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Milling force coefficients-based tool wear monitoring for 

variable parameters milling 

0. Abstract 

Tool wear is an important factor that affects the aeronautical structural parts' quality 

and machining accuracy in the milling process. It is essential to monitor the tool wear 

in titanium alloy machining. The traditional tool wear features such as root mean square 

(RMS), kurtosis, and wavelet packet energy spectrum are related to not only the tool 

wear status but also to the milling parameters, thus monitoring the tool wear status only 

under fixed milling parameters. This paper proposes a new method of online monitoring 

of tool wear using milling force coefficients. The instantaneous cutting force model is 

used to extract the milling force coefficients which are independent of milling 

parameters. The principal component analysis (PCA) algorithm is used to fuse the 

milling force coefficients. Furthermore, support vector machine (SVM) model is used 

to monitor tool wear states. Experiments with different machining parameters were 

conducted to verify the effectiveness of this method used for tool wear monitoring. The 

results show that compared to traditional features, the milling force coefficients are not 

dependent on the milling parameters, and using milling force coefficients can 

effectively monitor the transition point of cutters from normal wear to severe wear (tool 

failure). 

Keywords: Tool wear monitoring, Feature fusion, Milling force coefficients, c-SVM 

1. Introduction 

Due to the lack of manual intervention in an unattended machining system, the tool 

wear state cannot be judged in the milling process. [1, 2]. Therefore, tool wear 

monitoring plays an important role in ensuring the quality of the aeronautical structural 

parts and improving the processing efficiency [3]. In order to maintain good 



performance of the cutters, components, and even the machine tools, changing the 

cutting tool frequently during the milling process must be done, which will affect the 

efficiency and machining cost. On the other hand, the severe wear tool is not changed 

timely, the parts even the machine tool will be damaged. Therefore, it is essential to 

monitor tool wear during the machining process of the aeronautical structural parts. 

Many direct and indirect methods have been developed to monitor tool wear. Visual 

and optical methods are the most direct. D’Addona et al. [4] stops machining after a 

fixed cutting time and uses a digital camera to photograph the tool wear area. Although 

this method can accurately judge the condition of tool wear, the measurement process 

needs to interrupt the machining process, which affects the machining efficiency. 

Elgargni et al. [5] uses infrared rays and cameras to track and locate the tool in the 

process of machining, and then judge the tool wear status (normal or damaged). 

However, because of the continuous contact between the tool and the workpiece and 

the harsh machining environment (cutting fluid and chip), this method cannot be 

applied during the actual machining process. 

The indirect method makes up for the shortage of direct measurement, which is 

realized by sensor signals related to tool wear. The tool condition is estimated according 

to measurable signals, such as forces [6-9], acoustic emission (AE) [10-13], vibration 

[14-16], and motor current [17-19]. Li [7] extracted 14 time-domain features from 

forces and established the relationship between time-domain features and tool wear 

state with the v-SVR model, which was used to monitor the tool wear in turning. 

Kannatey-Asibu et al. [11] successfully used the AE signal to monitor tool wear using 

the adaptive classifier learning model. Zhu et al. [20] points out that the AE signal is 

mostly used to determine tool breakage in the turning process, since the AE signal can 

reflect the impact characteristics when tool breakage occurs. However, since milling is 

intermittent, the continuous impact will affect the acoustic emission signal. Khajavi et 

al. [17] analyzed the influence on the motor content of feed rate, cutting depth, and 

other parameters on the motor current, and used the multilayer perceptron (MLP) neural 

network method to predict the tool wear in face milling. A series of experiments were 

carried out to verify the above method by Khajavi. However, Kim et al. [21] points out 



that the milling force will affect the friction of the spindle system/feed system, and then 

affect the spindle/feed motor current. In order to avoid the single signal cannot 

accurately determine the tool state, multi-sensorial signals fusion method is used for 

tool state monitoring [22-31]. Caggiano [22] extracts the time/frequency domain 

features from the signal of AE, cutting forces, and acceleration then reduces the 

dimension of the features using the principal component analysis (PCA) method to 

monitor the tool wear in turning. Stavropoulos et al. [26] combined the vibration in the 

workpiece and spindle motor current to monitor tool wear during the turning process. 

Although the method of multi-sensorial signals fusion makes up for the shortcoming of 

single signals, it needs to have a robust ability of generalization and nonlinear fitting 

model such as the artificial intelligence model to feature fusion and tool wear 

monitoring. The artificial intelligence models achieved good results in these research 

projects, in the application of neural networks [17,27,28], support vector machines 

[7,29,30], and Markov [31]. However, the above referenced research focus on fixed 

milling parameters, and few scholars study the monitoring of tool wear under the 

condition of variable milling parameters. 

The essential reason is that the traditional features are not only related to the tool 

wear but also sensitive to the milling parameters. Therefore, the traditional features are 

not feasible to monitor tool wear under variable milling parameters during the whole 

process. In actual machining of the aeronautical structural parts, the milling parameters 

(feed rate, cutting width, etc.) will change frequently and the machining path is complex. 

Therefore, it is essential to extract features independent of milling parameters and only 

related to tool status. The radial and normal cutting force coefficients which are not 

sensitive to milling parameters are extracted in literature [32]. However, the axial 

milling force coefficient cannot be ignored. In addition, the threshold can be set when 

the tool in a state of severe wear, and there are limitations in the practical application 

of tool wear monitoring. 

Aiming at the disadvantage that the traditional feature is obviously affected by 

milling parameters, the milling force coefficients which are not sensitive to the milling 

parameters are extracted through the instantaneous milling force model. And the PCA 



is then used to fuse the milling force coefficients, and the feature which can reflect the 

condition of the tool state more clearly is obtained. In addition, with respect to the 

problem of the threshold setting limited for tool failure, the c-SVM model is used to 

establish the mapped relationship between the fused features and the actual state of the 

tool. Tool wear status can be monitored during the process of machining. Finally, 

experiments with different milling parameters are carried out to verify the proposed 

method for tool wear status monitoring. 

2. Tool wear monitoring based on instantaneous milling force model 

2.1 The instantaneous milling force model in flank milling 

According to the model of instantaneous rigid force [33], as shown in Fig. 1, the 

tangential, radial, and axial milling forces of the j-th tooth on dz can be expressed as: 
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where
qcK and

qe (q t, r,a)K  are the cutting and edge coefficients in the tangential, radial, 

and axial directions, respectively. ( )
j

h  is the chip thickness, given by 
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where tf is the feed per tooth. = t+( -1)
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j   is the angle of tooth engagement, (rad/s)

is the angular velocity of spindle, and =2 /
p

N  is the inter tooth angle. N is the number 

of teeth on the cutting tool. By substituting Eq.(2) into Eq.(1), the instantaneous milling 

force in the coordinate of t, r, and a can be obtained by processing elemental forces of 

each layer along the z-axis of each tooth. Then the forces in the x, y, and z coordinate 

directions can be expressed as Eq.(3)： 
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T is the transformation matrix. 

 

Fig.1 Geometric model of the general end mill. (a) General end milling cutter. (b) Taper end 
milling cutter. (c) Cutting edge geometry of end mill. (d) Analysis of the force on the tooth. 

2.2 Identification of milling force coefficients 

According to the fast calibration method [34], the milling force coefficients can be 

calculated quickly and accurately. Assuming that the measured average milling force is 

equal to the nominal value of milling force, then the milling force coefficients can be 

expressed as: 



 

 

 

te

(cos 2 cos 2 ) (2 2 (sin 2 sin 2 )) +
8

(sin 2 sin 2 ) (cos cos )
2

(cos 2 cos 2 ) (2 2 (sin 2 sin 2 ))
8

(sin 2 sin 2
2

p t

x tc ex st rc ex st ex st

p

ex st re ex st

p t

y rc ex st tc ex st ex st

p

re ex s

Na f
F K K

Na
K K

Na f
F K K

Na
K

     


   


     


 


     

     

      

 ) (cos cos )

( ) (cos cos )
2

t te ex st

p

z ae ex st ac t ex st

K

Na
F K K f

 

   


   

     

  (4) 

where xF , y
F , and zF are the average forces over a tooth period, p

a is the axial cutting 

width, and ,st ex   are the tooth angle of entrance and exit respectively. When the 

machining type is down milling, arccos(1 / ),st ea R    and ex  , where ea is the 

radial cutting width and R is the tool radius. The matrices of the average forces and 

force coefficients can be shown in Eq.(5)： 
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Matrix[ ]A is related to milling parameters, and its elements can be expressed as: 
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Finally, least square estimation can be used in Eq.(5) to calculate the cutting force 

coefficients, as shown in Eq.(7)： 

   T 1 T( )K A A A F   (7) 

The following section verifies the milling force coefficients as calculated in Eq.  

(7). 

3. Verification of milling force coefficients by experiment 

3.1 Experimental setup 

A series of tests were conducted on a three-axis milling machine to verify the 

milling force coefficients during monitoring. The instantaneous milling forces were 

measured by a dynamometer (model: Kistler 9265B), as shown in Fig. 2(a). The 

sampling frequency was set to 2 kHz. Titanium alloy (model: Ti-6Al-4V) was chosen 

as the workpiece with a size of 180mm*140mm*90mm, and two teeth cemented 



carbide cutter with a diameter of 50mm was used. 

 

Fig. 2 Experiment setup and tool wear measurement 

A stereo microscope (model: RZSP-200C) with an accuracy of 0.01mm was used 

to measure the area of wear on the tool flank (value VB) after a certain milling time, 

as shown in Fig. 2 (b). The experiment was stopped when one of the cutting edges’ 

maximum value of VB reached 0.5mm. The milling parameters used in the tests are 

listed in Table 1, and down milling was adopted without fluid in X direction. A total 

of 10 tests were designed, the first seven tests with fixed parameters, and the last three 

tests with variable milling parameters, as shown in Fig. 3. 

Table 1 The milling parameters in experiments 

Test Spindle speed (rpm) 
Feed Rate (F) 

(mm/min) 
ap (mm) ae (mm) 

1 600 48 2 4 

2 1000 140 3 2 

3 1200 120 2 2 

4 1200 120 2 5 

5 1500 180 2 2 

6 1500 150 2 3 

7 1500 75 2 4 

8 900 108~180 2.5 1~5 

9 600 120~180 3 1~4 

10 1200 192~288 2 1~3 

 



 

Fig. 3 The milling parameters in details. 

When tool wear occurs, the contact between the cutter and the workpiece changes 

from one dimensional (a line) to two dimensional (a surface), leading to an increase in 

the milling force. However, the tool wear area on the flank is typically irregular, as 

shown in Fig. 4. The value of VB was measured four times and the mean value was 

calculated as follows: 
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where iVB is the measured value at equal intervals, as shown in Fig. 2 (b), and the wear 

areas on the tool flank is expressed as: 

 p
WearArea VB a    (9) 

Tool wear progression is illustrated in Fig. 5 according to the calculation in Eq. (9). 

The tool flank wear behaves differently in each milling test. The reason for this may be 

related to the varying milling parameters applied and random behavior of tool wear. It 

can be seen from Fig.4 that in severe wear, the geometry of the tool changes, and there 

is slight chipping. 

The International Standard Organization (ISO) has defined the failure criteria for 

tool wear. However, in actual machining, the cutter transitions to the stage of severe 

wear before it reaches the failure criteria. In general, the tool needs to be replaced when 

it reaches the stage of severe wear, in order to prevent damage to the parts. Therefore, 

tool wear is divided into two states: normal wear (the initial wear is defined as the 

normal wear state) and severe wear (Fig. 5). The inflection point between the two states 

identifies the point of tool failure, at which point the tool needs to be replaced.



 

Fig. 4 Pictures of tool wear on the tool flank in different states of wear. 

 

Fig. 5 The wear area on the tool flank. 



3.2 Calculation of milling force coefficients 

The coefficients of the cutting force and the edge force can be obtained from Eq. 

(5) to Eq. (7) by milling twice. Therefore, the sliding window method is used to 

calculate the coefficients [32]. Both the cutting force coefficients and edge force 

coefficients can reflect the tool wear, and are the best indexes for monitoring tool wear. 

 

Fig. 6 Variable trend of milling force coefficient with milling time in Test-1. 

 

Fig. 7 Variable trend of milling force coefficient with milling time in Test-5. 



 

Fig. 8 Variable trend of milling force coefficient with milling time in Test-8. 

 

Fig. 9 Variable trend of milling force coefficient with milling time in Test-10 

Fig. 6~9 show the variable trends of the milling force coefficients with milling time. 

It seems that the change of cutting force coefficients (Ktc, Krc, Kac) changes stability, 

with only an upward trend in the state of severe wear. The cutting force coefficient is 

only related to the geometric dimensions of the tool. With progressive tool wear, the 

shape of the tool changes (edge, fillet, etc.), leading to variation of the cutting force 

coefficients. On the contrary, the edge force coefficients (Kte, Kre, Kae) are related to 

tool wear, and their variations are caused by tool wear, which is not affected by milling 

parameters. The validity of six coefficients reflecting tool wear state is different. In 

addition, random factors in the milling process (vibration, chip entrapment, and so on), 

will affect the value of the coefficient. Moreover, the sensitivity of the coefficients in 



different directions is also different. Therefore, it is necessary to fuse the six coefficients 

to reflect the state of tool wear. And the fused features are not sensitive to the milling 

parameters and have a strong correlation with tool wear. 

4. Tool wear monitoring using milling force coefficients 

4.1 Tool wear feature fusion via PCA method 

The number of features should be as large as possible in order to accurately 

describe the tool wear state. However, previous research has found that not all extracted 

features are useful [7, 29]. Reducing features uncritically may cause the loss of a lot of 

information, resulting in wrong results because of the certain correlation among those 

features. Therefore, it is necessary to transform the original features into uncorrelated 

ones, and then fewer features can be used to represent the information. 

The PCA algorithm maps features from dimensions n to k ( k n )by finding a set 

of orthonormal bases, which achieve the purpose of fusion. In order to find the 

orthogonal basis
1 2{ , ,... }ku u u u  , the variance of the fused sample features can be 

expressed as: 

 

T T( ) 2 T ( ) ( )
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where m is the number of samples and x  is the matrix of sample features, whose 

dimension is n. Denote 
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rewritten as: 

 

Tλ u Λu   (11) 

where λ is the eigenvalue ofΛ , and u is the eigenvector. Therefore, the best orthogonal 

basis is the eigenvector corresponding to the maximum eigenvalue. Eigenvalue 

decomposition of matrix Λ  and the eigenvectors corresponding to the first k 

eigenvalues were selected. Therefore, the fused features can be expressed as: 



 m k m n n k   Y x u   (12) 

The specific process is shown in Fig.10. And the milling force coefficients are 

obtained from milling forces used through Eq. (4) to Eq. (7).  

 

Fig. 10 Schematic diagram of features extraction and fusion of milling force coefficients. 

In order to eliminate the influence of dimension, the 0-means method is used to 

normalize the milling force coefficients. The normalized results were used as input in 

the PCA algorithm to obtain the fused feature vector. The weight proportion of 

eigenvalue was set as > 95%. The fused features are shown in Fig.11. The PCA method 

integrates six-dimensional tool wear features into two dimensions, the results of which 

can distinguish tool states distinctly. According to the performance of the fused features 

and the actual application requirements, the tool wear can be monitored by the SVM 

algorithm. 



 

Fig. 11 The fused features using PCA. 

4.2 The monitoring of tool wear state via c-SVM method 

Taking the fused feature of Test-1 as an example, as show in Fig. 12, a hyperplane 

is found in the fused feature sample space to separate different tool states, which can be 

shown as: 

 

T 0y b  ω x   (13) 

whereω is the normal vector determining the direction of the hyperplane, and b is the 

displacement term expressing the distance between the hyperplane and the origin. The 

nearest training sample points to the hyperplane are called support vectors. The sum 

of the distances between the two heterogeneous support vectors and the hyperplane is 

called the margin, expressed as  . Therefore, the core of using a support vector 

machine to monitor the tool wear state is to find the optimal hyperplane; that is, to 

satisfy the parametersω and b constrained in Eq.(13)to maximize the value of  . 



 

Fig.12 The diagram of tool wear monitoring using c-SVM. 

Suppose the training data and its label are ( ) ( ), 1, 2,3...i i
x y i m ，  ( ) 0,2i

y  . The 

c-SVM of the L1 regular soft boundary can be expressed as: 
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where C is the regularization parameter and is the relaxation factor. According to the 

optimization theory [35], the dual problem is shown as follows: 
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where i is a Lagrange polynomial. ( ) ( ) ( ) ( )( , )i j i j

ijQ y y K x x ,K is a kernel function. The 

quadratic programming (QP) problem in Eq.(15)is generally solved by sequential 

minimal optimization (SMO). The optimal solutions are , 1, 2,3...i b i m    . 

For a new sample ( )cx , the discriminant function is given by: 
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Therefore, ten groups of data set allocations are shown in Table 2 (277 samples in 

total), nine of which are used as a training set and one as a testing set in turn (cross-

validation). The input of the c-SVM model is the fused features of milling force 

coefficients, and the output is the tool state (normal wear is 0, severe wear is 2). The 



model parameters C = 10, and scale = 1 (Gaussian kernel coefficient) are set. The 

modeled results are compared with the measured results, as shown in Fig. 13. 

Table 2 Tool wear state classification 

Tool states Number of samples Labels 

Normal wear 205 0 

Severe wear 72 2 

  

Fig. 13 shows that the milling force coefficient can be used to monitor tool wear 

status, especially for variable milling parameters. The reason is that the milling force 

coefficient eliminates the influence of milling parameters and relates to the tool state 

directly. Besides, the alternating stress of the tool changes greatly with variable 

milling parameters, thus the tool wear ratio is fast. However, the error in Test-5 is 

bigger because the milling force coefficient shows that the tool has transited the 

severe stage at 40 min or earlier as shown in Fig.7. But Fig.5 shows that the actual 

measured value of the wear area transitions to the severe stage at 45min.The reason 

for this is that the vibration in the milling process has a great influence on the milling 

force, and the milling force coefficients cannot reflect the tool wear state well. 



 

Fig. 13 The detection results of tool wear state. 



4.3 The comparison with traditional tool wear features 

In general, the traditional tool wear features are divided into three types: time 

domain, frequency domain, and time-frequency domain [29]. According to the 

literature [7, 8], RMS, kurtosis, and the wavelet packets energy spectrum can be 

extracted from the time and time-frequency domain respectively. Due to the fact that 

the milling force can be resolved into three directions of x, y, and z, there are 30 features. 

According to the method described in Section 4.1, the extracted features can be 

fused into three dimensions. Then the fused features form the input of the c-SVM model 

in section 4.2 (the model parameters are unchanged), and the results are shown in Fig.14. 

 

Fig.14 The detection results of tool wear state using traditional features. 

The general evaluation index is expressed as: 

 

( )
Taccuracy

T F
    (17) 

where T  is the number of correctly monitoring samples, and F  is the number of 

incorrectly monitoring samples. Assuming that the results are all normal wear, the 

accuracy is 74% which is not suitable. Using a confusion matrix can solve the problem 

of data imbalance [36]. Table 3 lists a comparison of monitoring accuracy between 

traditional features and milling force coefficients. The larger the true positive rate (TPR) 



and the smaller the false positive rate (FPR), the more reasonable is the feature. For the 

convenience of comparison, the indicators can be expressed as follows: 

 

TPRIndex
FPR

   (18) 

According to Eq.(18), the indexes are 2.15 and 2.75 by using traditional features 

and milling force coefficients, respectively. The results show that the accuracy of tool 

wear monitoring using milling force coefficients can be improved by nearly 30% 

compared with the existing traditional features. 

Table 3 Comparison of the accuracy between the proposed features and the general features (%) 

Test 
Force coefficients Traditional features 

TPR FPR TPR FPR 

1 1 0.4 1 0.2 

2 1 0.4 1 0.4 

3 1 0.5 1 0.17 

4 1 0.67 1 0.56 

5 1 0.69 1 0.63 

6 1 0.29 1 0.29 

7 0.97 0 1 0 

8 1 0.67 0.73 0.67 

9 1 0 0.67 0.67 

10 1 0 0.75 0.67 

Average 0.997 0.362 0.915 0.426 

In addition, Table 3 shows that under the fixed milling parameters, the monitoring 

accuracy of traditional features is higher than that of milling force coefficients. Because 

the traditional feature represents the tool wear from different dimensions (time domain, 

frequency domain, time-frequency domain), thus the monitoring accuracy is higher. 

However, there are many differences in monitoring accuracy under variable parameters. 

Due to the traditional features are difficult to distinguish whether the forces change is 

caused by tool wear or the variable of milling parameters. As shown in Fig.15, taking 

RMS as an example, the trend of the RMS data follows the milling forces, and cannot 

reflect the trend of tool wear (Fig.15 (d-f)) due to the influence of milling parameters. 

However, the milling force coefficients are not affected by milling parameters (Fig.15 

(g-i)), which reflect the wear trend of the tool. Therefore, the milling force coefficient 

can be used to monitor the tool wear under variable milling parameters. In addition, as 



shown in Fig.14, the traditional features are frequently misjudged under variable 

milling parameters, and cannot be used during the actual machining process. 

 

Fig. 15 Comparison of RMS feature and milling force coefficient feature 

 in the parameters of Test-5. 

5. Conclusions 

A tool wear monitoring method based on feature extraction and fusion from milling 

forces is proposed. The transition point from normal wear to severe wear (tool failure) 

is used to judge whether the tool is invalid. Many milling experiments were conducted 

using a cemented carbide blade and a titanium alloy (TC4) workpiece under different 

milling parameters. The conclusions are as follows: 

1．Compared with the traditional features present when using fixed milling 

parameters, the milling force coefficients calculated based on the instantaneous milling 

force model can well reflect the trend of tool wear under variable milling parameters. 

2. Due to the differing correlations of cutting force coefficients and edge force 

coefficients to tool wear, the feature fused by PCA can accurately reflect the tool wear 



state with fewer features. 

3. The c-SVM algorithm was selected as the tool wear monitoring model, and the 

fused features of milling force coefficients were used as the input. The results show that 

the accuracy of tool wear monitoring can be improved by 30% compared with the 

traditional features used for tool wear monitoring, which has significant advantages in 

tool wear monitoring when using variable milling parameters. 
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