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Abstract 

In machining of composite materials, little research has been conducted in the area of optimal replacement time of 

the cutting tool in terms of cost and availability. Due to the fact that tool failure represents about 20% of machine 

down-time, and due to the high cost of machining, optimization of tool replacement time is thus fundamental. 

Finding the optimal replacement time has also positive impact on product quality in terms of dimensions, and 

surface finish.  

 

In this paper, we are finding the tool replacement time when a tool is used under constant machining conditions, 

namely the cutting speed, the feed rate, and the depth of cut, during turning titanium metal matrix composites 

(TiMMCs). Despite being expensive, MMCs are a new generation of materials which have proven to be viable in 

various fields such as biomedical and aerospace industrial. Proportional Hazard Model (PHM) is used to model the 

tool’s reliability and hazard functions using Exakt software. Experimental data are obtained and used to construct 

and validate the PHM model, which is then used in decision making. The results are discussed and show that finding 

the optimal replacement time of the cutting tool is valuable in saving cost of machining process and maximizing the 

tool availability. 
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1. Introduction 
The economic factor’s impact on tool life in machining is considered very important [1]. Many researches tried to 

improve tool life by several ways such as using variable feeds during machining process[2, 3]. The cutting tool cost 

dominates high percentage of the total machining cost. The tool cost represents around 25 per cent of the total 

machining cost [4]. For this reason, finding the time at which a tool should be replaced is thus fundamental.  The 

objective is to choose an optimal replacement time which results in low cost and high availability. If the tool is 

replaced earlier or later than necessary, valuable resources will be lost or products may be scrapped  [5]. Moreover, 

the tool replacement policy is one of the important aspects of tool management. Suitable tool management policy is 

important to reduce overall production costs [6] . 

 

Makis  [7] used a PHM with a time–dependent covariate considering tool wear to find the optimal tool replacement 

time. Klim et al [1] presented the effect of feed variation on tool wear and tool life. They proposed a new method to 

improve cutting tool life in machining. Tail et al [5] used a PHM to model the tool’s reliability and hazard functions, 

The PHM offers a good model for data representation. The cutting speed is considered as the model’s covariate. 

Mazzuchi and Soyer [8] presented a PHM not only for modelling tool life, but also for evaluating the mechanisms 
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attributed to the cause of tool failure. Ding and He [9] used a PHM for modelling  the cutting tool wear reliability 

analysis. Vibration signals which are indication to tool wear are used as model’s covariate. The PHM showed 

remarkable relationship between the tool condition monitoring information and the life distribution of tool wear. 

Many researchers consider the PHM as a good model for tool life. In most of these models, it was assumed that the 

tool wear has significant effect over the entire tool life. In this paper, the objective is to find the optimal replacement 

time which minimizes the cost and maximizes the availability during turning titanium metal matrix composites 

(TiMMCs). Ti-MMCs are a new generation of materials which have proven to be viable materials in various 

industrial fields such as biomedical and aerospace, and they are very expensive. The PHM is used to model the 

tool’s reliability and hazard functions using Exakt software. The tool wear degradation is taken as model’s covariate. 

In section 2, a brief description of the PHM is introduced, followed by the estimation of the model’s parameters and 

the covariate’s weight. In section 3, the optimal replacement policy for minimizing the cost and maximizing the 

availability is described. The decision rule which helps in decision making is introduced in section 4. In section 5, 

the experimental procedure which was carried out in order to collect data that is used for constructing the model is 

presented. The model developed and the final results are presented in section 6. Concluding remarks are given in 

section 7. 

 

2. Model description  
The PHM presents the failure rate as the product of a baseline failure rate   ( ), which is dependent only on the age 

(cutting time) of the tool, and a positive function   that represents the tool wear  ( ). The failure rate at time t is 

thus expressed as in equation (1): 

                                                          (   ( ))    ( ) ( ( ))                                                                     (1) 

 

In this paper we consider a PHM with a baseline Weibull hazard function. The Weibull distribution is extensively 

used in modelling the time to failure due to its flexibility in modelling a variety of failure data. Using Weibull as a 

baseline function in modelling the tool failure was considered in [5, 7, 8] . This model is sometimes called the 

Weibull parametric regression model. It is given as follows: 
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Where    is the shape parameter,    is scale parameter, m is the number of covariates which have effect on the 

hazard rate, and   is the weight of each covariate. The covariates may be controllable variables such as cutting speed 

( ), feed rate ( ), and depth of cut (  ), or uncontrollable (monitored) variables such as the cutting forces, the tool 

wear, and the temperatures. In this paper all controllable covariates are kept constant, so they will not affect the 

analysis of the model. The wear is the only covariate which will be monitored at discrete points of time through 

inspections and the appropriate model is given in equation (3), where m=1, 
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 ( ) depicts the evolution of the covariate representing the wear which is monitored and measured at discrete 

intervals of time. It has a finite state space. In this paper we consider two sates; the normal and the failure states. 

This latter is defined by the tool maximum flank wear length (VBBmax) reaching a predefined level equal to 0.2 mm. 

The conditional survival function can thus be given as in equation (4),  

                               (   )   (   | ( )    )     ( ∫   ( ) ( ( ))  
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Where   is the random variable that represents the time to failure of the tool. When using Weibull distribution, 

equation (4) is given as follows: 
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The conditional survival function  (   ) and its derivative  ̇(   )   (   ( )) (   ) are  used to estimate the 

parameters (     ) by using maximum likelihood function [10]. 

3. Optimal replacement Policy 

In 1978, Bergman [11] investigated the optimal replacement rule which is considered a control-limit value (   ). 

He found that it is optimal to replace either at failure time   or at   , the preventive replacement time, when the 
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state variable has reached some threshold, whichever occurs first. The optimal stopping rule is written in equation 

(6).  

                                                             
            (   ( ))                                                                      (6) 

Where   is the difference between the failure replacement cost     and the preventive replacement cost  . 

According to the theory of renewal reward processes, the expected cost per unit time can be expressed as: 

                                                    (  )  
   (    ) (   )  (    )
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It has been shown that      (  
 ) is the optimal cost at which the   (  )             and   

   is the optimal time 

to replace.  (    ) is the probability of failure replacement,  (    ) is the probability of preventive 

replacement, and  ( )   (         ) is the expected replacement time. Optimal level    can be found by using 

the fixed-point iteration procedure [10, 12] or by using Semi-Markovian Covariate Process [11]. Similarly, we can 

represent the availability function as in equation (7). 
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The optimal availability is achieved when  (  )           , where   
   is the optimal time to replacement,    is 

the time required to perform the preventive replacement, and      (    ) is the time required to perform failure 

replacement. We note that in equation (8),    is the difference between      , while in equation (6) it was the 

difference between the failure replacement cost and the preventive replacement cost.                                                

4. Decision rule 
The important question in tool replacement policy is “Should we keep running or should we replace the tool now?”. 

The decision rule which can be derived from equation (6) gives the answer  to this question, by monitoring the tool 

wear at discrete time intervals [10]. From equation (6) we get:  
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The function  ( )=   (        )  (   )     can be consider as “warning level” function, applied to an 

“overall” covariate value   ( ). 

5. Experiment description 
Workpiece material: A cylindrical bar of Ti-6Al-4V alloy matrix reinforced with 10-12% volume fraction of TiC 

ceramic particles is used. 

Tool material: TiSiN-TiAlN nano-laminate PVD coated grades (Seco TH1000 coated carbide grades) were utilized. 

Equipment: We used a 6-axis Boehringer NG 200, CNC turning center in order to conduct experiments, as shown 

in figure (1).  

Experimental details: Based on the recommendation of the tool supplier, the experiments have been conducted 

under the following constant cutting conditions: Cutting speed ( ) =60 m/min, feed rate ( ) =0.15 mm/rev, and 

depth of cut (  ) =0.2 mm. 
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Figure 1: The experiment setup 

 

Sequential inspections and turning tests are conducted for each tool in order to measure the wear. The wear is 

measured after each inspection by using an Olympus SZ-X12 microscope. The procedure continues until the tool 

wear threshold (            mm) is reached. The procedure is replicated for six tools. The collected data is 

shown in figure (2). 

Figure 2: Tool wear measurements for 6 tools 

In order to calculate the time to failure    , the wear evolution between two measurements (    ,      ) is assumed 

to be linear as in figure (3). The     is found at tool wear         = 0.2 mm by interpolating between (        ). For 

example, from Table 1, and by interpolating between the fifteenth and the sixteenth inspections, then by using 

equation (14), the time to failure is found to be 782.73 sec. This interpolation is repeated for six tools. The results for 

the six tools and their inspections’ results are given in Table (2). In this table,  ID means the identification for tool 
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from 1 to 6, B-event means the beginning for a new tool, IN-event means inspection process(measuring the wear), 

and  EF-event means ending with failure (reaching the wear threshold).  

                                                             
   

   
 

       

   
                                                                                  (14)  
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Figure 3: Wear interpolating 

 

 

Table 1: The experimental results showing the wear of tool number 6 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Inspection No Time (sec) VBB (mm) 

1 0 0 

2 53.7 0.055 

3 107.4 0.08 

4 161.1 0.0775 

5 214.8 0.09 

6 268.6 0.085 

7 322.3 0.0925 

8 376 0.0925 

9 429.5 0.1 

10 483 0.1125 

11 536.5 0.1125 

12 590 0.12 

13 643 0.1325 

14 697 0.14 

15 750 0.17 

16 804.1 0.22 
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Table2: Times to failure and samples of wear value inspections for the six tools 

Tool 
ID 

Working Age 
sec 

Wear 
mm 

Event   Tool 
ID 

Working Age 
sec 

Wear 
mm 

Event 

1 0 0 B   4 0 0 B 

1 62.31 0.0525 IN   4 62.45 0.065 IN 

1 : : IN   4 : : IN 

1 : : IN   4 : : IN 

1 : : IN   4 : : IN 

1 498.47 0.1625 IN   4 686.69 0.195 IN 

1 542.97 0.1625 EF   4 691.14 0.195 EF 

2 0 0 B   5 0 0 B 

2 11.29 0.055 IN   5 62.38 0.0675 IN 

2 : : IN   5 : : IN 

2 : : IN   5 : : IN 

2 : : IN   5 : : IN 

2 590.88 0.194 IN   5 686.72 0.1775 IN 

2 599.54 0.194 EF   5 749.17 0.1775 EF 

3 0 0 B   6 0 0 B 

3 62.31 0.0675 IN   6 53.72 0.055 IN 

3 : : IN   6 : : IN 

3 : : IN   6 : : IN 

3 : : IN   6 : : IN 

3 560.93 0.1675 IN   6 750.63 0.17 IN 

3 611.61 0.1675 EF   6 782.73 0.17 EF 

 

6. Development the model and results 
By using the software Exakt [10], The PHM parameters are estimated, and the resulting hazard function is given as 

follows in equation (15): 
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EXAKT offers Kolmogorov-Smirnov test (K-S test) to evaluate the model fit. The summary of goodness of fit test is 

automatically produced as in table (3).The test shows that the PHM offers a good modeling for the data. 

 

Table 3: Summary of goodness of fit test results 

Test Observed value P-value PHM Fits Data 

Kolmogorov- Smirnov 0.378857 0.280343 Not rejected 

 

After determining The PHM the optimal replacement policy-cost analysis is performed. The optimal time to 

replacement   
    is calculated with a cost ratio of 2:1 (preventive replacement cost is estimated to be $100, and the 

failure replacement cost is $200, thus K is equal to $100). As shown in figure (4), the cost value on the curve 

consists of the sum of the red portion that represents the unplanned failures cost, and the green portion which 

represents the preventive maintenance cost. 

mk:@MSITStore:C:/Program%20Files%20(x86)/EXAKT/EXAKT.CHM::/ajw.html
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Figure 4: Condition-based replacement policy-cost analysis   

 

 Table (4) summarizes the information in figure (4). It compares the optimal cost     (  
 ) = 0.154 $, and the 

optimal time between replacements,   
    =719 sec of the optimal policy, with those ($0.26 and 784 sec) of the "run 

to- failure" policy. It quantifies the expected preventive and failure costs ($0.124 and $0.03 respectively) in the 

optimal policy, and the percentage of incidences (89.2% will be preventive actions and 10.8% will be failure 

replacement action) achieved when the optimal policy is used. Finally, the table shows that the optimal policy 

proposes more interventions, on the average every 719 sec for the optimal policy versus 784 sec for the policy of 

‘run- to- failure, in order to achieve a net per unit time saving (of $0.1 or 40%). 

 

Table 4: Summary of cost analysis 

 
Cost 

[$/sec] 

Preventive 

Repl.Cost 

[$/sec] 

Failure 

Repl.Cost 

[$/sec] 

Prev. 

Repl. 

[%] 

Failure 

Repl. 

[%] 

Expected time 

between 

Replacements 

Optimal 

Policy 
0.154076 

0.124033 

(80.5%) 

0.0300427 

(19.5%) 
89.2 10.8 719.142 

Replacement 

Only At 

Failure 

0.255185 
0 

(0.0%) 

0.255185 

(100.0%) 
0.0 100.0 783.746 

Saving 
0.101109 

(39.6%) 
-0.124033 0.225142 -89.2 89.2 -64.6044 

 

Similarly, we found the optimal replacement policy that maximizes the availability. The optimal time to replacement 

  
   is calculated when the time required to preventive replacement,           , and the time required to failure 

replacement,          ). From the results shown in figure (5) and table (5), it is found that the optimal 

availability  (  
   )is equal to 78.75%, and the optimal time between replacement   

   = 665 sec for this optimal 

policy, while  the availability  and the time to replacement are equal to 59% and 784 sec, respectively, in  the "run 

to- failure" policy. Practically speaking, we "buy" high availability by paying for it with more frequent interventions. 
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Figure 5: Condition-based replacement policy-availability analysis   

Table 5: Summary of availabilty analysis 

 
Availability 

[%] 

Preventive 

Downtime 

[%] 

Failure 

Downtime 

[%] 

Prev. 

Repl. 

[%] 

Failure 

Repl. 

[%] 

Expected time 

between 

Replacements[s] 

Optimal 

Policy 

78.75 

(664.68
*
)

 
17.99 

(80.69%) 

3.25 

(15.31%) 
94.9 5.1 

843.994 

(179.318
**

) 

Replacement 

Only At 

Failure 

59.21 

(783.75
*
) 

0 

(0.0%) 

40.79 

(100.0%) 
0.0 100.0 

1323.75 

(540
**

) 

Saving  (19.55%) -17.99 37.54 -94.9 94.9 -479.752 
* expected uptime, **expected downtime 

In practice, the costs of failure (                ), the planned inspection intervals (        ) and the 

PHM model parameters are considered collectively in order to build the “warning level” function  ( )=   (      

  )  (   )     as shown in figure (6). Once the decision model is built, we can make a decision that will 

optimize the long-run maintenance cost for the tool, or the long run availability of the machine. By defining the tool 

working age and the composite covariate    ( )                , the optimal decision  is to determine 

whether the tool should be replaced immediately (the red area in figure (6)),  or should we keep operating and be 

inspecting at the next inspection time ( the green area), or should we keep operating but expect to replace before the 

next inspection time ( the yellow area).  

Moreover, the model was examined by using the data from previous histories to see what the decision model would 

have recommended for failed tool. The data in table (1) for tool (ID=6) is  as shown in figure (6). According to 

equation (12), the decision chart gives us alert “intervene immediately” at working age 750.63 sec (inspection 

number 15 in table (1)) because the composite covariates    (        )                           
     . This point crosses the “warning level” function  ( ). Obviously, in this case, the model was capable of 

predicting the best action to make perfectly. The optimal replacement decision gives ‘warning alert’ before the tool’s 

failure. We recapitulate the optimal decision policy in following words “the optimal policy suggests replacement at t 

for which                           “. 
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Figure 6: Condition-based replacement policy-optimal decision. 

 

7. Conclusion 
In this paper, experimental data were collected during turning titanium metal matrix composites (TiMMCs). The 

collected data were used to construct the PHM model which is then used to find optimal tool replacement time .The 

PHM offered a good modelling for the times to failure and tool wear degradation. The PHM models’ parameters and 

economic objectives were considered to build the optimal decision chart. The study concluded that the optimal 

replacement times either lead to a cost reduction of 40 percent in case of cost analysis or lead to an increase of 79 

percent in the case of availability analysis. 

 

In future work, the tool wear will be monitored either directly by using a coupled device (CCD) camera which will 

follow the evolution of tool wear on-line, or indirectly by predicting the wear by monitoring the machining forces, 

and then by using a machine learning technique and then use it for decision making.  
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