be encoded as
constant-length vectors and then decoded into the objective sequences.
Combining the two networks, this model has the ability to capture the
input data dynamic properties, making it suitable for industrial pro-
cesses, including industrial datasets such as PHM10.

3.2. Model construction

An LSTM-AE is based on a hybrid organization between LSTM and
AE. The LSTM-AE has two components: an encoder and a decoder as
illustrated by Fig. 3. The LSTM encoder has many layers of concatenated

Decoder

Captured Complex
Representations

i & ™)\
LSTM LSTM LSTM LSTM
Cell ‘ Cell ‘ Cell Cell
&
------------ e T, Tt
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LSTM cells to capture long-term representations between the input
features. An encoded vector is the output of the encoding part, which is
repeated by a RepeatVector part no of times that is equal to the timesteps
of LSTM. This repeated vector is fed into the decoder LSTM, which is
layers of LSTMs in the reverse order of the encoder part, then a dense
layer is added and used with a Timedistributed function to get the
reconstructed features. The model’s performance is assessed according
to its capability of the input pattern reconstruction. The decoder
component of the model may be removed after the trained model ach-
ieves an acceptable performance measure in reproducing the input data.
In this situation, when the model is fitted, the reconstruction portion can
be dropped, and the model can only be used for the prediction task. The
stacked LSTM is responsible for the prediction process, but this ensemble
model helps increase wear prediction accuracy. This is due to its capa-
bility of capturing long-term dependencies and most representative
features in the encoder part.

4. Experimental study

The general framework of the model can be shown in Fig. 4. It has
many stages, including feature extraction, selection, model training, and
tool wear prediction. The description of the dataset is given first in the
next section. Feature engineering is discussed after highlighting data
analysis and feature selection. Model training and RUL estimation are
presented after that.

4.1. Data description

We used dataset from the PHM10 data competition that contain high
speed CNC milling machine cutters data [48]. The dataset contain files
for six cutters with three flutes (C1, C2, C3, C4, C5, and C6). Dyna-
mometer, accelerometer, and acoustic emission sensors are set up in a
proper place to capture data as shown in Fig. 5. Readings for these seven

A A 4 A
r N Vs B 4 B
LSTM LSTM LSTM LSTM
Cell Cell Cell Cell
G -

Repeat Vector

Encoder

Fig. 3. LSTM-AUTOENCODER architecture.
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Milling PHM10 sensor data
7 sensors(fx,fy,f2,Vx,Vy,vz,AE)

v

Multi-domain feature extraction

¥ — *
12 Time-domain features 3 Frequency domain 2 3 Frequency domain
features features

I

Correlation Analysis and Feature
selection

Training-Test and validation of LSTM-
AE model

Performance
Evaluation

Trained Model

Tool Wear Prediction & RUL
estimation

Fig. 4. Tool wear prediction proposed framework.
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Figure 4. Schematic of the experimental setup.
Fig. 5. Sensor setup for CNC machine.

which is acoustic emission (AE) signal in rms value. The operational
features of the high speed CNC milling machine under examination are
listed in Table 1. C1, C4 and C6 data constitutes the training, testing, and
validation dataset part since their wear file is given in the dataset files.
Each run file is framed into 50 frames to have >15,000 records for each

sensors were obtained for each of the 315 cuts performed by the cutter.
At 50,000 Hz per channel, these readings were collected. Each cutter
data has 315 independent file for the 315 runs and the data files are
structured in seven columns, representing: three-dimensional force (fy,
fy, f,) and three-dimensional vibration (vy, vy, V,)), and AE-RMS (V),
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Table 1 Table 2
Variables of the Experimental setup. Multi-domain features [49].
Parameters Value Feature Expression
The running speed of the spindle 10,400 rpm RMS T _,
The feed rate in x direction 1555 mm/min Zem\[ 5 Zi:l 2
The depth of cut (radial) in y direction 0.125 mm Variance R o P
The depth of cut (axial) in z direction 0.2 mm Tvar=y Zf:l (5 ~2)
Z =y mean value
Maximum Zmax= Max(z)
Skewness 7 —u\3
cutter. Zgkew=E[ (7;4) 1
o
Kurtosis

4.2. Feature engineering

Researchers frequently set up a dynamometer, an accelerometer, and
a microphone on the machine in the proper location to capture cutting
force, vibration, and acoustic emission data. According to earlier
studies, features from different domains captured in time and frequency
can precisely evaluate tool wear status. Different-domain features for the
force and vibration sensor readings were used in [49] for the purpose of
detecting virtual tool wear. A health index was developed to keep track
of the tool status using time-frequency domain features for all the sen-
sors in [50]. These features were extracted by wavelet packet decom-
position. Wu et al. [51] extracted different domain features, and then an
analysis bof the input dataased on Pearson Correlation Coefficient (PCC)
was done to determine how far these features are correlated together.
The selected features were input into an ANFIS that was used for RUL
prediction of machining tools. PCC was used also in [52] to select the
key features for tool wear regression and RUL estimation.

Through literature review, it can be found that multi-domain feature
extraction is a mandatory step in our feature engineering. However, we
studied adding different features, such as interquartile range IQR and
entropy in different domains. Interquartile Range can be added to the
features extracted through the review because it is a good measure of
data spread and can identify outliers and skewness of the dataset.
Another important feature is the entropy, which is defined as the
average amount of "information" or "uncertainty" associated with the
variable’s potential results. These features have been investigated, and
they proved a high correlation to the tool wear.

An important step in the PHM cycle used to be feature extraction as a
part of exploratory data analysis (EDA). These features are condition
indicators that reflect the health of the machinery being monitored.
Features can also be combined from different domains to constitute a HI
that express the degradation process. Redundant data can cause noise
and lead to bad performance of the model. One way to overcome this is
choosing features that have monotonic, trendable, and predictable
behavior, as will be presented next. We have added minimum value,
mean value, and interquartile range as parts of the five-number statistics
[53]. IQR and entropy of the dataset. IQR is added to the features
extracted through the review. It is a good measure of data spread and
can identify outliers and skewness of the dataset. Another important
feature is the entropy, which is defined as the average level of "infor-
mation" or "uncertainty" inherent to the variable’s possible outcomes.
Entropy was studied in the time and frequency domains. We have
extracted the multi-domain features shown in Table 2 and added en-
tropy and IQR using TSFEL [54]. We extracted multi-domain features for
the seven signals fy, fy, f;,vy,vy,v, and AE of each cutter and studied their
correlation with the tool wear to best constitute the health index of the
tool wear for accurate tool wear prediction. Fig. 6 shows the extracted
features for sensor fy for the whole lifecycle from RTF as an example on
the features extracted.

4.3. Data analysis and feature selection

After feature extraction, a data analysis is used to select features that
are highly correlated to wear values. These are considered as health
indicators for the target wear value to be predicted. The Pearson cor-

(2]

Z pp— max(z)- min (z)

fi—f\?
fikew = Zi—1k<T s(f)
where S(fy) is the power spectrum density
obtained using the Welch method.

fieurt = Zizlk(¥)4s(ﬁ)

Bwr-Y y  wty2(i)/N

Peak to Peak
Spectral skewness

Spectral Kurtosis

Wavelet Energy

relation coefficient quantifies the degree of relationship between the
two parameters, which determines how one parameter is altered by the
change in the other one. A correlation value of —0.1, for instance, in-
dicates a modest negative relationship between variables X and Y, but
They would be considered to have a high negative relationship if their
correlation coefficient was about —0.9. Principal Component Analysis
PCA is one way of to reduce dimensions of the dataset and shrink the
feature space to best express our data. Many researchers applied PCA for
dataset reduction expressing target variable [55-56]. In [57], it was
concluded that about 24 features can cover around 98 % percent of
original dataset variance. This Data is first standardized using standard
scalar expressed by Eq.2, where Xpean is the mean value and o is the
standard deviation. Correlation between features of different signals and
the target variable has been studied according to Pearson Correlation
Criteria PCC to select most correlated features to the wear. As shown in
Fig. 7, the heatmap shows the correlation between wear and features in
order to select the most correlated ones. It can be noticed that the added
features by the proposed framework has significant correlation to the
wear value as for entropy and IQR. The study was done against the other
sensors as fy, f; etc., and they all had similar behavior according to the
selected features. Some of the features had inter-correlation between
each other, this was also take into account when selecting the feature
space. We fitted our feature space to 6 features for each signal to contain
most correlated ones to the wear signal. Acoustic Emission signal has
shown low correlation with the target wear value so we excluded it from
the feature space used in training the model.

Xnew = (X - xmean)/o' (5)

Where Xmean i the mean value and o is the standard deviation value.
5. Model training

In the training process, C1 and C6 data is used for training, validation
and C4 is used for testing of the network. Vanilla LSTM model with a
tensorflow keras backend is trained for tool wear prediction and RUL
estimation. Number of epoaches is 700, two layers LSTM with 2 dropout
layers and one dense layer with relu activation function. Training is
done using google colab T4 GPU backend to decrease time per epoch to
12 s. The value of the tool wear is predicted and due to the wear limit,
the maximum number of cuts that can be safely made i.e. RUL can be
estimated. Table 3 shows the trained network parameters. The layers of
the model are shown in Fig. 8.



H.K. Elminir et al. Results in Engineering 24 (2024) 103420

08 R =T f_Ent
. —— f<_Entropy
o7 L
50 fx_Interquartile range — . ———————————

o el )o - —

o

K,_,ﬂlﬂurtosis

—1 — A

100 —  fx_Max
108

— fx_Mean 4/1
‘108I

— f=_Median " | 7

0 -
—58 . S — S f_Min
200 —
— fx_Peak to peak distance
108
fx_ Root mean square
o
0.0 — fx_Skewness _ R _ _AA_S
04
X — fx_Spectral entropy
oz LMWWWWMWWWM_"___” e
15 Ny — — — P fx__Spectral kurtosis
10 e e emaieidl ¥ B T e o W hrwr e rear e i
35
3.0 P\Mv\\m____.vm — fx_Spectral skewness VMM’
25 - N ——
50 -
— fx_Standard dewviation
o -

2500
—  fx_\ariance M

1]
50 — fx_‘Wavelet energy_4

o
2.0 — —
1.9 — —_— fx_Wawvelet entropy

o 50 100 150 200 250 300
run
Fig. 6. Extracted features for fy sensor against run#.
8 2 3 2 g 9 g 3
— =] (=] =] =] T T T

] e = &
& 3 o o« = = Jean

e S S S ° = S
5= @ w = c c [ 2 @O w = w 0 = @ [ = =
=X =) o m ] ] = = o o @ @ <] s | o @
g § € 3% ¢ 3 I s % ¢t e £ ¢ 3 5 B B %

E s 3 &£ 3 £ £ F ¥ : 53 5 : ; § § 3

g 3 'y I § # F z F S o 8 3

E = = = o @ “ § £ 3 - = T T

g 2 £ x @ £ L T Z

= = o 3] = = =

3 s 8 2 % 2 8 S

:I E % & = @ % ! =

- o = = x e
(
=
Fig. 7. Heatmap showing correlation between extracted features for f, sensor and wear value.
8 p 8
5.1. RUL estimation
Table 3
Network parameters. .

P RUL is the number of cuts the cutter’s tool can safely make before
Gradient Descent  Batch Number of Ratio of Activation complete failure. With the availability of run-to-failure RTF data, i.e.,
Algorithm size epoch Dropout function I . P .

from beginning to failure data, as shown in Fig. 9, predicted tool wear
Nestrov 32 700 0.3 Relu values can be used with RTF data for RUL estimation using algorithm

shown in Table 4. Example of RUL estimation using predicted tool wear
and the wear curve It can be noticed during the study that the first and
last few runs contain noisy measurements, so they can be removed, and
the wear limit is until run #300 only. The PHM society provided this
data set in the PHM10 competition.
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Fig. 8. Layers of LSTM-AutoEncoder proposed model.
180y Si(ifd < 0) = (e %) —1
Si(ifd > 0) = (e¥*%) -1
/ l(f et n)[ ( ) (6)
160 F Score:Zsi
1
140t Where m is the total number of data points, and di denotes the RUL’;
—RUL (i.e., the calculated RUL value compared to the real value for each
— cycle). The lower the value of this score function, the better the pre-
E 120+ diction algorithm is. The accuracy of the RUL estimation approaches 99
n % and low score value comparable to leaderboard of this competition.
§ 100+
z
80+
&*
L]
Ble . Wear Curve
¢ *  maximum wear for Cutter C1
evaluation bounds or Lutter
AD 1 1 1 1 1 1 ]
0 50 100 150 200 250 300 350
cut
Fig. 9. Maximum wear for Cutter and Wear Limit. predicted

The leaderboard of this competition can be found in [58]. After tool
wear prediction. The RTF data can be used to estimate RUL i.e. the
number of cuts that can be safely made before failure as it is shown in
Fig. 10. The scoring function used for evaluation of the proposed model
and that was used in PHM10 competition can be expressed by Eq. (3).
This formula was proposed in [59]. The score value of our RUL esti-
mation algorithm was reduced to about 40, while the winner in PHM10
competition score was 5500.

Table 4
RUL Estimation Algorithm.

.‘/wear value

wear value in 10~-3 mm

100

\2007 JO 400
estimated CUT #

Fig. 10. RUL estimation method.

Input predicted tool wear
Output RUL i.e. number of cuts the machine can safely made.

RUL estimation: Using predicted tool wear value with the nearest value against wear curve.

The intersection between predicted wear value and wear curve gives the current cut#.
RUL can be estimated as: RUL ¢ = 300 — cut#. as shown in Fig 10.
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Table 5
Formula of applied criteria.
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Table 6
Result Comparison.

Pearson Correlation Coefficient

Y0 —Y) (7 - y)

Proposed mehod MAE(10~% mm) RMSE (1072 mm)

PCC = 5
\/Zi:l o *}') Zi:l 67 *?)

¥; is the predicted value
N

fmae= Zi:l b’i - }'il/N

fruse= ZL i - %) /N

Mean Absolute Error

Root Mean squared error

so0 4/~ wear — error
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175 1
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£ 150 1
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Fig. 11. Error between Predicted and Actual Wear for Cutter C4.

6. Experimental results
6.1. Performance evaluation criteria

Mean absolute error (MAE) and root mean squared error (RMSE) are
the performance criteria used to address the total efficiency of the pro-
posed LSTM-AE tool wear prediction model. Their mathematical for-
mulas are shown in Table 5. Fig. 11 shows the predicted and actual value
of tool wear for C4 that was used as the test set. After testing the method
against the C4 data, the wear curve for other tools/cutters can be
anticipated, and then the RUL for this cutter can be estimated. The
model can then be leveraged for other cutters RUL estimation. The
prediction error is reduced as the predicted value of wear approaches the
actual value, and the LSTM-AE efficiency is better within the dimen-
sional criteria listed above for performance assessment.

SVR+PCA [49] 3.9583+0.9371 5.4428+1.5894

RNN [30] 12.1667+6.2292 15.7333+6.2164
SVR [49] 9.3770+2.0422 11.968+3.3337
LSTM [30] 10.7333+3.8734 13.7333+4.5742
CBLSTM [30] 7.2333+1.0263 9.2333+1.9140
CNN [60] 11.0000+1.3000 14.0428+5.5588

Proposed (LSTM-AE) 2.6 + 0.3222 3.1 +£0.6146

Results from method in [49].

6.2. Method comparison

Fig. 12 shows the MAE and RMSE values of the cutter wear value for
various methods. The LSTM-AE-based approach is contrasted with other
approaches to show its efficacy and advancement. For forecasting tool
wear, we specifically used conventional intelligence techniques like SVR
and SVR+KPCA [49]. Additionally, for performance comparison, DL

Overestimate
100
90 ;
80
~ 170
E 60 V\
é 50 Underestimate
:‘é)s‘/ 40 difference
5 30 predicted
20 wear
10
0

0 6 12182430364248 5460667278
Cut number

Fig. 13. Overestimation and Underestimation calculation of RTF curve.

Method Comparison

25

SVR[49]

SVR+PCA[49] RNN[30]

B MAE(10-3 mm)

LSTM[30]

CBLSTM(30] CNN[60] LSTM-AE

B RMSE (10-3 mm)

Fig. 12. Method Comparison between our LSTM-AE and earlier methods.
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techniques, including RNN, LSTM, CBLSTM [30], and CNN [60], are also
used. Table 6 provides the outcomes of the comparisons made using the
proposed framework. As illustrated in Table 6, the SVR algorithm per-
forms poorly when dealing with large-scale nonlinear regression prob-
lems. Even though deep learning techniques like RNN, LSTM, CBLSTM,
and CNN may apply nonlinear regression without reducing the feature
space, their projected accuracy is still inferior to the proposed
framework.

6.3. Result discussion

Fig. 13 shows a comparison of expected and actual tool wear values
for various cutter cuts during their life cycle. The figure also depicts the
contrast between these two values in the darkened areas. The distinction
is that some sections underestimate, while others overestimate. Under-
estimation occurs when anticipated values are lower than actual values,
and the score function performs better in this scenario. Overestimation is
defined as parts that exceed the actual tool wear curve. Returning to
Fig. 11, based on the expected values for the entire curve, the overall
predicted curve is underestimated. This suggests that the efficiency of
the suggested framework to predict the RUL is less than the actual values
to schedule for maintenance or component replacement before the
failure occurs.

The score function is illustrated by Fig. 14 [59]. One special char-
acteristic for this function is that in the case of underestimation, the
penalty of the function is almost the same, then the error is lower and the
performance is better, as the case is in the results for the proposed model
as shown in Fig. 15.

6.4. Model generalization

The model can be generalized to any dataset with sensor data or a
feature map that needs reduction or even any feature map to predict the
target variable with commendable accuracy. If any operating condition
exists, the operating condition can be treated as one component of the
feature map or the values of this condition can be examined with its
different cases to add new columns or features to the dataset.

The model may suffer with very long data from computational
complexities and redundant information, thus lowering its performance.
This problem may be solved by adding a weighting mechanism in the
case of extremely long datasets. This weighting mechanism assigns
different weights depending on how valuable the information is.

7. Conclusion

TCM is very crucial in industrial processes to help prevent rather
than detect failure, thus reducing replacement costs and saving human
lives. Time-series data have multi-variables and complex in-
terconnections between variables along with dynamic features. This
made traditional TCM very challenging particularly in the case of big
sensor data. However, DL networks like LSTM and AE have promising
characteristics to solve the complexity of such datasets. Hence, a hybrid
DL model LSTM-AE is constructed using an encoder LSTM and an LSTM
decoder for tool wear prediction. This model was evaluated for tool wear
prediction of the cutters of a CNC milling machine. The PHM10 original
dataset was used using C1, C4, and C6 cutters data for model training,
testing, and validation.

An overall framework, including multiple steps: 1. Extracting fea-
tures from different domains from the raw sensor data 2. A PCC corre-
lation analysis to construct the feature map that is input to the LSTM
model. The study focused on extracting distinguishing features of the
cutter data, including adding new ones such as IQR and entropy. These
features proved to have a high correlation to the tool wear using PCC,
which helped improve the model performance. 3. The model is fed with
the selected features to predict the target wear.

The suggested framework beats previous methods in tool wear

10
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Fig. 15. Scoring function penalty for an over or under estimate as a function of
the error [59].

prediction accuracy, achieving %98, as well as a distinguishable
improvement in terms of RMSE and MAE for the test set compared to
earlier methods. Using both the wear threshold and the tool’s degra-
dation curve, the expected wear value is used to determine RUL,
ensuring underestimation of RUL values for most of the dataset. This
helps prevent machine failure before it occurs. The model can be
generalized to any dataset with sensor data or a feature map that needs
reduction or even any feature map to predict the target variable with
commendable accuracy. The model may suffer with very long data from
computational complexities and redundant information, thus lowering
its performance. This problem may be solved by adding a weighting
mechanism in the case of extremely long datasets. This weighting
mechanism assigns different weights depending on how valuable the
information is. This may open new eras of research and applications on
other datasets. Future research may also focus on providing a multi-
objective optimization algorithm for best selecting the hyper-
parameters of the model.
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