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Abstract 

Under the concept of "Industry 4.0", production processes will be pushed to be increasingly interconnected, 
information based on a real time basis and, necessarily, much more efficient. In this context, capacity optimization 
goes beyond the traditional aim of capacity maximization, contributing also for organization’s profitability and value. 
Indeed, lean management and continuous improvement approaches suggest capacity optimization instead of 
maximization. The study of capacity optimization and costing models is an important research topic that deserves 
contributions from both the practical and theoretical perspectives. This paper presents and discusses a mathematical 
model for capacity management based on different costing models (ABC and TDABC). A generic model has been 
developed and it was used to analyze idle capacity and to design strategies towards the maximization of organization’s 
value. The trade-off capacity maximization vs operational efficiency is highlighted and it is shown that capacity 
optimization might hide operational inefficiency.  
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1. Introduction 

The cost of idle capacity is a fundamental information for companies and their management of extreme importance 
in modern production systems. In general, it is defined as unused capacity or production potential and can be measured 
in several ways: tons of production, available hours of manufacturing, etc. The management of the idle capacity 
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Abstract 

In sustainable manufacturing, the proper maintenance is crucial to minimise the negative environmental impact. In the context of 
Cloud Manufacturing, Internet of Things and Big Data, amount of available information is not an issue, the problem is to obtain 
the relevant information and process them in a useful way. In this paper a maintenance decision support system is presented that 
utilises information from multiple sources and of a different kind. The key elements of the proposed approach are processing and 
machine learning method evaluation and selection, as well as estimation of long-term key performance indicators (KPIs) such as a 
ratio of unplanned breakdowns or a cost of maintenance approach. Presented framework is applied to machine tool linear axes. 
Statistical models of failures and Condition Based Maintenance (CBM) are built based on data from a population of 29 similar 
machines from the period of over 4 years and with use of proposed processing approach. Those models are used in simulation to 
estimate the long-term effect on selected KPIs for different strategies. Simple CBM approach allows, in the considered case, a cost 
reduction of 40% with the number of breakdowns reduced 6 times in respect to an optimal time-based approach. 
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The predictive and proactive maintenance in the Smart Manufacturing is of paramount importance to ensure 
efficiency, product quality, on-time delivery, and a safe working environment. Cloud approach in Smart 
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Manufacturing enables usage of data and information from across the manufacturing hierarchy [1]. One of the 
possibilities to improve diagnosis and prognosis for complex systems is to utilise more data and knowledge obtained 
from a population of similar systems [2]. The challenge is to select relevant data and to integrate them. Preferably, 
feature selection should be performed automatically without operator intervention [3]. 

There are several reported research studies related to online condition monitoring of linear axes e.g. [4-7]. However, 
those approaches are mainly performed in a laboratory setup. A well-established method, first presented in [8], for 
offline direct measurement of axes accuracy is double ball-bar (DBB) measurement. The DBB test is designed to 
perform circular trajectory interpolation of two prismatic axes. Its advantages are the simplicity of use, robustness and 
low cost [9]. Most of the research that utilises this test are focused on identification of sources of deviation [10], an 
improvement of measurement to dynamic conditions [11], or an estimation of the machined part accuracy [12]. It is 
hard to find reported research where data from double ball-bar measurements are used for predictive maintenance 
purpose. 

In this paper, an approach for maintenance decision support system that integrates data from different sources and 
from a population of similar monitored entities is presented. The key elements of the proposed approach are processing 
and machine learning method evaluation and selection, as well as estimation of long-term key performance indicators 
(KPIs) such as a cost of maintenance approach and a ratio of unplanned breakdowns. Used data comes from real 
manufacturing setup and have been obtained from a Computerised Maintenance Management System (CMMS), a 
SCADA system, machine tools’ NC-code, and the DBB measurements used for condition monitoring. 

The rest of the paper is organised as follows. Section 2 overviews the data processing and method selection step; 
Section 3 describes the economic evaluation method; Section 4 depicts the results; and finally, Section 5 concludes 
the paper and indicates our future work. 

2. Data integration and method selection 

Available data in analysed manufacturing setup have been explored and analysed. A detailed description of the 
process is provided in [13]. Information from the CMMS allowed identifying 29 similar machines on which the 
analysis has been performed. 

2.1. Data description 

Condition monitoring DBB measurements are obtained from Renishaw® QC20-W measuring device. Each test is 
performed in three planes: XY, YZ, and ZX with two feed rates 1 m/min and 4 m/min and there are 88, 82 and 82 
features available for respective plane and each feed rate. 

Event data from the CMMS includes information about replacement of components (ball-screws), which allows the 
definition of instances of the component. Information on performed machining cycles has been retrieved from the 
SCADA system. Those data include number and duration of machining cycles for each analysed machine. From NC-
code, information about a number of different motions and distances travelled by axes have been extracted. The 
information about travelled distance has been validated with data obtained from the implemented online acquisition 
of internal signals of machine tool axes controllers. Data from the SCADA system and NC-code are contextual 
information related to machines utilisation. 

Acquired data cover a period of 4 years. 29 similar multipurpose machine tools are considered, which are distributed 
over 4 production lines and utilised in different operational conditions to perform different machining operations. 
Event data allowed to identify 32 instances of ball-screws in the X-axis that have failed during the analysed period 
and have at least one DBB measurement available. From over 300 of available DBB tests performed on the analysed 
machines, 145 have been used as related to a selected population of failed ball-screws. For each of the 145 DBB tests, 
there are 504 extracted features in total. 

2.2. Data processing 

Based on the contextual information, utilisation has been expressed in four ways: calendar days (CD), processing 
time (PT), travelled distance (TD), and number of cycles (C). Measurements have been aligned with respect to time 

http://crossmark.crossref.org/dialog/?doi=10.1016/j.promfg.2018.10.022&domain=pdf
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Manufacturing enables usage of data and information from across the manufacturing hierarchy [1]. One of the 
possibilities to improve diagnosis and prognosis for complex systems is to utilise more data and knowledge obtained 
from a population of similar systems [2]. The challenge is to select relevant data and to integrate them. Preferably, 
feature selection should be performed automatically without operator intervention [3]. 

There are several reported research studies related to online condition monitoring of linear axes e.g. [4-7]. However, 
those approaches are mainly performed in a laboratory setup. A well-established method, first presented in [8], for 
offline direct measurement of axes accuracy is double ball-bar (DBB) measurement. The DBB test is designed to 
perform circular trajectory interpolation of two prismatic axes. Its advantages are the simplicity of use, robustness and 
low cost [9]. Most of the research that utilises this test are focused on identification of sources of deviation [10], an 
improvement of measurement to dynamic conditions [11], or an estimation of the machined part accuracy [12]. It is 
hard to find reported research where data from double ball-bar measurements are used for predictive maintenance 
purpose. 
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manufacturing setup and have been obtained from a Computerised Maintenance Management System (CMMS), a 
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Section 3 describes the economic evaluation method; Section 4 depicts the results; and finally, Section 5 concludes 
the paper and indicates our future work. 

2. Data integration and method selection 

Available data in analysed manufacturing setup have been explored and analysed. A detailed description of the 
process is provided in [13]. Information from the CMMS allowed identifying 29 similar machines on which the 
analysis has been performed. 

2.1. Data description 

Condition monitoring DBB measurements are obtained from Renishaw® QC20-W measuring device. Each test is 
performed in three planes: XY, YZ, and ZX with two feed rates 1 m/min and 4 m/min and there are 88, 82 and 82 
features available for respective plane and each feed rate. 

Event data from the CMMS includes information about replacement of components (ball-screws), which allows the 
definition of instances of the component. Information on performed machining cycles has been retrieved from the 
SCADA system. Those data include number and duration of machining cycles for each analysed machine. From NC-
code, information about a number of different motions and distances travelled by axes have been extracted. The 
information about travelled distance has been validated with data obtained from the implemented online acquisition 
of internal signals of machine tool axes controllers. Data from the SCADA system and NC-code are contextual 
information related to machines utilisation. 

Acquired data cover a period of 4 years. 29 similar multipurpose machine tools are considered, which are distributed 
over 4 production lines and utilised in different operational conditions to perform different machining operations. 
Event data allowed to identify 32 instances of ball-screws in the X-axis that have failed during the analysed period 
and have at least one DBB measurement available. From over 300 of available DBB tests performed on the analysed 
machines, 145 have been used as related to a selected population of failed ball-screws. For each of the 145 DBB tests, 
there are 504 extracted features in total. 

2.2. Data processing 

Based on the contextual information, utilisation has been expressed in four ways: calendar days (CD), processing 
time (PT), travelled distance (TD), and number of cycles (C). Measurements have been aligned with respect to time 



120 Bernard Schmidt  et al. / Procedia Manufacturing 17 (2018) 118–125
 Bernard Schmidt and Lihui Wang/ Procedia Manufacturing 00 (2018) 000–000  3 

to failure (ttf) expressed in those different utilisations. Moreover, measurements are processed as non-normalised (nN) 
and z-score normalised (zN). In presented work, following processing methods are considered: Principal Component 
Analysis (PCA), Statistical Feature Selection (SFS) based on Mann–Whitney U test, Independent Component Analysis 
(ICA), and Correlation-based Feature Selection (CFS). The following set of combination of processing and feature 
selection methods have been implemented: PCA, SFS+PCA, ICA+SFS, ICA+SFS+PCA, and CFS. 

Six different Machine Learning (ML) methods for supervised learning have been applied based on [14]: k-Nearest 
Neighbour (kNN), Back-propagation Feed-forward Neural Network (FFNN), Decision Tree (DT), Naïve Bayesian 
(NB), Random Forest (RF), and Support Vector Machine (SVM). 

2.3. Method selection 

To evaluate and select the proper combination of proposed methods, classification accuracy of used ML is applied. 
To obtain accuracy of all combinations of processing and classification method, 30-time repeated stratified 10-fold 
cross-validation with different splits into folds has been used. 

There is no information available about true degradation state that could be used to label the data. Therefore, the 
data set has been split based on time to failure into three classes: TC1, TC2, and TC3. To set threshold tr12 and tr23, a 
moving average of the feature selected by SFS has been analysed, see Fig. 1. 

 

 

Fig. 1. Thresholds for clustering based on analysis of moving average of feature RMS_XY_4. 

An overview of all performed steps is illustrated in Fig. 2. Data aggregation step and method selection, where the 
combination of processing and classification methods that results in the best classification accuracy is selected, are 
followed by Monte-Carlo simulations of lifetimes and observations. Simulation allows estimating economic 
consequences i.e. cost and failure ratio for different strategies. 

 

 

Fig. 2. An overview of steps in presented approach, where PC1, PC2, PC3 indicate predicted classes of time to failure. 
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3. Economical evaluation 

The considered KPIs for economical evaluation are the cost and ratio of emergency work orders (EWO). Cost is 
calculated based on real direct costs of spare parts, man-hours, and production stop. However, it is scaled and 
expressed in an imaginary currency unit U. Moreover, all times presented in this section are expressed in calendar 
days. 

In the simulation, there are two models used. First is the statistical model of component lifetimes. Lifetime values 
are generated from assumed two-parameter Weibull distribution (see Eq. 1) with parameters obtained from statistical 
analysis on failures of ball-screws considered in this research, i.e. β=1.75 and λ=1285. Analysis has been performed 
in R environment with the use of ‘survival’ package [15] based on 47 ball-screws. Weibull distribution has been 
selected as it is widely used lifetime distribution in reliability engineering and statistical analysis confirmed that it fits 
well to obtained lifetime data (parameters estimated with p-value < 0.01). The corresponding cumulative distribution 
function F(t) and reliability function R(t) are presented in Eq. 2. 
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The second model is the statistical model of selected CBM – the accuracy of the selected combination of processing 
and classification method. This model is obtained in the earlier mentioned step of cross-validation. The classification 
accuracy is an evaluation function that has a very high power [16]. It has been applied in [17] for maintenance model 
economic evaluation. The novelty of the presented approach is an application of classification accuracy for the 
simulation of repeated inspections. 

Assumptions for the economic model are as follows: cost for an unplanned emergency work order (EWO): CEWO = 
2400U; cost for a planned preventive work order (PWO): CPWO = 800U. Cost for unplanned work order is equal to 
cost for planned work order increased by the direct cost of stopped production for the time needed for the replacement 
that is assumed to be the same as for planned work order. Moreover, for CBM approach: an interval for offline 
measurements: TCM = [45, 60, 75, 90, 105, 120]; time required to schedule planned work order: TPL = [30, 60, 90, 120], 
if component fails within this time it is an emergency work order; cost of single condition monitoring inspection: CCM 

= 10U. CBM approach is compared with run-to-failure reactive maintenance (RM) and time based maintenance 
(TBM). Cost for reactive maintenance is defined in Eq. 3, where the denominator is the expected lifetime of the 
component and is used to scale the cost of the maintenance approach per time unit. A simple model for the cost of 
time-based maintenance based on replacement interval T is presented in Eq. 4. Optimal replacement interval TTBM is 
obtained by minimising the cost function (see Eq. 5). 
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3.1. Condition Based Maintenance 

The cost model for CBM is presented in Eq. 6. where NEWO is a number of emergency work orders across 
simulation, NPWO is the number of planned maintenance action, N is the total number of simulated instances, and T is 
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3.1. Condition Based Maintenance 

The cost model for CBM is presented in Eq. 6. where NEWO is a number of emergency work orders across 
simulation, NPWO is the number of planned maintenance action, N is the total number of simulated instances, and T is 
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the used lifetime of the component: the time between component installation and replacement due to scheduled work 
or failure. 

 CBM EWO EWO PWO PWO CM CMNC C N C N T C T       (6) 

The assumptions for the simulation model of CBM are as follows. Lifetimes are generated from the same Weibull 
distribution as in RM and TBM scenarios. The best processing method and classifier from an earlier analysis is 
selected, i.e. CD+zN+SFS x kNN+2 features that have an average accuracy of 64%. Accuracy model has been 
obtained by stratified 10-fold cross-validation repeated 30 times and is presented in Table 1. 

Time to failure ttf is split into three intervals of true condition (TC): long time before failure TC1 with ttf>tr12; 
medium time to failure TC2 with tr12>=ttf>tr23; and a short time to failure TC3 with tr23>=ttf; where thresholds are 
tr12=465 days, and tr23=175 days. This corresponds to splits of classes in the domain of calendar days that have been 
used in the cross-validation procedure. 

Based on this and accuracy of considered CBM methods, the classification is being made according to confusion 
matrix in Table 1 in TCM  intervals, as shown in Fig.3. This simulates an outcome of condition monitoring and diagnosis 
process that includes signal processing and classification. 

Table 1. Conditional probability P(PCx|TCy) of predicted state PCx given the true state TCy, where x,y =1..3. 

P(PCx|TCx) PC1 PC2 PC3 

TC1 0.7772 0.2220 0.0008 

TC2 0.3531 0.5245 0.1224 

TC3 0.1042 0.2545 0.6412 

 

 

Fig. 3. Example of results from observations’ simulation. 

The assumptions for the CBM decision making step are as follows: no action is taken if state PC1 is detected; 
condition-based work order (CBWO) is scheduled after the first occurrence of observation classified as PC3 or m 
occurrences of state PC2; if CBWO is scheduled later than TPL days before failure, it is treated as unplanned work 
(EWO); if CBWO is scheduled earlier than TPL days before failure, it is treated as a planned maintenance (PWO); if 
the component fails between measurements, it is treated as EWO. 

3.1.1. Effect of clustering 
The additional experiment has been performed to check how division into classes TC1, TC2, and TC3 affect the 

final results of the economical evaluation. The thresholds have been selected in the way that numbers of samples 
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assigned to each of classes vary in range from 20 to 80 with the step of 5. This gives in total 126 combinations. For 
each combination, the classification accuracy has been obtained and applied in the simulation with different values of 
parameters TPL, TCM, and m. 

4. Results 

In this section, results from the simulation of different scenarios are presented. Values of mean cost per year, the 
expected lifetime of the ball-screws and the expected ratio of unplanned work orders are estimated based on simulation 
of N=30000 instances of ball-screws. 

Results from simulations with different planning times TPL and condition monitoring intervals TCM are presented in 
Table 2. Those values are for parameter m that results in a lowest estimated cost. In Table 3, the best configuration for 
each TPL is presented. For the TPL=30 days, the best interval for DBB measurements is 60 days and expected yearly 
cost is 408U, that is respectively 42% and 47% less than in TBM and RM policies. 

Table 2. Results from simulation for different value of TPL and TCM 

 TPL=30  TPL=60  TPL=90  TPL=120  

 Cost [U/year] EWO [%] Cost [U/year] EWO [%] Cost [U/year] EWO [%] Cost [U/year] EWO [%] 

TCM=45 417.9 2.8 428.4 5.1 447.8 8.9 489.3 15.3 

TCM=60 408.6 6.1 426.0 9.7 460.6 16.1 507.7 20.2 

TCM=75 411.5 10.0 442.6 15.7 471.0 17.8 534.0 21.7 

TCM=90 429.0 15.6 453.9 16.8 488.5 19.7 548.0 23.9 

TCM=105 439.4 17.1 462.8 19.3 512.0 23.1 570.0 23.2 

TCM=120 449.2 19.6 474.5 20.4 522.7 20.7 577.2 29.2 

Table 3. Best results for different TPL compared with RM and TBM approaches 

Maintenance policy Cost 
[U/year] 

Lifetime 
[days] 

EWO 
ratio[%] 

TCM 

[days] 

m 

RM 767 1143 100   

TBM 706 857 53.4   

TPL=30 408.6 943 6.1 60 17 

TPL=60 426.0 956 9.7 60 14 

TPL=90 447.8 939 8.9 45 30 

TPL=120 489.3 935 15.3 45 14 

 
Effects of different splitting into classes TC1, TC2, and TC3 for different planning horizons TPL are presented in 

Fig. 4. The lowest obtained values, marked by “o” are 395U, 413U, 432U, 465U respectively for TPL equals to 30, 60, 
90, and 120 days. Those cost values are around 3-5% lower than obtained with initial split into classes (see Table 3.). 

Values of thresholds tr12 and tr23 that split time to failure into classes used for simulations visualised in Fig. 3 are 
listed respectively in Table 4 and Table 5. For example, in Fig. 4a, the minimal cost is when Size of TC1 = 70, Size 
of TC2 = 30, and Size of TC3 = 45. This corresponds to thresholds tr12 = 260 days and tr23 = 136 days. 

 

Table 4. The threshold for class TC1. 

Sizes of TC1 20 25 30 35 40 45 50 55 60 65 70 75 80 

tr12 [days] 660 587 542 524 484 433 389 365 345 307 260 227 208 
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assigned to each of classes vary in range from 20 to 80 with the step of 5. This gives in total 126 combinations. For 
each combination, the classification accuracy has been obtained and applied in the simulation with different values of 
parameters TPL, TCM, and m. 

4. Results 

In this section, results from the simulation of different scenarios are presented. Values of mean cost per year, the 
expected lifetime of the ball-screws and the expected ratio of unplanned work orders are estimated based on simulation 
of N=30000 instances of ball-screws. 

Results from simulations with different planning times TPL and condition monitoring intervals TCM are presented in 
Table 2. Those values are for parameter m that results in a lowest estimated cost. In Table 3, the best configuration for 
each TPL is presented. For the TPL=30 days, the best interval for DBB measurements is 60 days and expected yearly 
cost is 408U, that is respectively 42% and 47% less than in TBM and RM policies. 
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Fig. 4. The lowest obtained values, marked by “o” are 395U, 413U, 432U, 465U respectively for TPL equals to 30, 60, 
90, and 120 days. Those cost values are around 3-5% lower than obtained with initial split into classes (see Table 3.). 

Values of thresholds tr12 and tr23 that split time to failure into classes used for simulations visualised in Fig. 3 are 
listed respectively in Table 4 and Table 5. For example, in Fig. 4a, the minimal cost is when Size of TC1 = 70, Size 
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Table 5. The threshold for class TC3. 

Size of TC3 20 25 30 35 40 45 50 55 60 65 70 75 80 

tr23 [days] 17 26 57 81 116 136 153 174 184 208 227 260 307 

 

  

Fig. 4. Minimal cost for CBM policy with different split into classes TC1, TC2 and TC3 and different planning horizon (a) TPL=30 days, (b) TPL = 
60 days, (c) TPL = 90 days, (d) TPL = 120 days. Black asterisk indicates initial division into classes based on Fig.1, o indicates division with the 
lowest cost value. 

5. Conclusions 

Targeting an identified research gap, we presented an approach for predictive maintenance of machine tool based 
on the double ball-bar measurements. It utilises data from different sources and from a population of similar objects. 
Analysed data came from real manufacturing setup. The selected processing, feature selection and classification 
methods are applied in a Monte Carlo simulation-based economic evaluation. Through the simulation, the effect of 
condition monitoring inspections interval on the final cost of maintenance approach can be assessed. In comparison 
to traditional reactive maintenance and time-based maintenance, the estimated economic benefits of the proposed 
condition-based approach are: the direct cost is decreased by around 30-40% and a value of occurences of unplanned 
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stops is decreased 4-8 times. Finally, the effects of data clustering on the evaluation result are assessed. By optimising 
the split into classes, the estimated cost has been further reduced by 3-5%. 

In the presented approach, the input data have not been filtered. It means that through probabilistic modeling, the 
estimated values of cost and failures include cases, where the failure of ball-screw had not been detected by the double 
ball-bar measurement i.e. failure occurred on a ball-screw in the location of tool change area. 

Obtained results indicate the feasibility and potential benefits of double ball-bar measurements in predictive 
maintenance. Despite the relatively low multiclass classification accuracy of 64%, the economic benefids could be 
significant. This provides a justification for further research in the field. 

Future work will be focused on improvement by considering more advanced predictive models, e.g. Hidden Semi 
Markov Model. Moreover, the data mining techniques will be applied to analyse how the accuracy of classification 
affects the predicted cost in the proposed approach. 
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stops is decreased 4-8 times. Finally, the effects of data clustering on the evaluation result are assessed. By optimising 
the split into classes, the estimated cost has been further reduced by 3-5%. 

In the presented approach, the input data have not been filtered. It means that through probabilistic modeling, the 
estimated values of cost and failures include cases, where the failure of ball-screw had not been detected by the double 
ball-bar measurement i.e. failure occurred on a ball-screw in the location of tool change area. 

Obtained results indicate the feasibility and potential benefits of double ball-bar measurements in predictive 
maintenance. Despite the relatively low multiclass classification accuracy of 64%, the economic benefids could be 
significant. This provides a justification for further research in the field. 

Future work will be focused on improvement by considering more advanced predictive models, e.g. Hidden Semi 
Markov Model. Moreover, the data mining techniques will be applied to analyse how the accuracy of classification 
affects the predicted cost in the proposed approach. 
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