
Vol.:(0123456789)

SN Applied Sciences (2021) 3:442 | https://doi.org/10.1007/s42452-021-04427-5

Research Article

Recurrent neural networks with long term temporal dependencies 
in machine tool wear diagnosis and prognosis

Jianlei Zhang1  · Yukun Zeng2 · Binil Starly1

Received: 4 November 2020 / Accepted: 24 February 2021 / Published online: 9 March 2021 
© The Author(s) 2021  OPEN

Abstract
Data-driven approaches for machine tool wear diagnosis and prognosis are gaining attention in the past few years. The 
goal of our study is to advance the adaptability, flexibility, prediction performance, and prediction horizon for online 
monitoring and prediction. This paper proposes the use of a recent deep learning method, based on Gated Recurrent 
Neural Network architecture, including Long Short Term Memory (LSTM), which try to captures long-term dependencies 
than regular Recurrent Neural Network method for modeling sequential data, and also the mechanism to realize the 
online diagnosis and prognosis and remaining useful life (RUL) prediction with indirect measurement collected during 
the manufacturing process. Existing models are usually tool-specific and can hardly be generalized to other scenarios 
such as for different tools or operating environments. Different from current methods, the proposed model requires no 
prior knowledge about the system and thus can be generalized to different scenarios and machine tools. With inher-
ent memory units, the proposed model can also capture long-term dependencies while learning from sequential data 
such as those collected by condition monitoring sensors, which means it can be accommodated to machine tools with 
varying life and increase the prediction performance. To prove the validity of the proposed approach, we conducted 
multiple experiments on a milling machine cutting tool and applied the model for online diagnosis and RUL prediction. 
Without loss of generality, we incorporate a system transition function and system observation function into the neural 
net and trained it with signal data from a minimally intrusive vibration sensor. The experiment results showed that our 
LSTM-based model achieved the best overall accuracy among other methods, with a minimal Mean Square Error (MSE) 
for tool wear prediction and RUL prediction respectively.

Keywords Recurrent neural networks · Long term temporal dependencies · Long short term memory · Tool wear · 
Remaining useful life

1 Introduction

Data-Driven approaches to predicting machine conditions 
have seen rapid advancements due to low-cost sensor 
technology and reduced computational cost. In machin-
ing based operations, a critical asset to obtaining superior 
part quality is the cutting tool inserts. These inserts con-
tinuously wear out and are replaced in a production based 

environment. The continuous estimation of the tool wear 
classifications caused by abrasion, erosion or tool break-
age is necessary to improve the reliability of the metal-
cutting manufacturing processes. Tool breakage can be 
detected by robust power monitoring techniques, leading 
to emergency shut-off of the machine. However, tool wear 
due to abrasion and erosion is hard to estimate in con-
tinuous production environments. At present, production 
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environments resort to offline detection through the use 
of in-machine laser probes which measure wear amounts 
on the cutting tool surface or a scheduled replacement 
of cutting tools based on regular machining time inter-
vals. Non-optimized changeover of cutting tool inserts 
can lead to lost production efficiency and reduced part 
quality. Detection and prediction of tool wear amounts in 
real-time are necessary to improve discrete manufacturing 
systems operations.

Research in the diagnosis and prediction of tool wear 
has been carried out for decades. Many state-of-the-art 
condition-based maintenance (CBM) approaches have 
been proposed for machinery diagnosis and prognosis. 
Typically, those methods sought to recommend mainte-
nance decisions based on comprehensive analysis of event 
and monitoring data from built-in information systems or 
various sensors installed on the target machine [1]. Event 
data usually includes discrete events happening on the 
target machine based on manual entries, e.g., manual 
installation, scheduled maintenance, abrupt breakdown, 
etc. Monitoring data, on the other hand, are usually col-
lected continuously from various sensors to track machine 
conditions such as for vibration and acoustic information. 
In this paper, we consider the RUL prediction problem with 
a focus on monitoring data from vibration sensors as the 
first step. We expect to incorporate the event data in our 
future models as they can provide invaluable information 
in making accurate predictions. The RUL prediction prob-
lem is particularly difficult due to modeling difficulties 
involved in a non-linear time-variant process. To cope with 
this problem, prediction techniques have been applied 
to estimate future tool wear amounts but often resort to 
intrusive sensing techniques which are limited in practical 
industrial implementation. Sensor signals are dependent 
on a number of factors including machine state, machin-
ing conditions and position of the sensor. Adding to the 
complexity is the apparent variability in the cutting tool, 
inconsistencies in the material properties of the workpiece 
and the larger number of machining conditions that must 
be accounted for.

Several methods have been proposed in the literature 
for tool wear estimation and prognosis through both lin-
ear and non-linear prediction. The most widely used non-
linear prediction for tool wear methods involves neural 
networks (NN). Various works have shown the power of NN 
in terms of predicting tool wear amounts that can meet 
accuracy requirements. They do however require large 
data to collect over periods of time under various machin-
ing conditions. Recurrent Neural Networks (RNN) were 
proposed as an improvement over regular feed-forward 
neural networks to account for cyclic connections over 
time. Each successive time-step in the machining states 
is stored in the internal state of the network to provide a 

temporal memory. However, conventional RNN did suffer 
from gradient vanishing or exploding issues [2] when it is 
trained with gradient-based learning and back-propaga-
tion through time (BPTT) [3] methods. New variations in 
RNN, the gated recurrent neural networks, including long 
short-term memory (LSTM) and Gated Recurrent Units 
(GRU), have been developed to address this problem. Long 
Short-Term Memory (LSTM) is an RNN architecture that is 
excellent at remembering both short-term and long-term 
dependencies. Originally designed by Hochreiter et al.
[4], this method was developed to address the issue of 
the vanishing and/or exploding gradient problem when 
the number of layers in the neural network is increased. 
With the introduction of special units with forget gate and 
cell memory into normal RNNs, LSTM captures complex 
and artificially long time lag information. Consequently, 
RNNs in the form of LSTMs have been very successfully 
used in long, sequential learning tasks such as speech rec-
ognition, language modeling, network traffic regulation, 
visual recognition and many others. In this paper, we make 
the key observation that accurate RUL prediction relies on 
a long-term memory on historical tool wear conditions. 
While mostly omitted in existing methods [5, 6], temporal 
dependencies have been studied and modeled in forms 
of RBFN and RNNs [7, 8]. However, these methods have 
inherent limitations in capturing long-term information 
as they adopted RNNs that require predefined time step 
configurations. With LSTM, our proposed method over-
comes the aforementioned problems by preventing the 
gradient vanishing problem, thereby making accurate pre-
dictions based on variable length of temporal tool wear 
conditions. Recently, similar researches with LSTM have 
also been conducted for RUL prediction in various differ-
ent scenarios [9, 10], the LSTM-based RCNN[11], has espe-
cially been applied to make RUL prediction for a similar 
setting of milling cutter. The proposed method integrates 
probabilistic prediction and can handle uncertainties to a 
certain degree.

The objective of this study is to improve tool wear esti-
mation and RUL prediction by utilizing an LSTM based 
RNN framework, which makes more effective use of 
model parameters to train system observation and transi-
tion models of tool wear processes. We utilize minimally 
intrusive vibration sensors to collect the signal online and 
help train the RNN model. We train and compare our LSTM 
models with other forms of RNN. The solution approach 
can be extended to assess other critical assets of a manu-
facturing machine. The organization of this work is as fol-
lows: first, we provide a brief overview of related work in 
estimating tool wear using neural networks. The gated 
RNN architecture and equations are laid out as the basis of 
our work. We detail our experimental setup and selected 
cutting conditions for tool wear diagnosis and prognosis. 
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We finally report on the ability of the method to provide 
real-time estimation, one-step and two-step look ahead 
predictions of tool wear state, as well as RUL prediction.

2  Related work

Neural networks (NN) were widely used for modeling and 
predicting tool wear because they can learn complex 
non-linear patterns without the need for an underlying 
data relationship. They have strong self-learning and self-
adaptive capabilities. Most previous works do not consider 
the sequential nature of the sensor data or are reliant on 
a combination of intrusive sensors that limits its practical 
use. Feature extraction and selection are most commonly 
performed, which therefore require some form of human 
labor involved in deciphering the sensor signals.

Wang et al.’s [5] work proposed the Fully forward con-
nected neural network (FFCNN), and the optimized FFCNN 
by pruning some weights among the network. It was 
trained by the extended Kalman filter (EKF), rather than 
the backpropagation (BP). The result shows that it has bet-
ter performance than Multilayer Perceptron (MLP) trained 
with BP. Özel et al. [6] applied the feed-forward neural net-
work (FFNN) to estimate the surface roughness, and tool 
flank wear using a variety of cutting conditions. Bayesian 
regularization with Levenberg–Marquardt method is used 
in training to obtain good generalization capability and 
help in determining the number of neurons in the hidden 
layers. However, these two methods still did not consider 
time dependencies of the inputs and outputs to model, 
and cannot make prediction of the future tool wear.

Kamarthi et al. [7] and Luetzig et al. [8] proposed a 
method composing radial basis function networks (RBF) 
networks and an RNN. Different from other NN architec-
tures that assume each input to be independent, RNNs 
such as [12–14] are designed with special units to record 
internal states over temporal sequences, which enables 

itself to make predictions based on both current and his-
torical inputs. RBFN approach fuses and maps the sen-
sor signal to the tool wear, which leads to the estimation 
of tool wear amounts. The method considers the time 
dependencies of the inputs, the sensor signal, and the 
past estimated tool wear, which is better than the FFNN 
and MLP methods. However, the number of time steps 
of temporal dependencies is predefined in the model, 
rather than determined by any input value. Moreover, the 
developed method is limited to estimating the tool wear 
amount online, but cannot predict the future tool wear 
and hence the RUL of the cutting tool.

Overcoming the limitation of simple RNN, the gated 
recurrent neural networks were proposed in tool wear 
monitoring and prediction. The simple RNN can only real-
ize one-step ahead and two-step ahead prediction, but 
its horizon on prediction is limited, meaning that it is lim-
ited in its ability to be extended to RUL prediction. The 
conventional RNNs cannot capture long term-depend-
encies, resulting in the NN not able to effectively capture 
previous long-term history into the current estimation. 
Specifically, the effect of an early-layer input on the final 
output diminishes rapidly as the layer of the NN increases 
in gradient-based training methods. This is referred to 
as the well-described vanishing gradient problem and it 
emerges especially in RNN architectures due to the large 
number of layers unfolded in the time-space [2, 15]. There-
fore, gated recurrent neural networks, including LSTM and 
GRU, were developed to avoid this problem. Particularly, 
in LSTM, multiple gates have been introduced in each 
node to control the information flow. The self-connected 
recurrent edge (shown in Fig. 1), usually referred to as 
a constant error carousel, has a fixed weight of one which 
allows the gradient to pass through over many time steps 
without vanishing. BRNN, another variation of RNN, was 
proposed in [16] with a bidirectional network architec-
ture that allows the usage of both historical and future 
inputs to make predictions. Fortunately, it is also possible 

Model Training

Data split (train, test, valida�on)

Timestep-wise parameter update with
BPTT for sequence to sequence sample

Tuning hyperparameters in training
epochs to minimize valida�on error

Online Inferencing/Es�ma�on

Tool wear es�ma�on update by
trained observa�on func�on

Iterate trained transi�on func�on
for future �me step predic�on

Make tool RUL predic�on

Feed online sensor signal into the
trained model

Data Collec�on

Itera�ve workpiece cu�ng

Sensor signal collec�on

Offline tool wear length
measurement with microscope

Collect sequence to sequence
data for measured length

Early stopping when predefined MSE
criterion is met

Fig. 1  The overall workflow of our proposed method with three phases
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to combine BRNN and LSTM [17], which has led to a new 
architecture called BiLSTM. Inclusion of future inputs in 
these methods have led to various successful applications 
in speech recognition and language modeling tasks. Nev-
ertheless, for the specific problem concerned in this paper, 
LSTM as one direction RNN, is chosen for simplicity as tem-
poral sequences in the future are not likely to affect previ-
ous tool wear conditions. Similar to other NNs that benefit 
from depth in space, it is also possible to apply multiple 
RNNs, or LSTMs in particular, at the same time. It has been 
shown in [18] that stacked LSTMs yield significantly bet-
ter performance in speech recognition while multi-dimen-
sional LSTMs [19] can deal with data that have more than 
one spatio-temporal dimension. (The core of gradient 
vanishing problem is really the partial derivatives of the 
activation function stays at small values most of the time 
(e.g., < 1), when time steps are large, those small values 
got multiplied to an exponential close to zero. Both LSTM 
and RELU are methods to mitigate the gradient vanish-
ing problem, not a complete solution, as the problem can 
result from multiple different computations in the back-
propagation process. RELU or LSTM only resolves part of 
the most critical issue based on the application. When time 
steps are large, it is more likely that the propagation path 
diverge into a vanishing situation.)

The motivation for this work is that a model-free 
approach that does not need an underlying analytical 
model and it would be a better approach to capture long-
term dependencies, prediction in an arbitrary horizon and 
remaining useful life prediction for a non-linear time-vari-
ant process. The advantages of our approach over existing 
ANN and RNN approaches are:

• LSTM based RNNs capture time dependencies and 
make predictions over conventional NNs that are based 
on Feed Forward Neural Networks.

• The proposed approach does not have the limitation 
of limited prediction horizon period, which is the major 
drawback of time-delayed neural networks.

• Time delayed based RNNs, although can achieve time 
dependencies, the method cannot realize arbitrary 
time step-ahead and RUL prediction.

• Our approach of including a model System Transition 
and System Observation function separately can natu-
rally realize diagnosis and prognosis within the LSTM 
based RNN architecture.

3  RNN space model construction

The proposed approach is a model-free method based 
on Recurrent Neural Networks by formulating a tempo-
ral-dependent relationship between in-process indirect 

measurement and in-process real machine state, and the 
relationships between the real machine state themselves 
in the temporal domain. Due to its model-free nature, 
RNN can model the non-linear relationship between their 
inputs and outputs. Therefore, the assumption pertaining 
to the Markov model and linearity can be avoided. Long-
term dependencies cannot be modeled by conventional 
RNN approaches. Here we adapt the Long Short-Term 
Memory (LSTM) and Grated Recurrent Units (GRU) to 
model long term dependencies for multi-step prognosis 
of tool wear processes. The overall workflow is of our pro-
posed method is shown in Fig. 1, which can be divided 
into three major phases: data collection, model training 
and online estimation. Firstly, we iterate the workpiece 
cutting process to capture measurements from the sen-
sor and microscope. In the next training phase, we build a 
system observation function and a system transition func-
tion with simple RNN, LSTM and GRU. Furthermore, the 
collected experimental data split into a training, valida-
tion and test set. We train the system observation function 
and the system transition function separately to help tune 
its individual parameters and to implement independ-
ent training protocols. More importantly, the independ-
ent training also allows us these functions to go through 
varying training iterations. A comparison will be made 
between RNN, LSTM and GRU for the system observation 
and system transition function respectively, and then the 
best RNN model will be selected for one of these functions. 
Finally, with the trained models, an online machine state 
estimation is realized by the indirect sensor measurement. 
Building on the idea of generative models [20], an arbitrary 
time step ahead prediction can be updated in real-time, as 
well as to predict Remaining Useful Life (RUL).

3.1  System transition function

For dynamic mechanical systems, the system state may 
have temporal dependencies. More specifically, the cur-
rent system state is affected by its past system states. 
Therefore, the System Transition function can be generi-
cally written as follows:

here  yt is the direct measurement of the system state. 
Without loss of generality, we study the operation of a mill-
ing machine system, where the cutter tool degrades over 
time when new cuts are conducted. We model each time 
step t  as the sequence of cuts made until the tool wears 
out. In this case, we define yt as the actual degradation 
state of the system, or the tool wear length at time t  which 
can be measured with tools such as a microscope. Obvi-
ously, the system state changes as each cut is conducted 

yt+1 ∼ p
(
yt+1|yt; �

)
, where yt =

(
y1, y2,… , yt

)
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with dependency on conditions after previous cuts. When 
the system transition function is modeled as an RNN, the 
function can be rewritten as:

where htrans
t

 is the hidden nodes for the system transi-
tion function, with superscript letter ‘trans’ denoting it. The 
current hidden node htrans

t
 is a function of the past hidden 

node htrans
t−1

 and current input  yt. Therefore, via the hidden 
node, the current hidden node bear all the current and 
past information to the inputs.

which the function gtrans
t

 takes the whole pass sequence 
 (y1,  y2, …,  yt), so that the system state at time t + 1 can be 
modeled given all the past system state information. Note 
that in our implementation, the variable here is a contin-
uous value and its distribution is assumed as unimodal, 
although it is possible to extend to the arbitrary value with 
arbitrary distribution.

3.2  System observation function

The direct measurement of the real-system state is often 
not practically feasible to be collected in production envi-
ronments, such as actual tool wear amounts on cutting 
tool inserts. The system state can be inferred from indi-
rect measurements, such as one or more sensor signals. 
Also, in most cases, there is not a good function that can 
build a relationship between the direct measurement of 
the system state and its associated indirect measurement. 
Also, any developed relationship must consider tempo-
ral effects. Specifically, with availability of any past direct 
measurements of the system state, the determination of 
the current system state should refer to all past indirect 
measurements. Therefore, the system observation func-
tion can be written as:

here  xt is the indirect measurement at time step t; and  yt is 
the direct measurement of the system state.

With RNN, the system observation function can be 
rewritten as:

where hobs
t

 is the hidden nodes for the observation func-
tion with superscript letter ‘obs’ denoting it.

yt+1 ∼ p(yt+1|yt, htranst
; �)

htrans
t

= f(htrans
t−1

, yt; �)

so that htrans
t

= gtrans
t

(
y1, y2, … , yt; �

)
,

yt ∼ p
(
yt|xt, �

)
, where xt =

(
x1, x2, … , xt

)

yt ∼ p(yt|xt, hobst
, �)

Similar to htrans
t

 , the hidden nodes for the system transi-
tion function,

so that hobs
t

 = gobs
t

(x1,  x2, …,  xt; θ), which the function gobs
t

 
takes the whole pass sequence  (x1,  x2, …,  xt).

3.3  Long short term memory (LSTM) cell

LSTM cell is an advanced version of the RNN cell, which 
is excellent at remembering values for either long or short 
time periods. It consists of repeating memory cell units, 
each of which consists of interacting elements—the cell 
state, and three gates that protect the cell state, input gate, 
a forget gate and an output gate (Fig. 2).

The gates, via the activation function, control the flow 
of information to update the cell state. The input gate con-
trols the new input flow into the memory, and the output 
gate controls the extent of the flow from memory into the 

hobs
t

= f(hobs
t−1

, xt; �)

Fig. 2  LSTM cell block diagram. The forget gate acts like “throt-
tle” controlling the amplitude of the input, output, and self-loop, 
respectively
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output nodes. The forget gates, which implements in the 
self-loops, control the gradient flow from previous cells 
from the long temporal past, thereby adaptively forgetting 
or including the distant memory. Additionally, with gated 
self-loops controlled by the weights, the time scale of inte-
gration can also be controlled by the forget gates [21]. At 
each time step t, the hidden state,  ht is updated by  xt, the 
current data at the time step, the hidden state at previous 
time  ht-1, input gate i, forget gate f, output gate o and the 
internal memory cell c. U and W are the weight matrices.

input gates:

forget gates:

output gates:

where g is candidate hidden state which is used to calcu-
late the real hidden state.

As seen from the above equations, all the gates can be 
determined by the input  xt and hidden nodes  ht-1, with 
weights that can be tuned during the training process.

Finally, the output calculation, the output  yt is written 
as:

where σ is activation function, · is the Hadamard product, 
 xt is the input at time step t; and  yt is the output at time 
step t, and b is bias.

3.4  Gated recurrent units (GRU) cell

GRU cell is a special kind of gating mechanism for the 
LSTM cell of an RNN. It has a simpler structure and thus 
the fewer parameters than the LSTM cell. As a simplified 
version of LSTM cell, the GRU cell was proposed by [22], 
which has less gates and thus fewer weights to be tuned. 
There are only two kinds of gates for GRU: reset gate, r, and 
update gate, z. The reset gate determines how to combine 
new input with that of the previous memory in its cells. On 
the other hand, the update gate decides the portion of its 

it = �i

(
xtU

i + ht−1W
i
)

ft = �f

(
xtU

f + ht−1W
f
)

ot = �o

(
xtU

o + ht−1W
o
)

gt = tanh
(
xtU

g + ht−1W
g
)

ct = ct−1ft + gt ⋅ it

ht = tanh
(
ct
)
ot

yt = �y

(
htW

y + by
)

previous memory does it retain or throw out. The equa-
tions for the GRU cell are similar to the LSTM

Since there are only 2 gates, the important difference 
between a GRU versus an LSTM is that GRU does not pos-
sess an internal memory  (ct). The reset gate is directly 
applied to the previous hidden state  (ht-1). Thus, it can train 
faster since there are only few parameters in the U and W 
matrices and hence may be useful when not much training 
data is available.

3.5  RNN training process with long term 
dependencies

The Early Stopping technique is used for the training pro-
cess. the number of iterations is the count of looping 
through the whole training set, and the Mean Square Error 
(MSE) of the training set and validation set is estimated 
for each loop. The MSE of the validation data set is used as 
a reference to meet certain criteria about the MSE of the 
system state estimation. For each time step, the weights 
in the RNN model are updated by the Back Propagation 
Through Time (BPTT), which is a gradient-based technique 
to train the RNN. Specifically, the Adaptive Moment Esti-
mation (Adam), having the best performance is used for 
the BPTT [23]. Since the BPTT multiplies gradient over a 
large number of time steps, the resulted gradient either 
get vanished or explode over multiple layers. The recurrent 
net tends to induce LSTM cell and GRU cell to avoid the 
gradient vanishing occurrence in simple RNN. On the other 
hand, the exploded gradient can lead to the training pro-
cess to be unstable, leading to the algorithm to find a non-
optimal solution. This is solved by clipping the gradient to a 
determined maximum value. As stated previously, the RNN 
for System Transition and System Observation are trained 
independently. The RNN cells (Elman RNN cell), LSTM cell, 
and GRU cell will be tested and compared on the perfor-
mance index of their online estimation. The Mean Square 
Error (MSE) will be applied as a criterion for these three dif-
ferent cells. Moreover, as model-free methods, there is no 
assumption that there are any certain forms of relationship 
between the variables at the time domain, regardless of 
whether they are linear or nonlinear.

zt = �z

(
xtU

z + ht−1W
z
)

rt = �r

(
xtU

r + ht−1W
r
)

nt = tanh(xtU
h + rt ⋅ ht−1W

h)

ht = (1 − zt) ⋅ nt + zt ⋅ ht−1
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3.6  Diagnosis and prognosis with RNN

After the three kinds of RNN model of System Transition 
and System Observation is trained, they can be further 
applied for diagnosis and prognosis of the system state, 
by inputting the indirect measurement in real-time. Our 
proposed method is to realize online diagnosis, by taking 
advantage of the indirect measurement from past and 
current states: p(yt, θ|xt), where  xt = (  x1,…,  xt). For prog-
nosis, following the method of the generative recurrent 
neural networks [20], the produced values from output 
nodes and the hidden nodes of the RNN of the System 
transition are inputted into the input node and hidden 
node of the model itself. This process is repeated, and 
the number of the repetitions is equal to the predicted 
number of time step horizons. Lastly, for Remaining Use-
ful Life (RUL) prediction, the criterion of the degrada-
tion, can be predefined to a certain value, for example 
0.3 mm for the tool wear. By applying the generative 
model of RNN for system transition (which means if we 
input the values of the hidden and output nodes of RNN 
for system transition of the last time step into the hidden 
nodes and input nodes of the next time step, and repeat 
the process), and consider the error from the observa-
tion model and the error propagation over the transition 
model (it subjects to the Wiener process [24] that error 
accumulate over time step), until the certain percentile 
confidence [25] (95 percentile is used in this paper) of 
predicted degradation variable reaches the criterion, the 
number of time steps it passes through are used as the 
predicted RUL, which in our case, will be the number of 
time steps it will take to reach the tool wear criteria.

4  Experimental evaluation

4.1  Setup

To test and verify the LSTM based RNN method in tool 
wear diagnosis and prognosis, a similar experiment setup 
as the previous work [26] is applied. The milling machine, 
HAAS VF2 CNC is used. The cutting process is the dry mill-
ing without coolant liquid. The Steel 4142 (cold rolled, 
40-45HRC) is used as the workpiece material. Sandvik 
Coromill 390 Insert (390R-070204 M-PM) as one insert was 
installed into a two-flute indexable tool (12.7 mm diam-
eter) Sandvik Coromill 390 (RA390-013O13-07L) and the 
tool is installed in a tool holder. The milling cutter repeat-
edly cut the workpiece with the same conditions: cutting 
length for a cut is 37.0 mm, spindle speed is 500 rounds 
per minute. The axial depth of the cutting is 0.4 mm and 
the radial depth of cutting is 6.5 mm for the milling cutter. 
The feed rate between the cutter and workpiece is 50 mm/
min. These condition results in the surface speed for the 
cutting is 19.81 m/min and chip load keep at 0.05 mm. 
The accelerometer, Kistler accelerometers 8762A10, was 
installed onto the fixture for the workpiece (Fig. 3) to pick 
up the vibration RMS signal during the cutting process. 
The accelerometer is used because it is not an intrusive 
sensor like the force dynamometers. During the repeated 
cutting process, after each cut, the microscope was used 
to measure the tool wear. When the tool wear reaches or 
surpasses the predefined threshold, 0.3 mm, the new cut-
ter will replace the current cutter. There are two samples 
of the process of the RMS value of acceleration signal in 
Fig. 4. The values do not monotonically increase so that 
there are could be dependency of the previous cutting 
for one cut. 

Fig. 3  Schematic diagram of 
the experimental setup with 
micrographs of the cutting 
tool surface at various cut path 
numbers
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4.2  Data collection

The data that we have collected for validation of our pro-
posed method primarily source from the vibration sen-
sor (Kistler accelerometer) and microscope. The sensor, as 
described above, outputs RMS (Root Mean Square) signal 
information, which is a common metric to determine 
machine vibration. Meantime, after each cut, we meas-
ure the tool wear length (mm) with microscope. Figure 3 
shows an illustration of tool wear degradation after mul-
tiple cuts were conducted. We repeat the data collection 
process 15 replications, and then feed 13 replications of 
the RMS vibration data and measured tool wear length 
information into our models for training and validation. 
After that, the trained model can be deployed online to 
predict tool wear degradation and RUL based on real-time 
vibration sensor signals. Note that the sequence lengths of 
different training datasets may vary due to the uncertainty 
of the tool wear process, each of the sequences ends when 
tool wear reached the 0.3 mm threshold.

4.3  Model training

Early stopping is applied to loop through the training 
set for a number of iterations for the three kinds of RNN 
model for the system transition and observation functions, 
respectively. The mean square error (MSE) of the valida-
tion set is evaluated for each iteration. The whole dataset 
is divided into three parts, the first one is the training set 
(7 pairwise sequences), the second one is the validation 
set (6 pairwise sequences), and the last one is the test set 
(2 pairwise sequences). For each time step, the weights in 
the RNN model (U and W) are updated by the backward 
propagation through time (BPTT). For each sequence, 

the values of hidden nodes are reset to zero. The RNN for 
System Transition and System Observation is also trained 
independently.

During the training process, the reduction rate of the 
average MSE decreases as the training proceeds. The itera-
tion number is set as 14, given the computational capacity 
and average MSE are good enough for estimation. Com-
paring the MSE values for the System Transition function, 
the results show that the average MSE of the LSTM is lower 
than the other two—Elman RNN and GRU. The Standard 
deviation (Std.) also shows that the stability of the LSTM 
to achieve relatively good performance for both system 
transition and observation (see Table 1).

All the RNNs have one hidden layer with 5 hidden 
nodes. The MSE of validation set of trained LSTM for Sys-
tem Transition function is 0.000736  mm2, and the MSE 
of validation set of applied trained LSTM of the System 
Observation function is 0.002529  mm2. Since there are 
more parameters in the LSTM cell than the other two, 
Elman RNN and GRU, it shows its flexibility to fit the data 
and exhibit more adaptive properties to construct the 
complexity of the time dependencies, although more 
computational resources may be needed for determining 
the parameters in the model.

5  Results

5.1  Online diagnosis

By applying the LSTM for system observation, given the 
indirect measurement of the current and past time step, 
the RMS of the vibration signal, the model can estimate 
the tool wear at the current time step.

Fig. 4  Vibration Index for two 
replications of cutting the 
same material under similar 
machining conditions. The only 
difference is that each replica-
tion was carried out by a brand 
new cutting tool insert but of 
the same specifications

Table 1  Compare MSE of 
validation set for RNN, LSTM, 
and GRU for System Transition 
and Observation

RNN cell type System transition System observation

Avg. of MSE  (mm2) Std. of MSE  (mm2) Avg. of MSE  (mm2) Std. of MSE  (mm2)

Elman RNN 0.000977 0.000978 0.002509 0.001385
LSTM 0.000736 0.000112 0.002529 0.001155
GRU 0.000946 0.000686 0.001979 0.001501



Vol.:(0123456789)

SN Applied Sciences (2021) 3:442 | https://doi.org/10.1007/s42452-021-04427-5 Research Article

For Replication 1 (Fig.  5A), the estimated tool wear 
closely fit the real tool wear, and thus the curve shape of 
the estimation appears more like a bending line, rather 
than a smooth curve, thanks to the online estimation of 
the tool wear which is adjusted based on the indirect 
measurement. For the Replication 2 (Fig. 5B), there is an 
abrupt tool wear change between the 3rd to the 4th cut. 
The estimated tool wear adjusts for approaching the real 
tool wear, with certain time lag. This illustrates that the 
method is robust to certain extent on tolerating abrupt 
change. The result in Table 2 also shows that the LSTM 
for the tool wear y has the best value among the tree cell 
types in terms of MSE and MAPE. 

5.2  Online one‑step and two‑step ahead prediction

For one-step ahead prediction, the estimated tool wear 
at the current time step is input into the input node of 
the LSTM for the System transition function. It assumes 

that the tool wear at time step 0 is equal to 0.0  mm 
 (yt=0 = 0.0 mm). The predicted tool wear at next time step 
t + 1 is the value from the output node of the RNN for the 
System transition, given the hidden node and estimated 
tool wear at the current time step t. This means that the 
tool wear at the next time step is predicted given the cur-
rent and past tool wear estimation as given by the system 
observation function (Fig. 6). Similar to online one-step 
ahead prediction, the tool wear at two time-step ahead 
is predicted given the next, current and past tool wear 
estimates by the system transition function and the sys-
tem observation function and (Fig. 7). The predicted tool 
wear for one-step and two-step ahead appears smoother 
than online estimated ones, and does not closely fit the 
tool wear. They provide the prediction of the tool wear 
and show the trend of the tool wear. When the time step 
proceeds to the predicted cutting step, the estimation is 
updated according to the online indirect measurement. 

The proposed method is robust to certain abrupt 
changes in the system state, the tool wear. An arbitrary 
number of time step ahead prediction can be realized by 
the proposed method. Similar to online two-step ahead 
prediction, the tool wear at three or multiple time steps 
ahead can be predicted given the two-step ahead or multi-
ple time minus one step ahead, current and past tool wear 
estimation by the system transition function and system 
observation function respectively.

Fig. 5  Online Tool Wear Diag-
nosis with indirect measure-
ment. The dots indicate the 
actual measured tool wear; the 
solid lines are the estimated 
tool wear. a Replication 1; b 
Replication 2

Table 2  Avg. metric value for the test set

Cell type MSE y MAPE y (%) MSE RUL MAPE RUL (%)

Elman RNN 0.000655 9.70 16.3 49
LSTM 0.000478 8.35 5.4 30
GRU 0.000485 7.90 19.5 53

Fig. 6  Online Tool Wear One-
Step Ahead Prediction with 
indirect measurement. The 
solid circles indicate the actual 
tool wear; the solid lines are 
the predicted tool wear
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5.3  Remaining useful life (RUL) prediction

At each time step, by looping the transition model, given 
the error from the observation model and error accumu-
lation, according to the Wiener process, of the transition 
model over the number of loops, until the 95 percentiles 
of value of the output nodes value reaches the criterion for 
the tool wear set to be at 0.3 mm. Both of the RUL predic-
tions start at 14 cuts (Fig. 7). For replication 1 and 2, the 
predicted RUL is updated according to the online indirect 
measurement, so that the predicted RUL can be adjusted 
to approach the real RUL. The result in Table 2 also shows 
that the LSTM for the RUL has the best value among the 
three cell types in terms of MSE and MAPE.

6  Discussion

LSTM and GRU, as gated RNN, can capture the long-
term time dependencies as a model for the system transi-
tion and observation functions, compared to the simple 
RNN and Elman RNN. By taking advantage of the trained 
RNN system observation model, the tool wear can be esti-
mated from currently observed indirect measurement and 
past indirect measurements. Also, for tool wear prediction, 
one-step ahead tool wear prediction can be realized by 
inputting into the RNN system transition function, the 
estimated current and past tool wear by the RNN system 
observation function. For two-step ahead tool wear pre-
diction, the one step ahead tool wear prediction by the 
RNN system transition function and all the estimated tool 
wear by the RNN system observation function act as inputs 
into the RNN system transition model, thus, resulting in 
the two step ahead tool wear prediction. Similarly, the 
multiple time step ahead prediction can also be estimated. 
This is attributed to the design of the generative RNN, in 
which our proposed model can predict an arbitrary num-
ber of time step ahead tool wear degradation in the future.

Two replications of the tool were tested to demon-
strate and evaluate the proposed model approach. It is 
to be noted that despite the same cutting conditions, 

the tool wear diagnosis and prognosis are quite different 
for the two replications. This is typical of all cutting tools 
since they can wear down at varying rates and patterns. 
We are able to predict the tool wear amounts on the fly, 
which confirms that the necessary diagnosis and prog-
nosis methods can be adapted online. Furthermore, the 
RUL prediction can also be predicted until the tool wear 
reaches the set criterion.

In this study, the indirect measurement is the signal 
obtained from the vibration generated during the cut-
ting process. As a black box method, the Neural Network 
model does not explicitly show the formula of the system 
observation and system transition function as seen in the 
Particle Learning method proposed by Zhang et al. [26] 
and any other analytic models typically used in cutting 
tool wear estimation. The LSTM based RNN approach can 
increase the computation cost, and the challenge here is 
to decide the complexity of the network, the number of 
layers and number of hidden nodes, given the reward is 
the flexibility of the fitting any form of relationship. Addi-
tionally, the system transition function also needs to be 
trained beforehand before applying the prognosis process. 
This method can have desirable diagnosis and prognosis 
results especially if the tool wear gradually occurs but also 
can tolerate certain abrupt tool wear change. However, 
for different materials and different machining conditions, 
new data should be collected to train a new model.

The LSTM based RNN can make predictions more supe-
rior than the feed-forward neural network. Second, the 
approach is also better than the time-delay neural net-
work, which can only predict limited time step ahead of 
machine states. Third, for the RNN with only time-delayed 
form, it cannot realize the arbitrary number of time step 
ahead prediction, not to mention not being able to predict 
RUL. Fourth, Malhotra et al. [27] used the RUL as target 
variable and sensor signal to be modeled with the RNN. 
However, the RUL does not reflect any physical charac-
terization, so that there is no direct physical connection 
between the sensor signal and RUL. Also, the approach of 
using RUL as the target variable cannot realize machine 
state diagnosis and prognosis. Compared to these 

Fig. 7  Online RUL Prediction. 
The dashed lines indicate the 
actual RUL; the solid lines are 
the predicted RUL
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methods, the approach of modeling the system transi-
tion function and system observation function with the 
RNN renders the online estimation considering the time 
dependencies become natural. Taking the schema of the 
generative RNN, arbitrary time step ahead prediction gets 
realized by combining the system transition function and 
system observation function modeled by RNNs. Further, 
by applying advanced form RNN cell, the LSTM, GRU, the 
long-term time dependencies can be captured.

The neural network model is a more flexible method 
than the analytic model, which does not need physical 
formula within the model. The proposed approach by 
modeling the system transition and system observation 
with long-term time dependency helps realize the online 
estimation of the system state and predicts the arbitrary 
future horizon of the system state, by the given current 
and past indirect measurements. The application of this 
method can be extended into any critical components 
of the physical machine, such as bearings, gears, engine, 
ball screws, grinding wheels, nano-machining processes 
and bioreactors, in which only indirect measurements are 
accessible in real-time and there is a need to estimate and 
predict the system state. Additionally, the proposed model 
can be extended and applied for multi-fault components. 
In many cases, a single multi-layer NN would be sufficient 
to predict faults including different causes while it is also 
possible to train separate NNs for more interpretable 
results in complex problems. In certain applications, the 
input data volume can be considerably huge, for example, 
when the input are high dimensional or involve very long 
temporal sequences to learn. For effective learning in big 
data scenarios, it is common to use dimension reduction 
methods such as Principal Component Analysis (PCA)[28, 
29],or seek parallelization to speed up the training process 
with optimized GPUs like NVIDIA CUDA [30, 31]. Interest-
ingly, when little data are present for a certain problem, 
it is even viable to transfer the knowledge from another 
domain to build a NN model in the target domain [32].

There are several possible ways to improve the accuracy 
of the prediction. The first one is to loop through more 
number of iterations of the training set to train the model; 
the second one is to use more hidden nodes or more layers 
of hidden nodes and even combining the dropout tech-
nique [33] within the neural network model; the third one 
is to collect more data to train the model. With more data 
to train the model, and more available data for the valida-
tion, the model can get more robust and have more stable 
performance in diagnosis and prognosis. Moreover, one 
can also use the n-fold or leave-one-out cross-validation 
method to get a stable evaluation of the MSE of both the 
RNN for system transition and RNN for system observa-
tion. Incorporating more time domain and frequency 
domain feature of the signal into the inputs of the model, 

so that feature engineering work should be implemented. 
Uncertainty is another important metric to consider for 
any given prediction model. Without proper handling, it 
would be difficult to establish confidence in prediction 
results and make meaningful prognosis recommenda-
tions. Therefore, we conducted repeated experiments with 
standard metrics (MSE, MAPE) which empirically prove 
our model to make accurate predictions with low devia-
tions. This can be further improved by incorporating the 
evaluation framework proposed in [25], which articulates 
a standardized process to handle uncertainties in model 
predictions with comprehensive representations such as 
probability distributions and fuzzy membership functions. 
One viable solution is to obtain probabilistic information 
in RUL prediction with variational inference proposed in 
the RCNN-based method [11], however, we leave that as 
a future work to incorporate in any following prediction 
models due to space limitations.

7  Conclusion

The paper proposes a framework for the machine state 
diagnosis and prognosis using RNN models for system 
transition and observation function via indirect meas-
urements. The LSTM and GRU, which can capture the 
long-term dependencies are used to model those two 
functions. The validation set was used to evaluate the 
estimation accuracy by the MSE. Two replications of the 
indirect measurement sequences, as the test set, are used 
by the proposed model, to demonstrate the online estima-
tion, one-step prediction, two-step prediction, and RUL 
prediction. The model results, including both tool wear 
estimation and the RUL prediction, were highly accurate 
as compared with the real-world measurements. The vali-
dation set shows acceptable MSE for both system obser-
vation and transition functions. After comparison with 
the real values, the results show good performance and 
a strong possibility for practical usage. First, as model-free 
methods, the Neural Network requires no analytic formula 
in modeling. Second, the LSTM cell modeled system tran-
sition and system observation functions, which capture 
the long-term temporal dependencies, and achieved bet-
ter performance than the simple RNN to model them. The 
arbitrary horizon of prediction can be realized by taking 
advantage of the modeled system transition function 
and the generative model, and thus the RUL prediction. 
Despite the high prediction accuracy of our proposed 
method, several aspects that remains to be investigated 
as future work:

Model robustness and generalizability our current 
experiments focused on a specific setting where rela-
tively short-term sequence learning with only a few cuts 
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is involved. More improvements may be done towards a 
fully-generalizable and robust LSTM model if the experi-
ments can be extended to include more data like event 
information and other scenarios such as dealing with 
much longer temporal sequences for continuously-run-
ning industrial tools. As shown in our experiments, our 
current model is robust to some extent, as it can learn 
from certain abrupt changes. Nevertheless, real-world 
signals may contain false alarms due to sporadic sensor 
failures, which diminishes the quality of training data. 
This is in fact an open NN question known as garbage 
in garbage out. In order to train NN without overfitting 
these false alarms, or noisy labels, noise-robust loss func-
tions [34] and sample reweighting [35] can be applied. 
Dynamic loss correction in the training process is also 
possible if the data corruption probability is known a 
priori [36]. Moreover, removal and imputation of outliers 
that can be identified easily may be a simple but cost-
effective approach in many cases.

Automated close-loop diagnosis and prognosis 
the current workflow required for data collection, model 
training and inferencing is quite complicated for further 
applications into real-world environments. With a built-
in microscope camera for image data collection, a fully-
automated system can be built where the tool wear con-
dition can be captured and inferred possibly by a CNN 
to feed into our LSTM model for real-time diagnosis and 
prognosis with RUL estimation into the future.

It is very possible to extend the proposed methods 
for diagnosis and prognosis of system state by indirect 
measurement for other physical entities, such as gears, 
bearings, ball screws, motors, etc.
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