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Abstract: Effectiveness of tool condition monitoring strategy depends on accuracy in 
failure prediction (prognostics) of cutting tools. Data driven approaches are generally used 
for prognostics of cutting tools. Various prognostics models have been proposed in the 
literature. Performance of these models in terms of accuracy and applicability are found to 
be the major constraints for use in real industrial applications. Moreover, application of 
these models is mainly limited to wear prediction. Extension of such models for remaining 
life prediction is not explored adequately in the literature. The main contribution of this 
paper is the development of accurate and applicable data driven models for tool wear 
estimation and remaining useful life prediction of high speed Computer Numerical 
Control (CNC) milling machine cutters. These models are developed and validated based 
on experimental data. Proposed models have demonstrated better results in terms of 
predicting cutter wear as compared to those mentioned in the literature. It also helps in 
predicting remaining useful life of cutters under following two industrial cases: 
- Case I: When only online monitoring data are available. 
- Case II: When incidental (or planned) offline inspection data are also available. 
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1.  Introduction 
 

The high speed CNC milling machines are widely used in manufacturing industries for 
improved productivity and better precision of products. The cutting speeds in High Speed 
Milling (HSM) are often as high as 10,000 to 50,000 RPM and the feeds are also very 
high, which provide a cost effective means to produce products with high surface quality, 
excellent dimensional accuracy and high productivity. However, HSM process usually 
suffers from rapidly increasing cutter wear [1]. Due to high wear the cutter becomes dull 
and it deteriorates the quality of finished products [2]. It further impacts the reliability, 
availability and security of the milling machine [3]. Thus, Tool Condition Monitoring 
(TCM) becomes important in monitoring the cutter performance degradation [4]. TCM 
systems can be leveraged into far great cost savings by developing a prognostics 
capability. Implementation of prognostic technology can facilitate in reducing life cycle 
cost through optimizing system performance, minimizing unplanned failures, reducing 
maintenance costs and improving system logistic support [5-7].  
Data driven approaches use historical and current data statistically and probabilistically 
derive Remaining Useful Life (RUL) of the cutting tool [8]. Data driven approaches are 
broadly classified as artificial intelligence approaches which include artificial neural 
networks [9], fuzzy systems [10] etc., and statistical techniques like regression models, 
proportional hazard models [6] etc. Researchers have used these methods along with 
various feature selection approaches to predict cutting tool wear and life. Li et al. [11] 
used four approaches namely, multi regression model, back propagation neural network, 
radial basis functional network and fuzzy neural network for ball nose end milling 
process. Regression based genetic algorithm technique is used for feature selection. 
Maximum force levels, total amplitude of cutting force, average force, standard deviation 
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are used as the features for the wear prediction. Javed et al. [12] used three approaches 
namely, improved-extreme learning machine algorithm, adaptive neuro fuzzy inference 
system and extreme learning machine for predicting the cutting tool condition from high 
speed CNC machine. Benkedjouh et al. [3] developed a health assessment and life 
prediction model for cutting tools based on support vector regression. Zhong et al. [13] 
performed statistical analyses of the force and Acoustic Emission (AE) signals to examine 
the tool condition of a milling process using multi regression model. Correlation analysis 
is utilized for feature selection. Eight features from force (peak, peak to peak, mean of 
Root Mean Square (RMS), mean, standard deviation, absolute deviation, mean of band 
power and mean of RMS) and eight features from AE signal (kurtosis, peak to peak, mean 
of RMS, standard deviation, mean of band power, standard deviation of band power, 
absolute deviation and count) are feed as input. Gajate et al. [14] proposed a dynamic 
evolving neural fuzzy inference system which utilizes a dynamic inference for adaptive 
offline learning for predicting tool wear rate. It requires various numbers of fuzzy rules 
which increases computational complexity of model. Doukas et al. [15] proposed a 
method in which microscopy measurements and photos of tool worn inserts has been 
taken during face milling operations for the assessment of the wear level. Tawade et al. 
[16] proposed a tool wear measurement system for detection of micro and macro wear 
using imaging methods. Their model fails to perform under the variation of atmospheric 
conditions, illumination of light, presence of chipping particles and dust thereby 
restricting the applicability in real industrial applications. Zhang et al. [17] proposed a 
novel tool wear monitoring method in ultra-precision raster milling by using cutting chips. 
Their proposed method works on mathematical model based on chip morphology, which 
makes their method difficult and less efficient in real industrial environment. 
Performance of the prediction model in terms of accuracy and applicability are some of 
the major constraints for use in real industrial applications. Accuracy of a prediction 
model is the degree of closeness of predicted value to the actual value. Applicability 
means the ability of a prediction model to be practically applied under industrial 
constraints in reasonable computational time. It is observed from the above literature 
review that the main focus of the researchers in this area is on improving the prediction 
accuracy of the model. In general, neural networks, extreme learning machine etc., are 
found to be more suitable for handling the nonlinearity present in the tool wear data 
compared to multi regression models, support vector regression etc. It is also found that 
statistical feature selection plays an important role in the computational load and 
performance of the model. Among various feature selection methods, regression based 
genetic algorithm, correlation etc. are widely used. Still, there is a scope for development 
of an efficient feature selection method, to identify optimum set of inputs to be feed to the 
model for better performance with low computational load. It is also observed that 
available methodologies in this area are limited to current wear prediction, which does not 
serve the ultimate purpose of condition based maintenance. Extension of wear prediction 
models for remaining life prediction is required. Thus, present paper aims to develop 
efficient models, in terms of accuracy and applicability, to estimate the wear and predict 
RUL of milling cutters through better feature selection approach. The paper shows 
improvement in the performance in terms of mean squared error, mean absolute 
percentage error etc. over the approaches illustrated in literature. In the next section, the 
problem description for this study is outlined. Section 3 explains the methodology for 
overall work. Section 4 depicts the prediction of remaining useful life. Section 5 
concludes the paper. 
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2.  Problem Description 
 

In the present work the problem which was reported in 2010 PHM data challenge [18] is 
considered. Aim of the challenge was to estimate wear of high speed CNC milling 
machine cutters using cutting force, vibration and acoustic emission data. Data is taken 
with permission from the Prognostics and Health Management Society (PHM Society) Ψ 

[19]. The data is in the form of time domain signals from dynamometer, accelerometer 
and acoustic emission sensors. The milling process in the experiments is to create an 
oblique plane surface on a workpiece by ball-nose end milling operation. Description of 
data is given in table 1. Some of the most important test details are as follows: A high 
speed CNC milling machine and a 6mm 3 flutes ball nose tungsten carbide cutter is used 
for machining stainless steel (HRC 52) workpiece, spindle speed of the cutter was 10400 
RPM, feed rate was 1555 mm/min, Y depth of cut (radial) was 0.125 mm and Z depth of 
cut (axial) was 0.2 mm. Data was acquired at 50 KHz. Further details of the apparatus and 
experimental setup can be found in Li et al. [11]. The monitored data includes operational 
data from three different milling cutters. Each cutter data consists of time domain signals 
for each cut as shown in table 1. The cutters flank wear from three flutes of cutter was 
measured after a complete 27,216 mm cutting distance using a LEICA MZ12 microscopy 
system. Average value of cutters flank wear from three flutes is considered in this study 
for developing models. Each cutter data consists of total 315 cuts. In the present study 
data is divided in two subsets: training data (2 cutters) and test data (1 cutter). The 
objective of this work is to develop accurate and applicable models for wear estimation 
and RUL prediction. The application of the models is demonstrated using two industrial 
cases: 
Case I: When only online monitoring data are available. 
Case II: When incidental (or planned) offline inspection data are also available. 

 
 

Table 1: Description of data 
S No. Data 

1 Force (N) in X Dimension 
2 Force (N) in Y Dimension 
3 Force (N) in Z Dimension 
4 Vibration (g) in X Dimension 
5 Vibration (g) in Y Dimension 
6 Vibration (g) in Z Dimension 
7 Acoustic Emission (V) 

 
 
 

3.  Methodology 
 
 

The overall procedure of the proposed method is illustrated in Figure 1. 
 

                                                           
Ψ PHM Society is a non-profit organization dedicated to the advancement of PHM as an engineering 
discipline. The milling cutter data is openly downloadable from their website (Link: 
https://www.phmsociety.org/competition/phm/10). Permission has been taken to use this data for the 
current work presented in this paper. 
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Figure 1: Flow chart of the proposed method 

 
 

Experimentation step is discussed in section 2. Rest of the steps is discussed in the 
following sub-sections.  
 
 

3.1  Preliminary Feature Identification and Screening 
 

To predict the cutter wear from measured process variables, statistical features are needed 
to be extracted. A statistical feature transforms raw signals into more informative 
signatures of a system. Various statistical features from force-vibration-acoustic signals 
are used throughout the literature. Table 2 shows the list of some of the most important 
statistical features. 
 

Table 2: Important Statistical Features 

S.No. Cutting Force Signal (X, Y 
and Z Dimension) [11] 

Vibration Signal (X, Y 
and Z Dimension) [20] 

Acoustic Emission 
Signal [21] 

1 Average force  Root mean square  Root mean square  
2 Standard deviation Standard deviation Standard deviation 
3 Skewness  Skewness Skewness 
4 Kurtosis  Kurtosis Kurtosis 
5 Peak of the cutting forces  Peak Peak 

 
 

Literature have shown that the cutting force in the feed direction (Y direction in this case) 
is the most sensitive force signature to the change in cutting conditions due to its lower 
damping ratio during cutting process compared to the other two axes [1]. Therefore, 
features in feed direction for force and vibration along with acoustics are considered for 
further study. Although, all of these features are statistically significant, it has been 
observed that beyond a certain point, involvement of all these features leads to an 

Step 1: Experimentation 
• Cutting Force in X, Y and Z Dimensions 
• Vibration in X, Y and Z Dimensions 
• Acoustic Emission 
• Wear 

 
Step 2: Preliminary Feature Identification and Screening 

Step 3: Feature Selection and Wear 
Prediction Model Development 
• Offline model 
• Online model 
• Semi-offline model 

Step 5: RUL Prediction 
Case I: When only online monitoring data are available 
Case II: When incidental (or planned) offline inspection data are also available 

 

Step 4: Performance  
Assessment 

• MSE 
• R2 Value 
• MAPE 
• Precision 
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unsatisfactory performance [11]. Therefore selection of most relevant feature is necessary 
for efficient establishment of correlation models with acceptable computing performance.  
 

3.2  Feature Selection and Wear Prediction Model Development  
 

Following three types of wear prediction models are developed in this research based on 
the test data.  

- Offline wear prediction model 
- Online wear prediction model 
- Semi-offline wear prediction model 

Artificial Neural Network (ANN) has been considered to be one of the most promising 
approaches for modelling wear due to their adaptability, nonlinearity, and ability of 
arbitrary function approximation [22, 23]. The same is therefore used in all the above 
three models. Three layers (input, hidden and output) Feedforward Back Propagation 
(FFBP) neural network is used in this research. Figure 2 shows the basic architecture of 
the FFBP neural network. 

 
Figure 2: Architecture of FFBP Neural Network 

 
 

A FFBP neural network is employed due to its high performance in modelling 
complicated processes. Network weights were adjusted by error feedbacks. By means of 
revising weights of the network, actual output is closer to the expected output. The output 
is normalized between 0 and 1, which gives same order of magnitude variables to avoid 
numerical instability. Levenberg Marquardt (LM) learning algorithm [22, 24] is used to 
train the network. The configuration of FFBP neural network model uses tansig 
(Hyperbolic tangent sigmoid) transfer function in its hidden and purelin (linear) transfer 
function in its output layer.  
Offline, online and semi-offline models mainly vary in terms of inputs feed to the 
network. Output in all the three models is the cutters flank wear (𝑊𝑖). These models are 
explained in brief as follows: 

 

Offline wear prediction model: Offline model is developed to model rate of change of 
wear. The inputs to the model are time at present (𝑇𝑖), previous time (𝑇𝑖−1) and wear at 
previous state (𝑊𝑖−1).  
 
 

Online wear prediction model: Force-vibration-acoustic properties of cutting process are 
the measurements which are monitored online [1]. These measurements contain very 
useful information about the cutter wear. Various statistical features from force-vibration-
acoustic are extracted as shown in table 2, for best performance significant features are 
needed to be identified. An ANN based trial and error approach is used to select the most 
sensitive set of features. Input to the model was present time (𝑇𝑖), previous time (𝑇𝑖−1) and 
force/vibration/acoustic emissions features from present and previous state. The model is 
tested with statistical features of the force-vibration-acoustic properties of cutting process 

Output Input 

n 

2 

1 

 

 

 

 

Hidden Layer 
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separately as well as with their combinations (feature subsets) and Mean Squared Error 
(MSE) is calculated. MSE is the average of the squares of the difference between the 
actual and predicted values. Mathematically, 

MSE = 1
N
� (pi − ai)2

N
i=1        (1) 

where, 𝑝𝑖= Predicted value, 𝑎𝑖= Actual value, N= Number of fitted points. 
Features or the feature subsets with lowest mean squared error is most significant features 
to predict the cutter wear and are selected for development of online model. Most 
significant features identified for online wear prediction model are: 

- Average force (Fav) from cutting force signal. 
- Skewness (Vsk) from vibration signal 
- Standard deviation (Asd) from acoustics emission signal. 

An online wear prediction model is developed with time, average force (Fav), skewness 
(Vsk) and standard deviation (Asd) from its present and previous state as inputs. 
 
 

Semi-offline wear prediction model: In semi-offline model apart from statistical features, 
wear in the current state (𝑊𝑖−1) is considered as input to the model. Output is the wear in 
the next cut (𝑊𝑖). It is identified from trial and error method that in case of semi-offline 
model only average force with wear gives best results in terms of MSE.  
 

3.3  Performance Assessment 
 

A total of 630 sets of data were selected from the total of 945 of data sets for the purpose 
of training FFBP neural network model. The other 315 sets were used for testing and to 
verify the accuracy of the predicted values of cutters wear. For accuracy assessment mean 
squared error, R-Squared value (R2), Mean Absolute Percentage Error (MAPE) and 
precision indices are calculated. These are defined as follows: 
 

Mean Squared Error: MSE is explained in previous sub-section and is calculated as 
shown in equation 1. 
 

R-Squared Value: R2 is the coefficient of determination that should be closer to 1. 
Polynomial multiple regression analysis is used to calculate it.  
 

Mean Absolute Percentage Error: MAPE is the measure of accuracy of a method for 
constructing fitted time series values in statistics. It is calculated as follows. 

MAPE = 100%
N

� �ai−pi
ai
�

N

i=1
  (2) 

where, 𝑝𝑖= Predicted value, 𝑎𝑖= Actual value, N= Number of fitted points. 
 

Precision: This measure quantifies the dispersion of the prediction error around its mean, 
as shown in equation 3. 

Precision =  �
� [(pi−ai)− 1N� (pi−ai)

N
i=1 ]2

N

i=1
N

     (3) 

To check the applicability of developed approach; computational time, that is the required 
time to learn dataset is also computed. Table 3 presents the results of developed models.  

Table 3: Results of the Developed Models 

Model No. of 
Neurons MSE R2 Value MAPE Precision Time 

(sec) 
Offline 26 5.61×10-05 0.96 4.60 0.008 1 
Online 6 3.31×10-04 0.81 11.8 0.018 1 

Semi-offline 21 1.18×10-06 0.96 0.70 0.001 2 
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Proposed models have demonstrated promising results in terms of predicting cutter wear. 
The accuracy of wear prediction models so obtained in this research are better than those 
reported in the literature with same experimental data as shown in table 4.  
 
 

Table 4: Accuracy of Wear Prediction Models reported in literature with same Experimental Data 
Performance Measures 

S.No.  MSE R2 
1 Current Approach 3.31×10-04 to 1.18×10-06 0.81 to 0.96 
2 [11] 4.43×10-02  to 1.743×10-05 0.58 to 0.99 
3 [12] - 0.45 to 0.66 

 
 

The extension and application of all the three models for RUL prediction is discussed in 
following section.  
 
 

4.  Remaining Useful Life (RUL) Prediction 
 

The main objective of prognostics of milling cutter is to predict its remaining useful life 
during its operation. The application of the model is demonstrated using two industrial 
cases. 
 

Case I: When only online monitoring data are available. 
In this case, the online model developed in the present work can be used. Online model 
gives continuous wear prediction based on condition monitoring parameters. However, it 
will not give the idea of remaining useful life. To estimate RUL a wear threshold is 
required. The threshold is the amount of wear in the cutter after which it is not suitable for 
the required application. This wear threshold is generally obtained based on the surface 
finishing requirements in particular application. Field experts can easily provide some 
idea of this threshold. In the present work a wear value of 0.21 mm is considered as the 
failure threshold. A small variation in the threshold value does not affect the performance 
of the model. However, if the threshold is closer to the prediction point, the performance 
of RUL prediction will be better. If the threshold point is away from the prediction point, 
the performance may be comparatively poor [22]. For RUL prediction, predicted wear at 
current point will be feed to the offline model as an input. Offline model will predict the 
future wear of the cutter. The predicted future wear can again be used as input for next 
prediction in offline model. The process will be repeated till the predicted wear reaches 
the threshold value. The difference of time at which threshold is reached and the current 
point will give the remaining useful life of the cutter. In this study, two points (C1 and 
C2) at around 233th and 278th cut with predicted tool wear of 0.12mm and 0.16mm, 
respectively, where the tool wear rate changes significantly from the previous data, are 
considered for RUL prediction. However, one can predict the RUL at any point of 
operation. 
 
 

Case II: When incidental (or planned) offline inspection data are also available. 
In continuous production, sometimes process may be stopped due to unavailability of raw 
materials, due to failures of machine components, etc. Such unplanned stoppages provide 
opportunities to monitor the cutting tool wear and utilizing the same along with online 
monitored parameters. Semi-offline model can be used to predict the future wear in such 
cases. This predicted wear from semi-offline model is than feed to the offline model as an 
input and the same procedure as explained above can be repeated for remaining useful life 
prediction. For comparison of RUL prediction from case I with case II, same points (C1 
and C2) are used for RUL prediction.  

 

Table 5 shows the predicted RULs in both the cases from C1 and C2. Threshold value was 
set to be 0.21 mm; the actual time to reach this point was 305 cuts. From the results it is 
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clear that the RUL through semi-offline model is closer to the actual RUL as compared to 
the online model. It is also observed that the prediction from point C2 is more accurate 
than the point C1. Hence, it is recommended that RUL prediction should be continuously 
updated with age of the cutter to increase the effectiveness of TCM policy.  
 

 

Table 5: Remaining Useful Life Assessment 
 Predicted RUL 

Threshold Value set at 0.21 mm (305th cut) From point C1 
(233th cut) 

From point C2 
(278th cut) 

Actual Remaining Useful Life 72 cuts 27 cuts 
Predicted Wear from Online Model Feed to Offline 
Model for RUL Prediction 63 cuts 22 cuts 

Predicted Wear from Semi-offline Model Feed to 
Offline Model for RUL Prediction 66 cuts 25 cuts 

 
 

5.  Conclusion 
 

When most of the researchers in TCM focus on wear prediction based on online 
monitored parameters, current paper attempts to extend the same for RUL prediction. 
Also, the trial and error approach, used in the current paper, for selecting the best set of 
features improves the accuracy of the wear prediction. Thus, the approach not only 
provides accurate estimation of cutter wear but also predicts the number of cuts before a 
predefined level of wear is reached. Such estimation of RUL makes it easier to plan for 
tool replacement and also helps the production manager in efficiently managing its 
operations. Second contribution of the paper is the semi-offline model that is 
improvement over online prediction model, based on wear measured during planned 
shutdown or incidental stoppage of the machine. This can be useful for optimizing 
planned shutdown intervals for the machine. 

The results from this study encourage the development and application of data 
driven models for intelligent condition monitoring of cutting tools.      
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