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ABSTRACT 
The current work addresses an industrial problem related to injection moulding 
manufacturing with focus on mould wear-out prediction. Real data sets are 
provided by an industrial partner that uses a multitude of moulds with different 
shapes and sizes in its production. An analysis of the data is presented and begins 
with clustering the moulds based on their characteristics and pre-chosen running 
settings. Using the results of the clustering, the mould wear-out is modelled using 
Kaplan-Meier survival curves. Furthermore, a random survival forest model is 
fitted for comparison and model performance is assessed. The main novelty of the 
case study is the implementation of mould wear-out prediction in real-time with 
the outcomes presented in terms of conditional survival curves including a 
proposed early warning system. For visualization and further industrial 
implementation, a R Shiny dashboard is developed and presented.  
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Introduction 

Like many industries, the plastic injection moulding industry is currently going through changes under the so-

called Industry 4.0 (Lasi et al. 2014), which aims for higher degree of automation and digitalization. 

Companies are already embarked on the route to Industry 4.0 and even national policies were elaborated for 

a number of countries (Da Silva et al. 2020). With increasing availability of sensors and decreasing cost of 

data storage and computer power, this transformation often results in abundance of process data for both 

offline and online data analytics. For the latter, one specific area of application is in Condition-Based-

Maintenance (CBM) (Peng, Dong, and Zuo 2010). CBM is a maintenance program in which maintenance 

decisions are based on information from condition monitoring and it consists of data acquisition, data 

processing and maintenance decision-making (Jardine, Lin, and Banjevic 2006). This is a significant departure 

from corrective maintenance (CM) in which the maintenance is performed after the failure happens, and 

from preventive maintenance where the maintenance is performed on regularly scheduled intervals 

irrespective of the condition of the production equipment (Ahmad and Kamaruddin 2012). Significant 

attention has been paid to CBM in the literature and more recently, the focus has been shifted towards 

predictive maintenance (PdM) (Li, Wang, and Wang 2017). According to Li, Wang, and He (2016), the goal of 

PdM is to reduce downtime and cost of maintenance through the monitoring of the equipment’s working 

conditions as well as predicting equipment failure that allows the maintenance to be planned before the 

actual fault occurs. There is a strong connection between CBM and PdM, where CBM can be considered as 

PdM (Sai, Shcherbakov, and Tran 2019; Hashemian 2010) or CBM can be treated as an effective form of PdM 

(Amari, McLaughlin, and Pham 2006).  

   Recent work related to PdM within Industry 4.0 includes Li, Wang, and Wang (2017) who propose a system 
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framework built on Industry 4.0 concepts that includes a fault analysis process and treatment used for 

predictive maintenance in machine centers. Cachada et al. (2018) propose an intelligent and predictive 

maintenance system along with its architecture that is aligned with Industry 4.0 principles. Haarman, 

Mulders, and Vassiliadis (2017) have introduced the concept of Predictive Maintenance 4.0 (PdM 4.0) which 

is about the prediction of future failures in assets and the selection of the most effective preventive measure 

through the means of advanced analytic techniques applied on big data. 

   The case study addressed in this article is from the plastic injection moulding industry with the ultimate 

aim of mould wear-out prediction. In this regard, it is related to a study of Remaining Useful Life (RUL) of an 

asset or system. RUL can be defined as the time between the current time until the end of the useful life, Si 

et al. (2011), where the emphasis is set on statistical methods for RUL estimation based on both directly and 

indirectly observed state processes. RUL estimation is one of the key issues in CBM as shown in Jardine, Lin, 

and Banjevic (2006), Peng, Dong, and Zuo (2010) as well as in Ahmad and Kamaruddin (2012). RUL 

estimation is an important pillar for predictive maintenance platforms (Aivaliotis, Georgoulias, and 

Chryssolouris 2019). 

   With the increasing availability of production data that also includes maintenance data, there is currently 

more focus on data driven approaches to maintenance planning and scheduling. Bukkapatnam et al. (2019) 

proposes Manufacturing System-wide Balanced Random Survival Forest (MBRSF), a nonparametric machine 

learning approach for long-term prognosis for breakdowns of production equipment. Alsina et al. (2018) 

compares machine learning methods for predicting component reliability. Ragab et al. (2016) presents a 

prognostic methodology based on Kaplan – Meier estimation for RUL. 

    The case study is based on several data sets provided by an industrial partner. The data that is subject to 

changes in time is denoted as time dependent and data that remains constant in time is denoted as time 

independent. Mould characteristics and pre-chosen running settings are examples of time independent data 

whereas production and maintenance data are time dependent. In this work, the mould pre-chosen running 

settings are defined as machine settings selected by the operator prior to the use of the mould in 

production. Furthermore, it is assumed that these settings are not changed during production. 

   Mould wear-out prediction is the main goal as it has a direct impact on product quality. Moreover, 

understanding the deterioration mechanisms of moulds is expected to facilitate effective maintenance 

planning and hence, reduce the cost of maintenance. The available data contains information on a limited 

number of worn-out moulds. The proposed solution and choice of model reflect this specific characteristic of 

the data. However, the authors also provide a data intensive modeling approach that can be implemented as 

data for more worn-out moulds becomes available.  

   The main research contributions of the article are in terms of prediction and monitoring of mould wear-

out. A method for prediction of mould wear-out is developed based on conclusions drawn from the analysis 

of real data. Moreover, a monitoring strategy in the shape of an early warning system, which can be used by 

the industrial partner by means of a dashboard, is presented. 

   The first part of the study focuses on dimensionality reduction of the time independent data so that it is 

easier for practitioners to interpret and monitor the results. The second part of the study focuses on the 

prediction of mould wear and tear. Product quality data and more sensor data will only be available in the 

future. However, a prediction model using this additional data is also discussed. Throughout the study a 

special emphasis is put on visualization and interpretation. As the final product is meant for industrial use, 

the results are presented in the shape of a R Shiny (2019) dashboard. Finally, future directions for research 

and application are discussed. It should be noted that due to confidentiality reasons, the data and the results 

have been masked when considered necessary.  
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1. Industrial context 

In this section, the technical background for the injection moulding process is provided as well as the 

description of various data sets used in this study.  

 

Injection moulding process 

The basic mechanism of an injection moulding machine is presented in Figure 1.  

 

Figure 1.  Injection moulding machine with major components.                  

The injection moulding production is discussed in terms of “shots” during which the moulding of a product 

(or a group of products depending on the mould characteristics) is performed. First, plastic pellets are fed 

into the hopper and the barrel. The plastic pellets in the barrel start to melt gradually due to the rotation of 

the screw that generates shear heat and due to external heat that is provided by the heater bands wrapped 

around the barrel. Next, as the screw rotates, the molten plastic is pushed into the nozzle which sends 

further the molten plastic to the mould. Usually, moulds have more than one cavity which means that more 

products are manufactured per shot. The plastic products from the mould are cooled while the mould 

remains closed via cooling channels placed inside the mould. After the plastic products solidify, the mould is 

opened and the plastic products are ejected from the mould, Figure 1.  

    The injection moulding process is a complex process during which various pressures, temperatures and 

speed-readings are collected and used for controlling the process through engineering control. Furthermore, 

the optimal settings of these variables are set by the operator based on prior experience. Hence, the process 

is controlled through both automated and manual interventions.  

Data description 

The industrial partner provided different types of real data sets related to the moulds used in production. 

The moulds are used for the manufacturing of plastic parts of different shapes and sizes and are usually with 

more than one cavity. The worn-out condition of the mould is defined internally by the industrial partner 

considering, for example, visual inspections. However, for confidentiality reasons, the exact definition is not 

presented in the article. The data sets are connected through the mould ID which is unique for each mould 

and are described in Table 1. All the data sets with the current status “Available” are analyzed or utilized in 

the article. 

   The mould characteristics include, for example, number of cavities and mould dimensions while the mould 

pre-chosen running settings are machine settings selected by the operator before the mould is used in 
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production. Mould characteristics and pre-chosen running settings are not time dependent as these are 

assumed to be constant in time. 

   The maintenance data contains information regarding, for example, the number of cleanings, change of 

spare parts or other relevant maintenance information. Production data is related, for example, to the 

number of produced parts and stops in production. The maintenance and production data sets are time 

dependent as changes can occur over time.   

   The table also contains information about data sets that will become available in the future and can 

potentially have impact in determining the condition of the mould. Data sets containing both categorical 

data and numerical data are labeled as mixed data. The variables of the data sets in Table 1 are denoted as 

features, which is the machine learning terminology for variables. Furthermore, missing observations are 

present in some data sets as in the mould characteristics and running settings. 

Table 1.  Description of data sets. 

Data set Time dependence Number Features Data Type Current status 

Mould status (worn-out or running) Dependent 2 numeric Available 
Mould characteristics Independent Around 20 mixed Available 
Mould pre-chosen running settings Independent Around 180 mixed Available 
Maintenance  Dependent Around 10 mixed Available 
Production Dependent Around 15 numeric Available 
Environmental conditions Dependent N/A N/A Missing 
Injection moulding machine sensors Dependent N/A N/A Missing 
Metrology for products Dependent N/A N/A Missing 

 

When determining the time for reaching a worn-out status, the number of shots is used as the unit of 

measurement. The number of shots provides a more realistic picture about the life of a mould compared to 

calendar time, as there are periods during which the mould is idle due to, for example, maintenance work. 

Following the terminology from survival analysis (Wang, Li, and Reddy 2019), the moulds that are currently 

still in use generate so-called right-censored data whereas the worn-out moulds generate uncensored.  A 

depiction of the data is presented in Figure 2.  

 

Figure 2.  A depiction of worn-out versus running moulds. 

Industrial problem 

The primary goal of the case study is to assess the condition of the mould and predict when it will be worn-

out. Another goal is to provide visual tools for the real time surveillance of the mould condition in 

production for the operators. It is important to note that the mould data includes a variety of different 
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suppliers and production sites. Therefore, it is also crucial for the industrial partner to have an overview of 

the moulds performance at a global level, where consistency is key. Hence, the first step in the analysis is the 

empirical clustering of the moulds expecting the clusters to be formed by different characteristics and pre-

chosen production settings of the moulds. This is followed by the modeling of the moulds’ condition for each 

cluster. The methodology followed in the article is presented in the framework from Figure 3. 

 

Figure 3.  Framework describing the methodology followed in the article. 
 

2. Theoretical background 

Cluster analysis 

Clustering is an unsupervised learning method which is used to group observations into clusters which are 

“similar” within the groups and “dissimilar” between groups (Ahmad and Khan 2019; Foss, Markatou, and 

Ray 2019). In our case, the data sets regarding the mould characteristics contain mixed data, which makes 

clustering challenging since applying direct mathematical operations such as summation or averaging used in 

obtaining similarity measures is not possible (Ahmad and Khan 2019). Mixed data is becoming more 

ubiquitous as modern production data often comes from increasingly heterogeneous sources (Foss, 

Markatou, and Ray 2019).  

   In general, clustering is performed using distance measures which quantify “(dis)similarity” between 

observations in the feature space (Foss, Markatou, and Ray 2019). For mixed data, a common distance 

measure is the so-called Gower distance (Gower 1971). After the distances between observations are 

computed through Gower or any other distance measure, clustering algorithms like k-means or hierarchical 

clustering (Hastie, Tibshirani, and Friedman 2013) can be applied. 

   In this study, an unsupervised random forest (Shi and Horvath 2006) is used for obtaining the distances 

between observations, which are called “proximities” (Breiman and Cutler 2019). The main advantages of 

the unsupervised random forest are its ability to deal with mixed data as well as allowing computation of 

variable importance, which can be of great value for interpreting the model outcome. In unsupervised 

random forest, for a given data set of N observations, the joint distribution of the variables is obtained and a 

synthetic data set is generated using this joint distribution. Often, the number of observations is kept the 

same for both the original and synthetic data sets. Each data set is labeled separately as for example 1 and 2, 

and this label is used as the response for the random forest model. Based on this model, an N x N similarity 

matrix is obtained through the frequency of any two observations, i and j, that are placed in the same 

terminal node.  The variable importance can be computed using the Gini index decrease, i.e., the decrease in 
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node impurity (Hastie, Tibshirani, and Friedman 2013). Each time a node split is made on a feature m, the 

Gini index for two descendant nodes becomes less than that of the parent node (Breiman and Cutler 2019). 

By adding up the Gini index decreases for each individual feature over all trees, the variable importance can 

be computed for each feature. 

   For assessing the number of clusters, Partition Around Medoids (PAM) (Kaufman and Rousseeuw 1987) 

along with the average silhouette width (Rousseeuw 1987) is applied. The PAM algorithm is very similar to K-

means since both are partitional algorithms. The main difference is that K-means works with centroids while 

PAM works with medoids, which have the property that the average dissimilarity to all of the observations in 

the cluster is minimized.  Every cluster can be represented by a silhouette (Rousseeuw 1987) that is built on 

the comparison of the clusters’ tightness and separation. The average silhouette width can then be used to 

select a suitable number of clusters, with a high average silhouette width indicating a good clustering. There 

are various methods to assess the right number of clusters, however, for the purpose of the case study this 

approach is considered sufficient. 

  For clustering, only the results of PAM could be used, however, a visual interpretation is of interest and for 

this it was decided to use t-distributed Stochastic Neighbor Embedding (t-SNE) (Van Der Maaten and Hinton 

2008). In t-SNE, the emphasis is put on modelling the dissimilar observations by large pairwise distances, 

while the similar observations are modelled by small pairwise distances. This approach was used as it 

provides a projection of the high-dimensional data into a two or three-dimensional map and thus, can be 

visualized in a plot. For the case study, a two-dimensional map was used. 

Survival analysis 

The results of the cluster analysis can be further used to check the worn-out and running moulds survival 

functions. As it was described in the Data description section and in Figure 2, the worn-out moulds can be 

regarded as uncensored data and the running moulds as right-censored data. Given this description, the life 

of the moulds can be presented in terms of a survival function (or curve) also called the reliability function. 

For the current article, the term survival curve is preferred. 

  If 𝑇(≥ 0) is the number of shots until the mould reaches the worn-out state, then the survival function can 

be expressed as: 

𝑆(𝑡) = 𝑃(𝑇 > 𝑡) (1) 
 

where, 𝑆(𝑡) is the probability that the mould is not worn-out by 𝑡 number of shots. 

   Using the historical data, there are different ways of estimating the survival function in Equation (1). The 

Kaplan-Meier estimator (Kaplan and Meier 1958) is used: 

�̂�(𝑡) = ∏ (1 −
𝑑𝑖

𝑛𝑖
)

𝑡𝑖≤𝑡

 

 

  (2) 

where 𝑡𝑖 is a number of shots when at least one event happened, 𝑑𝑖  is the total number of worn-out events 

at 𝑡 number of shots and 𝑛𝑖 is the total number of moulds at risk at 𝑡 number of shots.  

   Using the Kaplan-Meier estimator, the survival curve for each of the clusters (categories) from the cluster 

analysis can be estimated. For testing if there is a statistical significant difference between two or more 

survival curves, the 𝐺𝜌 family of tests with 𝜌 = 0 is used which is the log-rank or Mantel-Haenszel test 

(Harrington and Fleming 1982). 

    For a running mould belonging to a certain cluster, the survival curve can be displayed as a conditional 

survival curve (Zabor et al. 2013; Hieke et al. 2015). This is more intuitive than displaying the entire survival 

curve from zero number of shots. The confidence intervals can also be displayed. For this, the same 

approach as in Zabor et al. (2013) has been used for the case study. 

   As discussed earlier, the available data sets also contain production and maintenance information 
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associated with the worn-out and running moulds. For building a model using this information as well, a 

random survival forest (Ishwaran et al. 2008) can be used for the case study. A random survival forest model 

is an ensemble learner based on the averaging of a tree base learner (Ishwaran et al. 2011). For the survival 

setting, the base-learner is formed from a binary survival tree and the ensemble is formed from a cumulative 

hazard function by averaging the Nelson-Aalen’s cumulative hazard function for each tree (Ishwaran et al. 

2011).  

   There are several advantages associated with a random survival forest model. As specified by Boström et 

al. (2018), a random survival forest model is robust for high-dimensional data and can accommodate high-

level interactions between features. Other benefits inherited from random forests include the performance 

estimation using the Out-of-Bag (OOB) predictions, which can easily be implemented in parallel as well as 

variable importance. Furthermore, for survival analysis problems, random survival forest models do not 

require model assumptions such as proportional hazards, Ishwaran et al. (2008). In terms of the 

performance measure, the authors decided to use the c-index (also called as concordance or Harrell’s index) 

(Harell et al. 1982). The c-index ranges from 0 to 1 and computes the proportion of concordant pair of 

observations among all pairs of observations in terms of survival time (Harrell, Lee, and Mark 1996).  

Early warning system 

Once the moulds are clustered, the next step in the case study is to provide an early warning system 

regarding the running mould status from cluster c at a given shot t (𝑆𝑡
(𝑐)

) compared to historical data of the 

moulds from the same cluster.  For this, the authors propose monitoring a percentage that is composed 

from the ratio of the worn-out moulds, which were still running at 𝑆𝑡
(𝑐)

 divided by the total number of worn-

out moulds from that specific cluster. In this way, the operator can have a quick overview on how the 

running mould is behaving in relationship with previous moulds that were worn-out from the same cluster. If 

𝑆𝑖
(𝑐)

 is defined as the number of shots at which the moulds in a certain cluster 𝑐 were worn-out and taken off 

production, for 𝑖 = 1, … , 𝑛𝑐, then that percentage can be expressed as: 

𝑝𝑎𝑐𝑡𝑖𝑣𝑒 =
∑ 𝛿𝑖

𝑛𝑐
𝑖=1

𝑛𝑐
 

 

(3) 

where,  𝛿𝑖 = {
1, 𝑆𝑖

(𝑐)
≥ 𝑆𝑡

(𝑐)

0, 𝑆𝑖
(𝑐)

< 𝑆𝑡
(𝑐)

 

     Next steps involve the development of an early warning system using the maintenance and production 

data sets. The idea is that at 𝑆𝑡
(𝑐)

 the running mould should behave similarly in terms of maintenance and 

production with the worn-out moulds at 𝑆𝑡
(𝑐)

 that belong to the same category as the running mould. 

    For the online tracking, the authors propose a method for monitoring based on a Hotelling T2 statistic 

(Montgomery 2012). For this purpose, at 𝑆𝑡
(𝑐)

, the average measurements is calculated for features of 

production and maintenance data of the worn-out moulds from first shot to 𝑆𝑡
(𝑐)

. This forms the basis to 

compare the running moulds at 𝑆𝑡
(𝑐)

. The data is denoted as 𝑊, which has the number of observations 

𝑚 = ∑ 𝛿𝑖
𝑛𝑐
𝑖=1  and p features. The average is used since different features are collected at varying sampling 

frequencies. The same calculations are performed for a mould in use and the vector of size 1 x p is denoted 

as 𝑟. The Hotelling T2 statistic is calculated as follows: 

 

𝑇2 =  (𝑥 − �̅�)′𝐾−1(𝑥 − �̅�) 
 

(4) 

 

where, �̅� is the sample mean vector and 𝐾 is the covariance matrix obtained from 𝑊. This statistic gives the 
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“scaled distance” of the current mould to the cluster in which it belongs in terms of its production and 

maintenance data. A threshold is then set, TUL beyond which the current mould may no longer be considered 

belonging to that particular cluster depicted in 𝑊. The threshold is calculated using:  

    

𝑇𝑈𝐿 =
𝑝(𝑚 + 1)(𝑚 − 1)

𝑚2 − 𝑚𝑝
𝐹𝛼,𝑝,𝑚−𝑝 

 

(5) 

Where, m is the number of samples, p is the number of variables/features and 𝐹𝛼,𝑝,𝑚−𝑝 is the F-distribution 

with p and m-p degrees of freedom at significance level α. This limit is obtained following the commonly 

used upper control limit of the Hotelling’s T2 control chart. Furthermore, the contribution of each feature to 

the T2 statistic can also be calculated using: 

 

𝑑𝑗 = 𝑇2 − 𝑇(𝑗)
2  

 
(6) 

where, T2 is the current value of the statistic while T2
(j) is the value of the statistic using all the features 

except for the jth feature. 

   One potential problem is that there may not be enough data at 𝑆𝑡
(𝑐)

 to estimate the mean vector and 

covariance matrix in Equation (4). However, more data from each category is expected to be collected in the 

future and also if there are not enough data points for computing the Hotelling T2 statistic then this means 

that not many worn-out moulds passed the 𝑆𝑡
(𝑐)

 number of shots. 

 

3. Data analysis 

Data processing 

The first part of the analysis focuses on the cluster analysis and for this, the mould characteristics and pre-

chosen running settings data sets are used. The data sets contained an abundance of missing values (NAs). 

Based on our discussions with the industrial partner, it was concluded that the missing observations were 

due to the specific characteristics of a mould and not due to measurement errors. For this, it was decided to 

encode the columns with NAs using a binary categorical variable with the categories, “missing” and 

“recorded”.  

   The next step of the analysis involves the production and maintenance data sets. Here, it was necessary to 

combine two data sets originating from different sources and recorded at different frequencies. In order to 

overcome this challenge, the average over the time intervals is computed which will ensure the same 

sampling frequency for all features. 

Clustering results 

When the data sets on mould characteristics and pre-chosen running settings are merged, there are roughly 

900 observations and more than 200 features. Using the unsupervised random forest model, the variable 

importance can be computed in terms of mean decrease Gini index. The first thirty features are presented in 

Figure 4 with “Mould Characteristic or Setting 182 #” being the most important feature. 
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Figure 4.  First thirty features given by the mean decrease in the Gini index. 

The dissimilarity matrix for the moulds is obtained from the unsupervised random forest model. In Figure 5, 

using the dissimilarity matrix, the average silhouette width based on PAM is computed along with the t-SNE 

clustering using four clusters. 

 
(a) 

 
(b) 

 
Figure 5.  (a) Average silhouette width and (b) t-SNE clustering using four clusters. 

Based on the average silhouette width in Figure 5a, it seems that the observations can be grouped in 5 

clusters. Since the number of clusters of 2, 3 and 4 have average silhouette values close to the case with 5 

clusters, t-SNE plots are also consulted and it is found that 4 clusters provide the best clustering of the data.  

    To simplify the interpretation of the clustering algorithm, solely the “Mould Characteristic or Setting 182 

#” feature is considered as it has the highest importance value in the random forest model. In fact, this 

feature is further confirmed by the industrial partner as an important feature in production. As shown in 

Figure 6a, this feature alone separates the data very well with the exception of certain categories. Therefore, 

due to the practical interpretation and simplicity, for the next step of the analysis, the clustering given by the 

“Mould Characteristic or Setting 182 #” feature with the five categories is used as in Figure 6b. 
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(a) 

 
(b) 

 
Figure 6.  (a) t-SNE clustering using all categories and (b) t-SNE clustering using five selected categories. 

Survival curves using the Kaplan-Meier estimator and random survival forest  

In the available data set, only 10 % of the moulds are worn-out while the rest are still in use. Initially, the 

survival curves are estimated using the Kaplan-Meier estimator. Figure 7a shows a difference between the 

survival curves from different categories. The same conclusion is also reached after running the log rank test 

at a significance level of 𝛼 = 0.05. In Figure 7b, after also including the running moulds data, there are small 

differences in the survival curves that were based only on the worn-out data. It can be observed that more 

data is needed for the “Merged Categories” and “Category 7” for getting a better estimate of the survival 

curves.  

   The most important conclusion based on Figure 7 is that the clustering categories are beneficial for getting 

an overview of the mould’s lifetime and can be used in production for getting an overview of the mould’s 

state during production. 

 
(a) 

 
(b) 

 
Figure 7.  (a) Kaplan-Meier survival curve estimates using only worn-out data and (b) Kaplan-Meier survival curve  
                  estimates using worn-out and running data (censored data is marked with crosses).  

What is important to mention at this stage is that during part production, a mould can be taken out for 

repair based on certain information that is unfortunately missing in the current case study. One example is 

given by the visual inspection of product quality, which is a good indicator when a mould is worn-out. 

However, this data set will only be available in the future, which means that a model using this information 

is plausible and needs to be considered. At present, the production and maintenance data sets are available 



             11              

  

and thus, only this data is incorporated into a random survival forest model, mostly for illustration purposes.  

The main point of interest is to compare the random survival forest model with the Kaplan-Meier estimated 

survival curves. A number of 10000 trees are used for fitting the random forest model and the worn-out data 

for training. After the model was trained, an OOB c-index of 0.85 was obtained, which indicates that the 

model is performing better than random. In Figure 8, the Kaplan-Meier survival curves are compared with 

the random survival forest survival curves from the worn-out data.  

 

Figure 8.  Comparison between Kaplan-Meier survival curve estimates and random survival forest on worn-out data.  

Figure 8 shows that for “Category 3” and “Category 4”, the curves are behaving similarly with a small 

difference towards the end of the life of “Category 3”. For other categories however, the differences are 

more pronounced. On the other hand, the data in these categories is taking full advantage of the random 

survival forest model. Therefore, it was decided as a short term solution to use the Kaplan-Meier estimate of 

the survival curve and for the future, when more data is available, to use a random survival forest model. For 

a practical implementation in production, the authors are proposing a solution in the form of a dashboard 

using R Shiny (2019) which is described in detail in the next section. 

 

4. R Shiny dashboard 

The results presented above are incorporated into a dashboard such that it is easy for the industrial partner 

to monitor the status of the moulds. The R Shiny implementation is advantageous since it can easily be used 

on cloud or other data management platforms. The dashboard focuses on two different aspects. Firstly, the 

Kaplan-Meier survival curves are presented based on the historical data as well as using the running moulds 

data. Secondly, a way to monitor the running moulds in terms of conditional survival curves based on 

Kaplan-Meier estimates is presented. Furthermore, the early warning system for a running mould is also 

presented. 
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Historical data 

 

Figure 9.  Snapshot from the Kaplan-Meier survival curve estimates for worn-out data.  

In Figure 9, on the left panel in black, there are two options as a choice, namely “Historical Data” and “Mould 

Life Prediction”. The “Historical Data” option is highlighted which further contains two tabs, i.e. “Worn-Out 

Moulds” and “Worn-Out and Running Moulds”. The “Worn-Out and Running Moulds” contains the exact 

same plot as “Worn-Out Moulds” with the exception that the survival curves are built using all the available 

data, i.e., worn-out and running moulds data. The “Worn-Out Moulds” tab contains only the survival curves 

built on the worn-out moulds data. The “Variable:” field contains three different choices. The first choice is 

given by the five categories of “Mould Characteristic or Setting 182 #” which provides a quick overview over 

the historical worn-out moulds. Furthermore, since the industrial partner has different production sites, it 

was decided to provide survival curves computed using the Kaplan-Meier estimate for different countries. 

The same is valid for different mould suppliers. In this way, the industrial partner can have a convenient 

global overview over the worn-out moulds. Crucially, the curves can be updated in real-time. Thus, each time 

a new worn-out mould is stored in the database, the survival curves estimates can be updated 

instantaneously. Deciding when to update the database is also an important question but it is beyond the 

scope of this study. The option to also view the survival curves using the running moulds data was included 

so that the industrial partner can check if the running moulds are changing in some way the behavior of the 

survival curves in different regions.  

Mould life prediction 

In Figure 10, the “Mould Life Prediction” choice is highlighted. There are two tabs associated with this 

choice. The first tab “Using Worn-Out Moulds Data”, contains the conditional survival curve (with the 

confidence interval) based on the category of the running mould using only the worn-out data. Moreover, 

this tab also contains the early warning system for the running mould. The second tab, “Using Worn-Out and 

Running Moulds Data” contains the conditional survival curve based on all the data which means worn-out 

and running data without the early warning system.  
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Figure 10.  Snapshot from the early warning system along with the conditional survival curve for a running mould  
                    based on the Kaplan-Meier estimate. 

In Figure 10, the conditional survival curve can be visualized along with the 95 % confidence interval for a 

running mould in “Category 4” at the corresponding running shot number. Furthermore, on the right side, 

two different boxes are presented. The first box presents the percentage of the active moulds from the 

worn-out moulds at that shot number. Here, there are 71.1 % of the worn-out moulds still running at this 

number of shots. It was decided to color the boxes according to the “risk” associated with the percentage of 

available historical worn-out moulds. For example, if the percentage lies between 0 and 20 % then a red 

color is used, whereas if the percentage lies between 20 and 80 % then the color becomes orange. If the 

percentage lies between 80 and 100 % then the box is colored green. These categories were chosen only for 

illustration purposes. In the industrial setting, these values should be adjusted by the operators’ needs. 

Using the color coding, the industrial partner has an immediate overview of the status. The second box (in 

red) presents the Hotelling T2 statistic along with the TUL limit. Also, this box is color coded dynamically based 

on the results. If the box is green, the Hotelling T2 statistic is within the limit whereas if the box is red, then 

the statistic lies outside the limit or the statistic cannot be estimated. In addition, the contributions for three 

features are also presented. These features were chosen based on some discussions with the industrial 

partner.  The early warning system, can immediately point out if the running mould is behaving similarly in 

terms of production and maintenance with the historical data as the statistic is built on the average at that 

number of shots of the worn-out mould data. 

   As an upgrade for the “Mould Life Prediction” choice, one could use a random forest model instead of the 

Kaplan-Meier survival curves estimates, thus, incorporating also other production data. In terms of the early 

warning system, one could use a combined Hotelling T2 statistic along with a Q chart with the corresponding 

contributions.  

5. Conclusion and future outlook 

In this article, a case study using industrial data from the plastic injection moulding industry is presented. 

The problem considered in the case study is the prediction of worn-out moulds with a focus on visualization 

and presentation in real-time through the means of an R Shiny dashboard. The analysis is divided into two 
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parts. First, the authors focus on clustering using mixed data and then on worn-out mould prediction. Using 

the results of the cluster analysis, the worn-out moulds are presented in terms of survival curves using the 

Kaplan-Meier estimator. The cluster analysis shows that one feature in particular can characterize the 

moulds very well. Moreover, a comparison between the survival curves using the Kaplan-Meier estimate and 

a random survival forest model is presented.  

   In terms of real-time monitoring of the running moulds, a R Shiny dashboard has been implemented. One 

tab of the dashboard shows the survival curves estimates via the Kaplan-Meier estimator using both worn-

out moulds as well as all available data including the data on the running moulds. The other tab focuses on 

presenting the conditional survival curve estimates for a running mould including an early warning system. 

This system is based on a percentage that indicates the proportion of the running worn-out moulds at that 

number of shots and a Hotelling T2 statistics along with the production or maintenance feature 

contributions. To the best of our knowledge the early warning system has not been implemented for this 

type of problem before and also not in this manner. 

   As future work, the aim is to incorporate all available data into a random forest model for getting a better 

survival curve prediction. The data in this case study was unfortunately missing product metrology data, 

which it is considered important for assessing the mould wear and tear. Other matters that will be 

interesting to investigate are data management related issues. For example, how often should the training 

data used for model building be updated, and how much data should be included in the training data? In 

terms of the early warning system, if the p features are highly correlated, then the Hotelling T2 and Q 

statistics (De Ketelaere, Hubert, and Schmitt 2015) using Principal Components Analysis (PCA) (Hastie, 

Tibshirani, and Friedman 2013) 2013) can be used. The contributions can also be computed for this case as 

presented in the work of Miller, Swanson, and Heckler (1998) and De Ketelaere, Hubert, and Schmitt (2015). 

Moreover, a combined statistic based on Hotelling T2 and Q statistics (e.g. Frumosu and Kulahci 2019) could 

be used instead of just a Hotelling T2 statistic such that more features could be used for monitoring along 

with the corresponding contributions presented as a bar chart. 
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