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1 Executive Summary 

This document describes the data science approaches led during the second iteration of the MONSOON 

project. The studieswere done by applying machine and deep learning algorithms, as well as statistical 

analyses, in order to provide answers regarding the different industrial business cases identified during the 

project.  

The document is split in two main parts: the first concerns the Aluminium domain, and the second the Plastic 

domain. For each domain, we briefly describe the business cases, and explain in detail the data science 

approaches that were conducted, both in terms of methodology and obtained results. The data being used, 

and the algorithms that were tested, are carefully explained. 
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2 Introduction 

2.1 Purpose and scope of this deliverable 

This deliverable is part of the Work Package 5 of the MONSOON project. The objectives of this Work Package 

are the research and the development of novel data-driven techniques and algorithms for improving 

optimization of the plant‟s operations. This deliverable belongs to the Task 5.2, “Online and Deep Machine 

Learning Techniques”, which aims at employing machine learning techniques for analyzing large amount of 

data stemming from various operations of the plant.It is an update of deliverable D5.3: Initial Online and 

Deep Machine Learning Functions [RD.4]. 

2.2 A note on confidentiality 

The data analyzed in this work come from process measurements in the Aluminum Dunkerque (AD) and 

GLNPlast plants. The control of these processes is part of the plants‟expertise, and is subject to 

confidentiality. In the following, we will therefore not reveal all the information about the variables used, in 

particular about their meanings and the values they take. We will however try to explain as much as possible 

the approaches and results obtained. 

2.3 Related documents 

ID Title Reference Version Date 

[RD.1]  
Final Demonstrators in the Aluminium and Plastics 

Domain 
D7.4 1.0 2019-07-31 

[RD.2]  
Initial Demonstrators in the Aluminium and Plastics 

Domain 
D7.3 1.3 2019-02-28 

[RD.3]  Final Process Industry Domain Analysis and Use Cases D2.4 1.4 2019-03-07 

[RD.4]  Initial Online and Deep Machine Learning Functions D5.3 2.2 2018-01-23 
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3 Machine and Deep Learning techniques application to Aluminium Domain 

This section will describe the different phases of application of machine and deep learning methods to the 

aluminum domain. The use cases were defined for the Aluminium Dunkerque (AD) plant in Dunkerque, 

France. For each subsection, a description of the use case and its purpose will be presented, followed by a 

detailed explanation of the machine learning and modelling pipeline, as well as the obtained results. 

3.1 Optimization of anode quality 

3.1.1 Use case description and scope 

Anodes quality, and particularly their density, constitute a key component to the electrolysis reaction. It 

impacts directly the quantity and the quality of the produced aluminium. Anodes are produced at AD by the 

Paste Plant. The anodes production is highly controlled and the process leads mainly to high quality anodes. 

Nevertheless, the AD Paste Plant goes through some special periods where the anodes quality could be 

improved. Understanding the root causes of these lower quality periods constitute a challenging task but a 

key component for maintaining a high-quality production. 

Amachine learning model for monitoring the anode quality and understanding the process causes behind 

the decreasing quality periods was developed. A recommendation module has also been developed in order 

to recommend the best process parameters changes for maintaining a highproduction quality rate. The next 

parts will describe thoroughly the whole pipeline for modelling the anode density using process data and 

machine learning. The last part will cover the recommendation methodology.  

3.1.2 Presentation of process parameters  

Paste Plant sensors provide us a rich source of data. The sensors continuouslymeasure hundreds of signals at 

a one second frequency. For our modelling task we chose 41 process signals resuming information. They 

consist of measurements of intensities, powers, temperatures, speeds, rates of flow of raw material… The list 

of parameters to use was selected after several iterations with process experts from AD and Rio Tinto. All 

those parameters are stored in an Historian PI storage system, for which a dedicated connector was 

developed in the context of the MONSOON project, in order to export the data to MONSOON‟s Datalab and 

Runtime Container platforms. 

The paste plant producesanodes continuously, with the paste going through different equipmentsbefore 

being used to form the anodes. Therefore, at a given anode production time, we need to take into account 

the transit time of the paste in the plant for associating the signals sensors. However, this transit time is not 

precisely known. We therefore chose to model entire periods of anodes production, instead of individual 

anodes. The selected period duration is 30 minutes. 

3.1.3 Data preparation for modelling 

Our primary data partition is of 30 minutes. We partition each shift of 8 hours to sixteen 30 minutes periods. 

The pipeline of data preparation could be summarized in 4 phases: 

 Detection of paste plant stops periods. 

 Annotation of periods density quality: „good‟ or „improvable‟. 

 Linking process data to each 30 minutes period. 

 Computing features summarizing each process parameter during the 30 minutes period 
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a- Detection of paste plant stop 

During the stoppages and the restarting of the Paste Plant, the sensors signals are known to show abnormal 

behaviors. Moreover, these stops are known to cause a variability of anodes density. Our aim for this analysis 

is to detect the causes of non-optimal anode quality during standard running of the Paste Plant, thus we 

ignore periods containing paste plant stoppage. 

Three rules were defined by the process experts to detect a stop period: 

 INT-MOY-MALAXEUR < 200 

 Or VIT-MOT-VIS-DEMANDEE < 50 

 Or DEB-INSTANTANE-DOSEUR <= 1 

These three signals measure respectively the intensity of the paste mixer, the dosimeter speed, and the 

material flow, thus allowing us to know the status (working/stop) of the Paste Plant. The thresholds were 

chosen so that this definition remains valid in time. 

Due to signals instability during the following periods, we also discarded: 

- Periods shorter than 24 minutes between two stops, 

- 5 minutes before each stop, 

- 10 minutes after each stop, or 1 hour if the stop lasted more than 30 minutes. 

An illustration of the behavior of these variables for an 8 h period in which two Paste Plant stoppages occur is 

given in Figure 1.  

 

 

Figure 1: Example of signals used for identifying paste plant stops. The periods in red are identified as stops. 
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Figure 2shows the anodes density produced during the same shift. We can see the drop-in anode density 

during the stops periods. 

 

Figure 2: Anode density during a shift containing two stops. 

b- Annotation of anode quality: ‘good’ or ‘improvable’ 

Each period of 30 minutes is annotated as “good” or “improvable”. We define a threshold on the median 

density of all the anodes produced during the period. Periods above the threshold are annotated as “good”. 

The value of the threshold depends on the training sample used for training the model (this part will be 

detailed in part 3: “Re-training of the model”). Basically, we take all the periods density used for the training 

and we select the 5% percentile of the median density as a threshold to decide if the period is “improvable” 

or “good”:  periods with median density below the threshold are tagged as “improvable”. 

c- Linking process data to each 30 minutes period 

It is necessary to associate each sensor signal to its corresponding anode production period. Indeed, the 

production of anode paste is a continuous process, with the paste going through different machines before 

being used to form the anodes. Therefore, at a given anode production time, we need to consider the transit 

time of the paste in the plant for associating the signals sensors to the produced anode. For instance, as it 

takes ~10 min for the paste to go from the mixing to the forming chains, the measurements related to the 

paste mixer must be associated to the anodes produced ~10 min later. In practice, the delays which need to 

be added to each sensor has been estimated by AD process experts. 

d- Features creation for the model: 

In order to resume the signal of each process parameters during the 30 minutes periods, we compute two 

simple statistical features: median and the standard variation. Note that these features are particularly simple 

in order to allow the interpretability of the model‟s decision, a requirement for being able to give 

recommendation on process parameters. 

 

Let‟s write 𝒚𝒊 the quality type of anodes produced in a given 𝒊 period: 

𝒚𝒊 =   
𝟎 (′𝒊𝒎𝒑𝒓𝒐𝒗𝒂𝒃𝒍𝒆′𝒒𝒖𝒂𝒍𝒊𝒕𝒚)

𝟏 (′𝒈𝒐𝒐𝒅′𝒒𝒖𝒂𝒍𝒊𝒕𝒚)
  

We note 𝒀 = (𝒚𝒊)𝟏≤𝒊≤𝒏, the vector of quality types for the n periods.Modelling the anode period quality 

(„good‟ or „improvable‟) using features of the process parameters is characterized as a classification task. 

We need to compute for each PI signal during the 30 minutes period some features that summarize its 

behavior during the period. 

We note 𝑿 =  𝒙𝒊,𝒋 𝟏≤𝒊,𝒋≤𝒏,𝒑
the training samples where 𝒙𝒊,𝒋 are the computed features during the period i of the 

PI signal j.  
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For this analysis, we selected p=41 sensors signal. The total number of features we created for each period is 

82. The idea is to identify the quality of the periods, 𝒀, based on the training samples 𝑿 using a machine 

learning model. The model will predict a probability of belonging to the „improvable-quality‟ class, and we 

will choose a decision threshold on the probabilities above which the periods will be considered as 

„improvable-quality‟. 

Note that special treatments have been conducted for some signals, mainly vibrocompactors signals which 

alternate between down and up states (Figure 3). For those signals, we focused only on the upward periods 

which describe the state of the anode paste in the vibrocompactor. 

 

Figure 3: Example of a vibrocompactor signal altering between down and up states. 

3.1.4 Modelling the anode quality and the re-training of the model 

a- Presentation of the model 

We want to assign a class to each period by modelling the probability of a period being improvable as a 

function of the features created from the process parameters. 

We selected XGBoost‟s Gradient Boosted Decisions Trees [10] as a classifier for our modelling. It builds an 

ensemble of weak classifiers (small decision trees here) in an iterative way. 

This model belongs to the category of ensemble learning models and is more robust to class imbalance, 

correlation of features, and overfitting of the data. 

b- Training of the model 

The next graph explains the whole pipeline for model re-training. After each shift (8 Hours), we: 

- Select the past months (maximum 6 months, minimum 3 months) as a training data 

- Split training data to 30 minutes periods 

- Compute features (median and standard-deviation) on the 30 minutes periods. 

- Annotate each period as “good” or “improvable”: the threshold is the 5% percentile of the median 

density during the training period (6 months) 

- Predict the periods quality on the periods of the next shift. 
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Figure 4: Pipeline of anode quality model re-training. 

The latest dataset used for the modelling starts from April 2018, and ends in March 2019. The ratio of classes 

“improvable” /” good” is of the order of 8%. The challenge of the class imbalance was handled by using a 

tree-based ensemble method, XGBoost, as well as by tuning its hyperparameters. The tuning was done 

during the first iteration of the project, by applying a grid-search method over a 3-folds cross-validation. 

c- Measuring the performances of the model 

As explained on the re-training part, at a given time t, we select the previous months (between [3months, 

6months]) for training the model and the next 8 hours as a test set for the prediction. We then slide the 

window by 8 hours (up to t + 8h), re-train the model, and test it on the following 8 hours. This cross-

validation method is better suited in the context of time series. 

In order to overcome the problem of misleading performance estimation using accuracy in the context of 

imbalanced classes, we used more appropriate estimators. We employed Precision and Recall for the 

„improvable quality‟ class as performance indicators.  

The next Figure resumes the performances of the models tested for the period July 2018 – March 2019. 
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Figure 5: Model performances: Confusion matrix, Precision and Recall 

The models show good performances as it detects 66 % of “improvable” periods (Recall) with a 67% 

Precision. In comparison, a random model, who would randomly pick 8% of the periods and attribute them 

to the “improvable” class, would have statistically both a Precision and Recall of 8%. 

Next figure represents the Receiver Operating Curve (ROC). It is another way of measuring the model 

performance, by showing the true positive rate versus the false positive rate, for different decision thresholds 

on the probabilities predicted by the model. The higheris the space over the diagonal line (which represents 

the performances of a random model), the better is the model. 

The Area Under Curve AUC is of 0.93, demonstrating a good prediction capability of the models. 

 

Figure 6: Model performance: ROC curve 

3.1.5 Understanding the root causes of decreasing anode quality: Model explicability 

The idea behind the previous modelling is to model the anodes quality as a function of the process 

parameters. Training ensemble models for this task leads to better prediction performances as compared to 

simple learners but we lose in counterpart the interpretability of the model. 

Domain experts need to understand the decision of the model in order to trust it and to help them 

discovering other unseen causes of the decision. There are many methods developed in order to overcome 

the challenge of model explicability. We chose SHAP (Shapley Additive exPlanations) [12, 13] for our task as it 

has been proven in literature as the most robust method to date for this purpose. 
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SHAP module relies on SHAPLEY values which were introduced in Game Theory. The idea is to model the 

model predictions as a weighted sum of each feature-value contribution. Basically, for each individual 

instance and the value of each feature, the SHAPLEY value gives the contribution of that feature-value on the 

predicted value by the model. 

 

In practice, we make use of the SHAP module after each true prediction of the model for the „improvable‟ 

class. We are able to obtain the list of the five features that contributed the most to the probability of being 

an „improvable‟ period, in an online mode, i.e. after each new prediction of the model. We show in Figure 7 

four examples of SHAP‟s interpretations, as shown in the Grafana [14] interface built for the anode quality 

function in the Runtime Container of AD (see Section 3.1.7). 

 

 

Figure 7: Table resuming the 3 (for illustration purpose) most important explainers of decreasing anode quality 
for some ‘improvable’ periods 

 

The proposed five explainers will give insights to the experts on which process parameters to visualize in 

order to investigate the causes of the decreasing quality of anodes periods. 

Figure 8 illustrates the behavior of some of the process parameters proposed by SHAP as possible causes of 

decreasing anodes quality for some „improvable‟ periods (red color), as displayed in the Grafana interface 

from the Runtime Container. 
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Figure 8: Visualization of some process variables proposed by the explainer module as possible cause for the 
decreasing quality periods 

3.1.6 Recommendation module for maintaining highly quality anodes density 

After detecting an „improvable‟ period with the classifier model, in addition to the „explanations‟ given by 

SHAP, we also give a recommendation on which actionable parameters should be modified, and how, in 

order to increase the anode density. 

Indeed, the „explanations‟ given by SHAP are a list of features from the entire list of process parameters used 

as input by the XGBoost classifier. However, most of these parameters are sensors, and cannot be modified 

easily by the plant team. 

However, among them, a list of actionable parameters has been identified by the AD team. The aim is 

therefore to propose a recommendation on three actionable parameters to modify together in order to 

increase the density, when an „improvable‟ period is detected. We chose 3 parameters to end up with 

recommendations that are easy to implement by the AD team. 

 

Figure 9 illustrates the principle of the approach. The period p0 is below the low-density threshold (in red), 

and is therefore considered as an „improvable‟ period. If the process conditions stay the same for the next 

periods, the density will stay low (dashed lines). However, if the actionable parameters are changed according 

to the function‟s recommendation, the density should increase (green lines). 
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Figure 9: Simulation for the recommendation module after an ‘improvable-density’ period 

 

To be able to provide the recommendations, we have developed a simulation function. The function is a 

machine learning regressor, which is trained to predict the median density of a 30-minutes period, given the 

process parameters. We have chosen an XGBoost regressor with the same training strategy as the previous 

classifier model, but using only the median features as variables for the model (the recommendations will be 

given on the median values of the process parameters, and not the standard deviations, which are more 

difficult to act on). 

Figure 10 shows the performances of the regressor, for testing periods between July 2018 and March 2019. 

The X axis shows the actual median densities, and the Y axis the predicted ones. The model has a Root Mean 

SquaredError of 2.85 (the order of magnitude of the density is typically 1640). The model is performing well, 

except for a handful of very low-density periods, for which the regressor predicts higher densities. This is 

probably due to the very low number of examples of these low densities.  
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Figure 10: Regressor model predictions vs actual median densities 

 

Figure 11 illustrates the entire pipeline for executing the recommendation module. The pipeline is the 

following: 

1. For a period of „improvable‟ density which was detected as such by the anode quality classifier, we 

start by scanning all the triplets of actionable parameters in their respective range. The range is 

deduced from the last 6 months of available data. For each triplet of actionable parameters values, 

we apply the regression module to simulate the expected median density. 

However, when testing a triplet of actionable parameters, we need to take into account their possible 

correlations withother parameters: if the actionable parameter A1 is highly correlated with sensor 

parameter S5, then increasing A1‟s value without increasing S5‟s value is not physically realistic. To 

mitigate this issue, we compute the multiple correlation coefficients between each triplet of 

actionable parameters, and each other process parameter. The computation is done by training a 

linear regression model between the triplet of actionable parameters and the given other parameter, 

and computing the square root of the coefficient of determination. The training is done on the last 6 

months of available data, and the outliers are being removed with a 3-sigma filtering. If the 

correlation coefficient is above 0.3 for a given process parameter, then when scanning the triplet of 

actionable parameters values, we also modify the correlated process parameter according to the 

regression function. 

2. We select the triplet of actionable parameters that lead to the highest increase of median density, 

according to the simulation model. 

3. We display the recommendation, consisting of the list of actionable parameters to change, and the 

associate values to reach. 
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Figure 11: Detailed pipeline for recommendation 

In order to provide a confidence level of the recommendation, we also compute the error between the actual 

median density of the period of interest, and the one obtained with the regression module. If the error is 

larger than 5 (in the unit of the density), the recommendation is flagged as “less reliable”. This threshold was 

chosen as such, as it is the typical order of magnitude of density improvement obtained with the 

recommendation module.In the dedicated Grafana user interface, the recommendations are displayed in a 

table (see Figure 12), where the „less reliable‟ ones appear in yellow, while the other are in green. 
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Figure 12: Presentation of the recommendation module output. The actual recommendations were blurred for 
confidentiality purpose 

 

3.1.7 Deployment 

The function has been deployed to AD‟s Runtime Container. The function is split in two main modules: the 

training module, and the execution module. 

 The training module automatically re-trains all the models necessary for the execution module 

(i.e. the classification model, the regression model, and the linear regression model). The training 

is launched every 8 hours, one hour before the starting of the next shift (i.e. at 5 A.M., 1 P.M., and 

9 P.M.). The module reads the data of the last 6 months in the KairosDB database available in the 

Runtime Container; pre-processes the data and compute the features; trains all the machine 

learning models; and finally save them in a dedicated folder, for the execution module. 

 The execution module applies the function to the latest 30-minutes period available. It is 

executed every 30 minutes. The module queries the raw data in the KairosDB database; pre-

processes them; selects the latest trained models; and applies the function. For each period, it 

predicts the anode quality status (i.e., normal or „improvable‟); and in case the period was 

„improvable‟ and detected as such by the classifier, it generates the list of five „explanations‟ and 

generates the triplet of recommendations for improving the density. The results are exported to 

KairosDB for visualization purpose. 

A specific user interface has been developed for AD‟s Runtime Container. It consists of several dashboards 

made with Grafana. The dashboards allow the end-user to visualize all the process parameters being used 

by the model; and shows the „explanations‟ and recommendations proposed by the function. A specific 

dashboard allows the monitoring of the performances of the function, in terms of Precision and Recall. 

More details about the dashboards are presented in [RD.1]. 

 

3.2 Equipment stoppage prediction 

3.2.1 Use case description and scope 

The objective of equipment stoppage analysis is to timely forecast faults of the key equipment parts of AD‟s 

Paste Plant. Once a fault forecastis raised for some equipment, the estimated fault probability for this 

equipment increases and gives information to process experts, in order that they can decide to plan 

maintenance by shutting down the equipment. The alerts are raised when the behaviour of some related 

input signals is characterized by the predictive function as abnormal. 

In aluminium, according to the process experts, the most important parts of the equipment are the BUSS 

mixer and the cooler (EIRICH), which are involved in the cold chain of the anode production. It is desired that 

a stoppage has been forecast about 45 minutes before its occurrence. 

More details about the use case and scope may be found in [RD2] and [RD3]. Also, related bibliography is 

cited in [16].  
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3.2.2 Data description 

For training, first a file with stop information is used. This file records stops and their periods in two different 

ways: 

1. According to the timestamps registered on the internal system, which also records the fault types. 

2. According to the annotation from signals (which will be called “stop annotators”) that has been 

considered also for the anode quality optimization. 

In our analysis, it was assumed that a time point corresponds to a fault existence if a fault is recorded by any 

of the above two ways. When a fault period defined by the 2
nd

 way begins at a moment when no fault is 

mentioned yet by the 1
st
 one, but is mentioned later and before the fault period defined by the 2

nd
 way ends, 

then it is assumed that a fault linked to the equipment specified by the system (1
st
 way) starts at the first 

abnormal time point of the 2
nd

 way. Usually, such a fault is identified by the 2
nd

 way up to about 10 minutes 

prior to the 1
st
. Thus, in the following, when writing expressions like “a fault is predicted n before its 

occurrence”, this few-minute difference is not included in n. In other cases, there are fault periods recorded 

only by the 1
st
 way. The type of these faults isconsidered as undefined. The above considerations are 

depicted in Figure 13: Algorithm‟s consideration for fault periods and their types, based on information of the 

internal system and the stop annotators. 

 
 

 

Figure 13: Algorithm’s consideration for fault periods and their types, based on information of the internal 
system and the stop annotators. 

Both stop information (from both sources)and process signals are provided from 1/9/2016 to 12/3/2019, thus 

this period is the one analyzed. The data analysis aims at extracting the variables (or features of them) that 

are able to timely forecast a stoppage of the respective type.From these chains, process (continuous) data are 

available within the whole period of analysis, whereas equipment data (usually binary variables indicating 

normality/abnormality) are available since 7/2017. The equipment data did not seem to help at all, because 

they always indicate abnormality after the fault has occurred, so they will not be discussed much in the 

remainder of the section. The non-constant process variables without problematic values that always existed 

within the period of analysis, and thus analyzed, are the following: 

Buss mixer:maximum/minimum/average intensity, intensity for the indication of jamming, damper 

opening,paste temperature,motor/screw velocity 

Cooler:paste level/temperature, 1st/2nd container motor intensity,tool motor intensity, water 

flow/temperature 

 

3.2.3 Data preparation 

The raw data are preprocessed so that they can properly serve as input to the machine learning model.  

a- Aggregation 

The initial timestep of the data was from 2 to 5sec. Since a constant timestep is needed for the model, the 

datawere aggregated with a 10-sec step, which is memory-efficient.The process experts provided the 

information that unluckily some process signals have a frequency of about 1Hz, which cannot be identified. 
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b- Feature computation 

Features of the data within rolling window (containing the most recent known data at each time point), 

namely means, standard deviations, maxima, minima, trend (proportional to slope obtained by linear 

regression on the raw variables considered as function of time), as well as frequency (power spectrum 

estimated by periodogram [15]), are optionally computed and used for the model input. The use of the raw 

values as input is also possible. 

c- Pre-processing capabilities of the algorithm not eventually employed 

Apart from the above, the developed predictive function supports the following operations: 

 Principal Component Analysis can be performed both on the raw data and on the features. However, 

it is avoidedas a memory reduction step, in order that the model performance is interpreted more 

explicitly in terms of the raw variables. Reducing the number of timestamps by coarser aggregation 

was considered as a better step than reducing the number of variables in that way.  

 Hidden Markov Models were tested as another data transformation technique, either before or after 

feature computation. Particularly, each variable is transformed by a Hidden Markov Model to the 

vector of probabilities of each state, except for the probability of the last class, which is linearly 

dependent on the others since their sum is 1. However, all trials showed that by applying such 

transformation the results do not improve, and also they may worsen, no matter the number of 

classes. 

 It is concluded that feature computation is a better practice than creating new variables by shifting 

the initial time series backwards in time. In the last case, worse results were obtained, and training 

became more difficult, apparently due to the plenty of input variables (see subsection 3.2.5). 

3.2.4 Machine learning modelling 

Our problem is considered as a binary classification problem; thus machinelearning outlier detection 

classifiers have been utilized. The operation time points (i.e. without fault of any type) correspond to the data 

points to be analyzed. That is, it is pointless to analyze also the data during faults, because the equipment 

restoration is subject to human intervention and usually the faults strongly affect the process data. Then, the 

binary target corresponding to an operation time point is defined as abnormal when a fault incident of 

interest (in this case a cooler breakdown) is about to occur within a pre-defined forecasting timeframen, and 

as normal otherwise. The supposed goal of the classifiers to be trained is to detect anomalies, utilizing the 

process data, only within the last operation interval of length n before a cooler fault. 

a- Training details 

The unsupervised outlier detection model that was preferred for classification was Isolation Forest (IF) [17]. IF 

and Elliptic Envelope (EE) [18] proved to be the only efficient in terms of computation time and memory 

given the large data size. Especially, EE is faster than IF in cases of univariate training and slower otherwise, 

and seems to perform better for many input variables, whereas performance for few variables is comparative. 

However, it does not always work, so eventually it is not suitable to be used compared to IF.Even worse, Local 

Outlier Factor [19] is potentially memorycostly and performs more poorly and unstably, according to 

preliminary trials. For the implementation of the classifiers training, the Scikit-Learn Python package was 

used.  

The only hyper-parameters of IF and EE that seemed to affect the results significantly are:  

 Contamination: This is the percentage of data points to be characterized as outliers. In each of our 

experiments it was set as the actual percentage of abnormal data points according to the specified 

forecasting timeframe, assuming the percentage as known. This percentage can be computed for 

every trial by the corresponding confusion matrix.  
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 Random seed: This is a randomly generated integer determining the training process. It seemed to 

affect performance only slightly and only in the case of IF.  

 Number of estimators (applicable only to IF): The higher the number, the better the results. Just time 

and memory costs increase. A value of 20 was selected, because higher values did not tangibly 

improve performance.  

The default values of all other hyper-parameters were considered, e.g. 256 for the maximum number of 

samples to train each IF tree (since there are always more samples in total). 

b- Evaluation 

Since unsupervised algorithms are employed, the evaluation set coincides with the training set.  

Commonly used evaluation measures in classification problems are precision, recall, F-measure and accuracy. 

Although these measures are used in this work, they cannot be considered as adequate to objectively 

characterize the model performance, mainly due to the severe imbalance of the classes. One way to face this 

issue was to compare the values of these metrics with those of the naive model (benchmark), that always 

predicts the most frequent class. Another approach was to compute the Matthews Correlation Coefficient 

(MCC), which is not affected by the classes‟ ratio and is applicable to binary classification problems. It always 

ranges from -1 to 1, where the highest the value, the better the performance, and 0 means neutral result. 

Therefore, MCC is considered the most appropriate measure
1
, and thus it is also used to compare models for 

forward selection. However, precisions of classes estimate the conditional probability of a fault occurrence 

within the considered forecasting horizon given the classifier‟s prediction. Particularly, the fault probability 

when no alert is raised (i.e. the normal class is predicted) is the precision of the normal class, whereas the 

fault probability when an alert is raised (i.e. the abnormal class is predicted) is the difference of the precision 

of the abnormal class from 1. Finally, since our problem deals with fault forecasting, another interesting kind 

of evaluation involves the percentage of faults that have beenforecast t time before their beginning for every 

positive t. These percentages will be called “anticipation percentages”. 

c- Variable selection over time 

The set of variables resulting from all pre-processing steps which are considered useful for forecasting is 

optionally restrictedwith forward variable selection, which is usually performed in regression problems [20-

22], but in this work it was based on the MCC resulting from some classifier‟s training
2
. Besides, the MCC

3
 of 

all variables (raw and features) obtained after univariate IF classification is visualized as a function of time. 

That is, since the process conditions alter as time passes, this procedure is not applied once for the whole 

data set, but within successive non-overlapping windows (because rolling windows would be time-

impractical) containing 240h of operation each. Thus, the variables which are most strongly related with the 

target over time and the magnitude of this relation are distinguished. 

                                                
 

1
Since contamination was set as the actual percentage of abnormal data points, false positives often equal false negatives. In that case, it 

is easy to prove, by definition of the metrics and some operations, that for each class, precision, recall and F-measure are equal. 

Consequently, mean precision, recall and F-measure of the classes, and the harmonic mean of mean precision and recall, are also equal. 

Their value equals the average of MCC and 1.   
2
 Backward or forward-backward selection would be time-inefficient. 

3
 Initially, mutual information was used instead of MCC for this purpose (requiring comparable computational cost as univariate training 

with IF), but its performance seemed too bad. 
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3.2.5 Results 

a- First observations 

Within the 2.5-year period of analysis, there is a total operation interval of about 397days. Totally, 1870 fault 

incidents immediately after normal periods were registered by any of the two aforementioned ways. In the 

cooler and BUSS mixer cases respectively, 310 and 294 of them are considered as interesting (related to the 

corresponding equipment or not recorded). Before 308 and 293 of them, 56 and 41 of which are recorded by 

the internal system, there are still data (at least 1 timestamp within the last 7.5h of operation) after feature 

computation (which leads to exclusion of timestamps at which some feature is not defined due to lack of 

data in the respective time window). The number of cooler, BUSS mixer and non-recorded faults over time 

are shown in Figure 14. 

 

Figure 14: Aluminium fault incidents of interesting type within each month from 9/2016 to 2/2019. 

Most variables are influenced by the faults in the critical equipment kinds of the BUSS mixer and the cooler, 

even if they are not directly related to them. However, it seems generally difficult to identify variables able to 

forecast the faults. Usually, the behavior of variables does not change before the faults have been detected 

by the stop annotators, even if it changes before the faults are registered by the system. 

It is known that not all faults of the same type are similar. The process experts had provided more details 

about each incident. Especially for the cooler, the only comment associated with many incidents is “high level 

in the cooler”. Such incidents started to increase in 9/2017 and their frequency was particularly intensified in 

the first 1.5 month of 2018, when 11 cooler faults were registered by the system, and other 50faults were 

identified by the stop annotators. (Of course, there are also other known types of registered breakdowns 

within the same interval.). This was a first indication that particular attention should be paid on that period. 

b- MCC obtained by univariate classifications per window 

After the above observations, the MCC was obtained by univariate classifications per window, as mentioned 

above. In these trials, a 45-min forecasting timeframe was set and all 11 features (mean, 

standarddeviation,maximum,minimum, trend andpowercorresponding to periods of 2min, 1min, 40sec, 

30sec, 24sec and 20sec) of each variable were computed within a 2-min rolling window, whereas the present 

values were also considered.  

Cooler: There are variables that exhibit quite high MCC (much higher than in case that only cooler and not 

also non-recorded faults were considered) during the period 9/2017-2/2018, and especially 1-2/2018 (Figure 

15). This indicates that many faults identified only by the stop annotators within that period were also related 
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to the cooler. Particularly, it seems that this misbehavior is linked to the cooler faults with comment “high 

level in the cooler”, according to the process experts and our observations. 

 

Figure 15: MCC per window for raw variables and features, based on univariate IF training, for cooler and non-
recorded aluminium faults. Each window contains 240h of operation. A 45-min forecasting timeframe is used. 

BUSS mixer: In this case, high values of MCC do not appear for any variable for a long time (Figure 16). This 

indicates that there is no significant ability to forecast any fault with a single variable. 

 

Figure 16: MCC per window for raw variables and features, based on univariate IF training, for BUSS mixer and 
non-recorded aluminium faults. Each window contains 240h of operation. A 45-min forecasting timeframe is 

used. 

Initially, training was executed within the whole period of analysis with a 45-min forecasting timeframe. Then, 

the period and the timeframe were adjusted based on observations related to MCC, either per window 

(above figures) or within each trained period. Training was executed with the remaining variables after 

forward selection as input. Each time the number of remaining features after forward selection ranged from 1 

to 5. 

Cooler: 

In the cooler case, particular attention has been paid to the end of 2017 and even more to the beginning of 

2018, when high MCC was observed in Figure 15. These interesting periods that are selected were obvious 

also from files with plots of the forward-selected variables within each interval just before a fault to be 

forecast. Almost always theselected features were associated with the cooler level, which seemed to start 

becoming abnormal enough time before related incidents, and more timely than any other variable (e.g. 

cooler intensity). More especially, the only feature that was almost always selected was the standard 

deviation of the cooler level, thus this is considered for the final fault forecasting model for faults related to 

high level in the cooler. Other two important features were the power of the same variable for a period of 

1minand 2min. Figure 17shows an example of a breakdown before which the aforementioned variable had 

started to vibrate with a period of about 2min. 
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Figure 17: Representative (for most cooler incidents and incidents identified only by stop annotators in the 
period 1/1-10/2/2018) example of the behaviour of the most critical raw variable (cooler level) for forecasting 
during the last operation minutes before a fault (right endpoint of plot’s time interval) begins. A few tens of 
minutes before the fault this variable gradually starts vibrating (with a period of about 2min), and as a result the 
classifier anomaly score (after IF training on the above period using the standard deviation of the cooler level 
within a 2-min window as input) increases (hence the gradual change of the points’ colour from green to red). 

From Table 1it is inferred (as expected) that the period from 1/1 to 10/2/2018 has higher MCC than the other 

wider periods. This happens because most of incidents related to high level in the cooler occurred therein. 

Also, in Table 2 the forecasting timeframe is adjusted for the above period. The timeframe of 20min is that 

with the best MCC, so it may be characterized as the timeframe for feasible forecast. For this timeframe, a 

histogram depicting the anticipation percentages is provided by Figure 18.as well. Therein it is shown that 

forcontamination corresponding to that timeframe, about 6.5% and 43% of the incidents of interest had been 

forecast 45min and 20min before their occurrence respectively, whereas 97% of them had been forecast at 

the last moment of operation. In addition, there were hardly any alerts more than 75min before some 

incident of interest (approximately 0.1% of all corresponding time points). 

Table 1: Confusion matrix metrics for basic training executions in aluminium domain for forecasting cooler and 
non-recorded faults, for 45-min forecasting timeframe. Numbers in brackets correspond to the benchmark. 

45-MIN TIMEFRAME 1/9/16-12/3/19 1/9/17-10/2/18 1/11/17-10/2/18 1/1-10/2/18 

True Positives 3218993 (3314446) 591107 (608704) 367650 (379194) 168619 (174864) 

False Negatives 95453 (0) 17597 (0) 11544 (0) 6245 (0) 

False Positives 95303 (115241) 17596 (29947) 11519 (22438) 6245 (15429) 

True Negatives 19938 (0) 12531 (0) 10919 (0) 9184 (0) 

Precision (normal class) 97.12% (96.64%) 97.11% (95.31%) 96.96% (94.41%) 96.43% (91.89%) 

Recall (normal class) 97.12% (100.00%) 97.11% (100.00%) 96.96% (100.00%) 96.43% (100.00%) 

F-meas. (normal class) 97.12% (98.29%) 97.11% (97.60%) 96.96% (97.13%) 96.43% (95.77%) 

Precis. (abnormal class) 17.28% 41.24% 48.61% 59.52% 

Recall (abnormal class) 17.30% (0.00%) 41.24% (0.00%) 48.66% (0.00%) 59.52% (0.00%) 

F-measure  

(abnormal class) 
17.29% 41.24% 48.64% 59.52% 

Precision  

(mean from classes) 
57.20% 69.18% 72.78% 77.98% 

Recall  

(mean from classes) 
57.21% (50.00%) 69.18% (50.00%) 72.81% (50.00%) 77.98% (50.00%) 



 Model based control framework for Site-wide Optimization of data-intensive processes 

 
 

Deliverable nr. 

Deliverable Title 

Version 

D5.4 

Final Online and Deep Machine Learning Techniques 
1.1     2019/08/01 

Page 24 of 99 

 
 

F-measure  

(mean from classes) 
57.20% 69.18% 72.80% 77.98% 

F-measure (precision-

recall harmonic mean) 
57.20% 69.18% 72.79% 77.98% 

Accuracy 94.44% (96.64%) 94.49% (95.31%) 94.26% (94.41%) 93.44% (91.89%) 

Matth. Cor/tion Coeff. 0.1441 (0.0000) 0.3835 (0.0000) 0.4559 (0.0000) 0.5595 (0.0000) 

 

Table 2: Confusion matrix metrics in aluminium domain for forecasting cooler and non-recorded faults, for the 
period 1/1-10/2/2018 and several forecasting timeframes. Numbers in brackets correspond to the benchmark. 

1/1-10/2/18 30-min timeframe 20-min timeframe 15-min timeframe 

True Positives 176854 (179907) 181309 (183219) 183349 (184939) 

False Negatives 3053 (0) 1910 (0) 1590 (0) 

False Positives 3046 (10386) 1807 (7074) 1572 (5354) 

True Negatives 7340 (0) 5267 (0) 3782 (0) 

Precision (normal class) 98.31% (94.54%) 99.01% (96.28%) 99.15% (97.19%) 

Recall (normal class) 98.30% (100.00%) 98.96% (100.00%) 99.14% (100.00%) 

F-meas. (normal class) 98.30% (97.19%) 98.99% (98.11%) 99.15% (98.57%) 

Precis. (abnormal class) 70.62% 73.39% 70.40% 

Recall (abnormal class) 70.67% (0.00%) 74.46% (0.00%) 70.64% (0.00%) 

F-measure (abnormal class) 70.65% 73.92% 70.52% 

Precision (mean from classes) 84.47% 86.20% 84.78% 

Recall (mean from classes) 84.49% (50.00%) 86.71% (50.00%) 84.89% (50.00%) 

F-measure (mean from classes) 84.47% 86.45% 84.84% 

F-measure (prec.-recall harmonic mean) 84.48% 86.45% 84.83% 

Accuracy 96.79% (94.54%) 98.05% (96.28%) 98.34% (97.19%) 

Matthews Correlation Coefficient 0.6895 (0.0000) 0.7291 (0.0000) 0.6967 (0.000) 
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Figure 18: Stacked histogram of fault alert presence/absence as a function of time before breakdown, for cooler 
stops and stops identified only by the stop annotators (aluminium domain) that occurred within the period 1/1-
10/2/2018, for 20-min forecasting timeframe. It should be noted that the tops of the orange bars correspond to 

the number of all observations, with or without alert. 

From the empirical 95% confidence intervals for MCC obtained by 30 independent training executions (15 for 

each classifier with different random seed each) for each of the window sizes of 1min, 2min and 5min for 

feature computation using the most critical feature as input with a 20-min timeframe, it follows that the 

option of 2min is the best of the three. This is also justifiable by the 2-min periodicity of the cooler level while 

abnormal, as shown in the example above.  

Finally, it is worth mentioning that when all the information about the last 2 minutes was explicitly used in a 

secondary experiment by constructing auxiliary variables being the critical raw one shifted by all delays under 

2min which are a multiple of the data resolution (10sec), instead of computing features, worse results were 

obtained, and training became more difficult, apparently due to the plenty of input variables (12 including 

the raw one). Also, in this trial predominant performance of EE is observed (MCC=0.6781), although 100 

estimators instead of 20 were used for IF (MCC=0.4513). 

The misbehaviour of the cooler level shown in Figure 17 suddenly stopped occurring after 10/2/2018 

(apparently due to some fix of the problem by the operators), but it happened some more times later, from 

3/2018 to 8/2018. Since then, it never happened again within the analyzed period, and it is unknown if the 

repair of the problem is temporary or permanent. 

BUSS mixer: 

Unfortunately, for the BUSS mixer nothingis promising for short-term forecasting, based on either 

visualization of the variables‟ plots before related faults or the classification evaluation metrics. That is, no 

common change of behavior of some signal(s) is detected among different incidents, either related or 

irrelevant to the mixer. There is no indication that a more sophisticated pre-processing or classification 

approach can actually help (although some trials have already been executed), because no timely change is 

observed in the data behavior before the BUSS mixer faults. However, 23 of the total 41 BUSS mixer faults 

occurred within the first 7 of the total 30 monthsof the period of analysis (i.e. until 3/2017), whereas only 

other 3 happened within the next 10 months (4/2017-1/2018), and the remaining 15 incidents took place 



 Model based control framework for Site-wide Optimization of data-intensive processes 

 
 

Deliverable nr. 

Deliverable Title 

Version 

D5.4 

Final Online and Deep Machine Learning Techniques 
1.1     2019/08/01 

Page 26 of 99 

 
 

within the latest part of the analyzedperiod. Maybe the change in fault frequency over time can be explained 

by some configuration changes made by the plant operators. One of these changes happened in 8/2017, and 

afterwards many process variables of the ones analyzed stopped exhibiting spikes, which appeared very 

often previously, although not directly before faults. The only thing that can be stated is that many faults 

until 3/2017 had beenattributed by the experts to very high oil temperature, for which no related process 

variable exists. 

For typical reasons, the results of the best model found within the whole period of analysis with a 45-min 

forecasting timeframe follow (Table 3, Figure 19). Apparently, these results also do not indicate any 

significant dependence between abnormalities of BUSS mixer variables and upcoming faults, so it is pointless 

to propose a fault forecasting model for the BUSS mixer. 

Table 3: Confusion matrix metrics for basic training execution in aluminium domain for forecasting BUSS mixer 
and non-recorded faults,for45-min forecasting timeframe and for the whole period of analysis. Numbers in 
brackets correspond to the benchmark. 

True Positives 3208501 (3315536) 

False Negatives 107035 (0) 

False Positives 107035 (114151) 

True Negatives 7116 (0) 

Precision (normal class) 96.77% (96.67%) 

Recall (normal class) 96.77% (100.00%) 

F-measure (normal class) 96.77% (98.31%) 

Precision (abnormal class) 6.23% 

Recall (abnormal class) 6.23% (0.00%) 

F-measure (abnormal class) 6.23% 

Precision (mean from classes) 51.50% 

Recall (mean from classes) 51.50% (50.00%) 

F-measure (mean from classes) 51.50% 

F-measure (precision-recall harmonic mean) 51.50% 

Accuracy 93.76% (96.67%) 

Matthews Correlation Coefficient 0.0301 (0.0000) 
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Figure 19: Stacked histogram of fault alert presence/absence as a function of time before breakdown, for BUSS 
mixer stops and stops identified only by the stop annotators (aluminium domain) that occurred within the whole 

period of analysis, for 45-min forecastingtimeframe. It should be noted that the tops of the orange bars 
correspond to the number of all observations, with or without alert. 

 

3.3 Equipment misbehaviour 

3.3.1 Use case description and scope 

The objective of Equipment Misbehaviour analysis is to determine the different behaviours of the key 

equipments of AD‟s Paste Plant. Once the behaviours identified, the possible correlations between a given 

behaviour and a deviation and decrease of the anode quality can be found and give information of a trend to 

maintenance and process experts, in order that they can decide to adjust equipment or process parameters 

(where possible) or to plan maintenance (if needed considering the obtained variables). Unknown behaviours, 

that do not directly impact the anode density, but for which actions should still be taken in order to get back 

to standard process conditions could also be discovered. In online mode, alertswould also be arisen when 

unknown behaviours arise. 

 

3.3.2 Data description and preparation 

Several iterations of the approach were made in the first iteration of the project. At first, only key equipments 

were analysed separately: the BUSS Mixer, the EIRICH cooler, and the Condenser. After several discussions 

with process experts from AD, the decision was made to apply the approach to the entire J+K chain of the 

Paste Plant, i.e. for several key equipements altogether. Here only the results related to this last iteration are 

presented. 

The list of most important parameters defined by process experts was the following: 
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D110-G130_DEB_BRAI_CORIOLIS_G130 
D110-G130_TEMP_BRAI_CORIOLIS_G130 
D110-G131_DEB_BRAI_CORIOLIS_G131 
D110-G131_TEMP_BRAI_CORIOLIS_G131 
D110-H070_TEMP_F_T_VIS_PRECHAUF_COKE 
D110-H080_TEMP_F_T_MALAXEUR 
D110-J140_TEMP_COKE_ENTREE_J150 
D110-J140_VIT_ROTATION_VIS_PRECH 
D110-J160_INT_MOY_MALAXEUR 
D110-J160_MES_OUV_CLAPETS_MALAXEUR 
D110-J160_TEMP_PATE 
D110-J170_NIVEAU_MELANGEUR_REFROIDIS 
D110-J170_TEMP_INSTANT_PATE 
D110-J172_INT_MOT_TOURBILLON 
D110-J173_DEB_EAU_REFROIDISSEMENT_J173 
D110-J173_TEMP_EAU_REFROIDIS 
D110-J173_VIT_POMPE_A_EAU 
D110-K030_POIDS_BRUT_TREMIE 
D110-K030_POIDS_NET_TREMIE 
D110-K040_POIDS_PATE 
D110-K050_POIDS_PATE 
D110-M150_DEPRESSION_CONDENSEUR 
D110-M150_To_EAU_ENTREE_CONDENSEUR 
D110-M150_To_EAU_SORTIE_CONDENSEUR 
D110-M150_To_VAPEUR_ENTREE_CONDENSEUR 
D110-M150_To_VAPEUR_SORTIE_CONDENSEUR 
 

Those 27 process parameters are related to the dosing of the raw materials, to the BUSS Mixer, the EIRICH 

cooler and their raw material preheating, as well as to the vibrocompactors and the condenser. 

All those parameters are measured every second. In this approach, the elementary mesh of analysis is a 

period of five minutes of production. This duration was chosen after discussions with process experts. The 

preparation of the data is therefore the following: 

 Aggregation of the data to 5 minutes periods 

 Computation of simple statistical indicators to summarize each parameter‟s behaviour in the period: 

median value, standard deviation, 5% and 95% percentiles 

 Suppression of periods for which the paste plant was stopped.  

For this analysis, the data from September 2016 to June 2017 were firstly used. The prepared dataset 

contains approximatively 40000 periods of 5 minutes. 

 

3.3.3 Machine learning modelling 

The approach developed for this POC is an unsupervised machine learning approach. The approach can be 

split in several steps: 
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 Selection (by process experts) of the most important process parameters for each equipment of 

interest 

 Preparation (by data scientists) of those data – cleaning, pre-processing 

 Application of unsupervised machine learning algorithms (“clustering techniques”) on those data 

 Presentation of the clusters / behaviours to process experts 

At that point, either the clusters make a business sense to process experts – then move to the next steps (see 

below). If not, there should be a go back to the previous steps: either selecting other variables, applying 

other preparations, or other clustering techniques. 

Once the obtained clusters are satisfactory for the process experts, it is necessary to: 

 Train another model for recognizing those clusters in real-time 

 Be able to raise alerts if new unknown behaviours arise in real-time 

 

3.3.4 Results 

Once data prepared, an unsupervised machine learning approach was applied in order to group them into 

different clusters / behaviours. The approach chosen is called “agglomerative hierarchical clustering”. The 

idea is to start by associating each period to its own cluster. Then, clusters that are the most similar (in terms 

of a distance metric, here Euclidean) are merged together. A hierarchy of clusters that can be represented by 

a tree (or dendrogram) is obtained. 

The dendrogram obtained in the analysis is shown in Figure 20. 
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Figure 20: Dendrogram. The dashed red line indicates the selected threshold. 

 

A threshold on the distance (y axis of the dendrogram, red dashed line) is selected, and all the periods 

belonging to the same branch below this threshold are associated to a single cluster. 

 

Here, 19 clusters are obtained in the end. However, 8 of those clusters were containing less than 10 periods 

and were removed for the rest of the analysis. The parameters associated to those rare clusters were found to 

be outliers (sensors anomalies, typically), that do not characterize in a realistic way the different behaviours of 

the paste plant. 

 

Once the clusters built, they need to be analysed in order to understand if they make business sense. To do 

that,data-scientistslooks at: 

 

 The distributions of the different process parameters for each cluster 

 The time repartition of those clusters 

 

For the first point, the boxplots of each process parameter for each cluster are drawn, in order to compare all 

of them. For illustration purpose, those boxplots for 3 process parameters are shown: 

 D110-J173_TEMP_EAU_REFROIDIS (Water cooling temperature of the EIRICH Cooler, Figure 21); 

  D110-H070_TEMP_F_T_VIS_PRECHAUF_COKE (Temperature of the BUSS Mixer pre-heating 

screw,Figure 22); 

 D110-J170_NIVEAU_MELANGEUR_REFROIDIS (Level in the EIRICH Cooler, Figure 23). 

 

It canbe seen for instance from these plots that particular behaviours can be associated to some of those 

clusters. For instance, clusters 6 and 7 show both a higher D110-J173_TEMP_EAU_REFROIDIS and D110-
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H070_TEMP_F_T_VIS_PRECHAUF_COKE; while cluster 14 shows a lower-than-usual D110-

J170_NIVEAU_MELANGEUR_REFROIDIS. 

 

 

Figure 21: Boxplot of D110-J173_TEMP_EAU_REFROIDIS for the different clusters obtained. The values on the Y 
axis are hidden for confidentiality purpose 

 

 

Figure 22: Boxplot of D110-H070_TEMP_F_T_VIS_PRECHAUF_COKE for the different clusters obtained. The 
values on the Y axis are hidden for confidentiality purpose 

 

 

Figure 23: Boxplot of D110-J170_NIVEAU_MELANGEUR_REFROIDIS for the different clusters obtained. The 
values on the Y axis are hidden for confidentiality purpose 

 

For understanding the time repartition of those clusters, their repartition for each month of data which were 

analysed was looked at.  
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This repartition is shown for the first three months of data analysed here, i.e. September to November 2016, 

inFigure 24. Cluster 6 appears for instance only in September 2016, while cluster 14 is highly dominant in 

October 2016, before appearing much less frequently in the following months. 

 

These results were discussed with Aluminium Dunkerque. However, beyond the interpretations of those 

clusters, and the definition of possible actions to mitigate abnormal behaviours, difficulties arose when trying 

to detect these clusters in a more recent dataset. 

 

 

Figure 24: Repartition of the different clusters obtained for the first three months of analysed data 

 

3.3.5 Difficulties of the approach 

As discussed in the previous sections, the goal of this approach is to be able to recognize in real-time if a 

new 5-minutes period belongs to one of the identified clusters; give a possible action if the cluster is 

abnormal; and raise an alert if an unknown behaviour appears. 

 

To do so, once the clusters defined (see previous section), two machine learning classifiers are trained: 

 

 A One-class Support-Vector Machine (SVM), which aims at detecting newcomers, i.e. determine if a 

period is similar to the periods used to create the clusters, or if it is a new behaviour; 

 A Gradient Boosted Decision Trees classifier, which aims at associating a period to a given cluster, in 

case it is declared as a “standard” period by the one-class SVM. 
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Those models are trained on the same dataset which was used for the clustering, i.e. from September 2016 to 

June 2017. To test them, a new set of data is employed, from February 2018 to August 2018. 

 

When applying the one-class SVM to this new dataset, all the new periods were tagged as new behaviours. 

This means that some of the process parameters that were used to define the clusters have drastically 

changed from June 2017 to February 2018. This can be clearly seen for instance on the process parameter 

D110-H070_TEMP_F_T_VIS_PRECHAUF_COKE, whose distribution is shown in Figure 25. The orange histogram 

shows the distribution of this parameter in the data used to train the clustering, while the blue distribution 

represents the data on the February 2018 to August 2018 period.  

 

As some of the parameters used to define the clusters have drastically changed, the one-class SVM detects 

all the new data as new behaviours. This means that the clustering needs to be retrained on the latest dataset 

before being able to use the model in production. 

 

The difficulty stands in the fact that automatizing a clustering approach is a highly challenging task. The 

analysis done here showed that some of the paste plant process parameters can highly change over time – 

an issue that was not obvious to AD process experts. 

 

 

Figure 25: Distributions of D110-H070_TEMP_F_T_VIS_PRECHAUF_COKE for the period September 2016 – June 
2017 (orange) and for the period February 2018 – August 2018 (blue). The values taken by the parameter (X-axis) 

are hidden for confidentiality purpose. 

 

For this reason, it has been decided to not deploy the functionality in the Runtime Container, focusing the 

effort on the anode quality use case, which showed a more direct impact on anode density as well as an 

easier possibility of automatic re-training. 

3.4 Pot thermal balance and liquid heights 

3.4.1 Use case description and scope 

The objective of the analysis for pot thermal balance is to prevent possible damages to the electrolytic pots, 

caused by high temperatures. A damaged pot needs to be replaced, which results to high costs due the 

replacement of the pot and the destabilization of the overall electrolysis process. Once the developed model 

forecasts that the temperature will raise above a given threshold, alerts will be shown in order to inform the 

operators and take preventive actions. Furthermore, the importance of the prediction of the liquids height is 
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an enabler for a better control of these parameters. In addition, more the process is stable, better is the 

current efficiency and the energy consumption of the pot. 

3.4.2 Data description 

The process of aluminium production is periodic with a period of 32 hours. Every 32 hours the process resets 

and is safely assumed by the process experts and by the experiments that the liquids height at each process 

is independent of the previous processes. The electrolysis dataset is divided into two main sub-datasets each 

one of which corresponds to a period of 24 months. The minute-based dataset has a sampling frequency of 1 

minute and the shift-based dataset has sampling frequency of 8 hours. The minute-based dataset has 133 

variables while the shift-based has 233 variables. The target variables (liquid heights and thermal balance) 

can be found in the shift-based dataset. Each dataset has measurements of signals (binary variables) and 

measurements of quantities (quantitative variables). The observations refer to 264 independent electrolytic 

pots for the same period. Since the measurement of some variables exposes the operators in dangerous 

conditions, the sampling ratio for those variables is non-periodic; hence, those variables do not follow a 

sampling pattern. 

3.4.3 Data preparation 

The data preparation pipeline consists of a mix of data cleaning, feature engineering, feature compression, 

feature selection and data fusion techniques, as an example can be shown at Figure 26. As a first step both 

the minute and shift based datasets were cleaned by removing variables with high percentage of null values, 

variables with constant values and variables that had high correlation with other variables. Subsequently, for 

the minute-based dataset, a two-way feature engineering architecture was applied. For the variables that 

were true-valued time series, features were extracted (21 additional features) for each quantitative variable in 

order to summarize each parameter‟s behaviour in an 8-hour interval of the shift-based dataset. For the 

variables that were binary, the features that were extracted are a) the amount of time that it was in the 

measured state, b) the amount of time the signal was in the previous state, c) the number of times that signal 

changed, d) The number of times the signal was 1, e) the number of times the signal was 0, f) the average 

amount of time the signal was 1, g) the average amount of time signal was 0. After compressing the 

extracted features using Principal Components Analysis, data fusion of the extracted features of the minute-

based dataset for a given shift with the variables of the given shiftand cleaning was applied. Subsequently, 

the fused dataset was modelled by concatenating the features of each shift that referred to each sub process 

of the metal production. Specifically, three measurements (3 shifts) were available in a 24-hour interval. 

Finally, depending on the type of the model developed,a different feature selection approach was followed. 

For the non-recurrent models, the fused datasets were passed through the recursive feature elimination 

method obtained with a Random Forest Regressor in order to select the most appropriate features. For the 

recurrent models the features selection was applied in the beginning of the data preparation pipeline after 

the first data cleaning of the minute and shift-based datasets. Specifically, the last available measurement of 

the shift-based variables was fused with the closest in time measurement of the minute-based variables and 

recursive feature elimination was applied in order to reduce the size of the features. 
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Figure 26: Data Preparation pipeline in the electrolysis problem 

 

3.4.4 Machine learning modelling 

Clustering: 

In general, the pots are not identical by means of operation, each one has its own behaviour which is 

common for some pots, i.e. clusters of pots with similar behaviour theoretically should exist. Two approaches 

were developed in the first iteration in order to find clusters of pot, without success on finding the clusters. 

Hence, two training strategies were followed, one that developed one model for each pot and one that 

developed one model trained on all the pots. The first strategy has the advantage that does not have to learn 

multiple behaviours, but the number of samples to be trained to is dramatically reduced by a factor of 264. 

The second strategy, which is the one with the better results, has the complimentary advantages and 

disadvantages.  

Liquids Height: 

Bath height and Metal height variables are the so-called liquids height. Supervised machine and deep 

machine regression models were utilized alongside with their boosted versions. Support Vector Machine 

(SVM), Random Forest Regressor (RF-R), Artificial Neural Networks (ANN), Recurrent Neural Networks (RNN), 

Long-Sort Term Memory ANN (LSTM-ANN), Convolutional Neural Networks with ANN (CNN+ANN) and the 

Bidirectional versions of the recurrent models are the raw models that were developed. 

Thermal Balance: 

As it was stated, the objective is to forecast whether the temperature of a pot will exceed or not a certain 

threshold. Hence, there are two ways to formulate the model. The first way is to utilize regression models to 

predict the exact level of the temperature and check if the temperature exceeds the limit. The second way is 

to utilize the classification versions of the aforementioned models and train the models to predict if the 

temperature will exceed the threshold. The best classifier was an SVM Classifier. Regression models have 

better recall with precision of the hot pots 75% and below, but the classification ones should be used since 

the limitation to obtain at least 85% precision at predicting the hot pots is achieved only by those models. 

The desired precision threshold is achieved by defining the correct penalty coefficients to the model. Class 
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balancing methods were also developed in order to achieve the precision threshold, but only for SVM 

classifier, the classification models reached the precision threshold without any improvement to the recall KPI 

relative to the penalty coefficient alternative. Taking into account that oversampling class balancing methods 

led to the desired precision and that more data for train require more time and resources the class balancing 

methods are not used. The oversampling techniques that were utilized are the SMOTE, Random 

oversampling, Borderline Smote and Kmeans Smote. 

 

Training details: 

Each ANN-based model was trained 100 times in order to take into account the random initialization of the 

neuron weights. The goal is to experimentally justify that the performances of the produced models are not 

governed by the randomness of the initialization weights, but instead that the randomness plays a minor role 

to the performance of the models. The non ANN-models were trained more than thirty times.The training 

samples were always the same and left unshuffled since in a real case scenario the model will be trained in a 

historic period in order to predict the future. In the training session the future data are supposed to be the 

validation/test set therefore, the dataset is not shuffled since; samples from the future will be present in the 

training data that would probably expose some information about the state of the process of the future, 

which is not feasible. In order to experimentally justify that the models are robust by means of performance 

in the choice of the sampled data, the dataset was shrined by removing the [0, 40] % most recent data with a 

step of 5%. Shrinking the dataset, more than 40 % led to significantly reduce of the performance of the 

models, which is caused by the number of the sampled of the dataset. The performance was dropped for 

40% shrinking ratio by 17% (6.63 R-squared) which is assumed to be caused by the data removal. The 

justification that the number of samples play the key role in the performance reduction was made by 

resampling the training data of the full dataset, with a ratio of [0-60] % and 10% step, spanning the whole 

time-range of the training data on each trial. The performance reduction was following the way the 

performance was reducing by removing the most recent time range of the initial dataset. The standard 

deviation of the RMSE had the maximum value of 0.03 and 0.02 for the bath and metal height respectively, 

while the maximum standard deviation of the R-squared was 0.02 and 0.01 for the bath and metal height 

respectively. From the standard deviations, it is concluded that the performance of every model with every 

hyper-parameter is not dependent on the training/testing samples of the current dataset. 
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Hyper Parameters: 

 ANN: 500-100 max-neurons, 1-5 max-layers, each subsequent layer has 33% less neurons than the  

 previous, total 25 models 

 Recurrent-ANN‟s: 3 layers with (64, 32, 16), (32,16, 8), (16,8,4) neurons respectively. 

 SVMRegressor: C=1:100 step=5, gamma = (0.1 – 0.00001) step 1/10,  

 SVC: C=1:100 step=5, gamma = (0.1 – 0.00001) step 1/10, penalty weight (Not Hot, Hot) → (1,1) to 

(6,1) 

 RF: n_estimators (10,100) step =10 

 CNN+MLP: 3 layers + 2 layers with(32,24,16,8 + 128,100), (64,32,16,8 + 128, 100) neurons 

respectively 

 

3.4.5 Results 

Clustering: 

Two unsupervised clustering architectures were developed in order to find pots with common behaviour and 

group them together so that each cluster is trained separately. For both architectures, the same clustering 

techniques were used but the input that is given to the clustering techniques differs. The first architecture has 

as input the encoded output of the code layer from an Autoencoder. The input to the Autoencoder 

contained time series features that were extracted for the bath and metal height. The Autoencoder is used in 

order to produce a stable and compact representation of extracted features. The second architecture has as 

input, the distance matrix that is derived from the Dynamic Time Warping algorithm (DTW). Specifically, two 

distance matrices were obtained, one for bath height and on for metal height and the clustering techniques 

were applied to the distance matrices. The clustering techniques that were utilized are the K-means, DBSCAN, 

Spectral Clustering, Mean shift and Agglomerative Hierarchical Clustering. The metric that was used in order 

to evaluate the clustering performance of the clustering techniques is the silhouette score. Isomap is a 

dimensionality reduction technique, which were used in order to acquire essential supervision on the 

clustering performance. None of the clustering methods was able to extract some interesting clusters, while 

the DTW algorithm for the metal height time series with 0.48 silhouette score achieved the best clustering 

performance. Overall, none of the clustering methods was able to extract dense and separable clusters. Even 

if a method were able to extract excellent clusters that would not mean that the clusters would represent the 

different behaviours in search. The R-squared metric for each model, each cluster and each clustering 

technique lies in the range of [0.19 - 0.24] for bath height and [0.31-0.41] for metal height, which was 

expected since the clustering was poor and the number of training samples per cluster was much smaller 

relative to the whole dataset. 
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Figure 27:  Isomap representations of the Dynamic Time Warping distance matrix for a) the Bath Height (left) and 
b) the Metal Height (right), and the clusters that were formed with k-means. Each dot represents a pot. Silhouette 

Scores were 0.39 and 0.48 

 

 

Figure 28: Isomap representation of the code layer of the Autoencoder and the formed clusters with k-means. 
Each dot represents a pot. Silhouette Score: 0.30 

Bath Height: 

The best regressor for bath height scenario is an Artificial Neural Network with 𝟓 layers with 

𝟓𝟎𝟎, 𝟒𝟎𝟎,𝟑𝟎𝟎, 𝟐𝟎𝟎,𝟏𝟎𝟎 neurons, respectively (seeTable 4). Overall, all the models except the RNN and LSTM 

achieve almost the same performance. The results about the prediction of bath height are not encouraging, 

but with further analysis and a sufficient clustering architecture for the clustering of pots with similar 

behaviour can lead to a model able to be used in industry. By evaluating more methods the probability of 

arriving on a more suitable model for the problem is increased. 

Table 4: Best parameters for each model for Bath Height 

Model Name Hyper-parameters R-squared RMSE Mean 

Error 

STD 

Error 

ANN 500,400,300,200,100 0.39 1.82 1.81 0.017 

RF-R 20 0.35 1,94 1.93 0.001 

RNN 16, 8 0.30 1.94 1.96 0.036 
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LSTM 16, 8 0.28 2.06 2.11 0.010 

B-RNN 16, 8 0.38 1.86 1.84 0.014 

B-LSTM 32, 16 0.37 1.90 1.92 0.018 

CNN+ANN 32,24,16, 8+128, 100 0.36 1.93 1.92 0.001 

Metal Height: 

The best regressor for the prediction of Metal Height is a B-RNN, with hyper parameters 8 and 4 (see Table 

5). Metal height shows promising results and with further analysis, even better results could be obtained. At 

its present form, the error is within acceptable margins for industrial use. 

Table 5: Best parameters for each model for Metal Height 

Model Name Hyper parameters R-squared RMSE Mean Error STDError 

ANN 400,300,200,100 0.63 1.12 1.11 0.003 

RF-R 20 0.63 1.13 1.13 0.002 

RNN 32, 16 0.66 1.07 1.01 0.061 

LSTM 32, 16 0.66 1.06 1.07 0.005 

B-RNN 8, 4 0.68 1.04 1.03 0.011 

B-RNN 32, 16 0.67 1.05 1.07 0.024 

CNN+MLP 64,32,24,16+128, 100 0.62 1.16 1.15 0.026 

Thermal Balance: 

The best model for the prediction of the thermal balance threshold excision is a Bagging SVΜ-Classifier, with 

hyper parameters n_estimators=5, C=1, gamma=0.001, kernel = RBF and penalty weights 6: for Not Hot class 

and 1: for Hot Class (see Table 6). The regression models seem promising and with further analysis, the 

threshold of 85% could be achieved.The threshold of 85% is set by the process experts. The reason that such 

a high precision threshold is required is to be viable for the operators to check the temperature of the pot, 

since each time an alert is risen the operators should consume time to go and check the temperature. 

Table 6: Best parameters for each model for Thermal Balance 

Model Name Hyper parameters Precision 

Not Hot 

Precision 

Hot 

Recall 

Not Hot 

RecallHot 

ANN-Reg 500,400,300,200,100 0.72 0.71 0.88 0.46 

RF-Reg n_estimators=15 0.69 0.42 0.72 0.33 

SVM-Reg C=1, gamma=0.001,kernel=RBF 0.92 0.36 0.92 0.54 

RNN-Reg 64, 32, 16 0.75 0.62 0.76 0.61 

LSTM-Reg 64, 32, 16 0.70 0.70 0.89 0.42 

GRU-Reg 64, 32, 16 0.72 0.66 0.83 0.49 
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B-RNN-Reg 63, 32, 16 0.71 0.62 0.76 0.50 

B_LSTM-Reg 64, 32, 16 0.72 0.72 0.90 0.40 

B-GRU-Reg 64, 32, 16 0.73 0.66 0.83 0.52 

CNN+ANN-Reg 32,24,16, 8+128, 100 0.69 0.73 0.92 0.35 

 SVΜ-Class 
C=1, gamma=0.001,  

kernel=RBF,class_weight: 6,1 
 

0.96 

 

0.86 

 

0.98 

 

0.10 

ANN-Class 
500,400,300,200,100 

class_balance_ratio=1:1 

0.93 0.72 0.91 0.16 

RF-Class 
15 

class_weight= 5,1 

0.84 0.66 0.83 0.27 

RNN-Class 
64, 32, 16 

class_balance_ratio= 1:1 

0.79 0.62 0.76 0.31 

LSTM-Class 
64, 32, 16 

class_balance_ratio= 1:1 

0.81 0.65 0.83 0.28 

GRU-Class 
64, 32, 16 

class_balance_ratio= 1:1 

0.83 0.66 0.86 0.27 

B-RNN-Class 
63, 32, 16 

class_balance_ratio= 1:1 

0.81 0.66 0.87 0.26 

B_LSTM-Class 
64, 32, 16 

class_balance_ratio= 1:1 

0.81 0.67 0.83 0.21 

B-GRU-Class 
64, 32, 16 

class_balance_ratio= 1:1 

0.85 0.59 0.90 0.52 

CNN+ANN-Class 
32,24,16, 8 + 128, 100 

class_balance_ratio= 1:1 

0.88 0.63 0.92 0.29 
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4 Machine and Deep Learning techniques application to Plastic Domain 

In the Plastic domain, the objective of the online and deep machine learning techniques is to anticipate the 

breakdowns and/or highlight equipment/process deviation that impacts the injection molding process and 

therefore the quality of the manufactured coffee capsules.  The initial objective is to use existing 

measurements on equipment only (voltage, current signals, etc.).  Nevertheless, some additional sensors 

could be introduced if they are promising to increase the robustness of the predictive function and provide 

more insight into the production process. 

4.1 Use Case 1: Coffee capsules and Lids 

4.1.1 Use case description and scope 

At GLN, there are two types of injection molding machines, namely, Husky and Krausmaffei machines. Both 

kind of machines produce approximately 1 million capsules per day. The long term rejection rate of the 

capsule is currently at 3% and should be decreased to 2.25%. These are waste parts which are sold as waste 

which is recycled externally. In general, there are two areas where waste parts can occur: the molding tool 

and the molding process. 

 

The Molding Tool 

Molding tool contains the cavities, the hot runner system and the cooling channels. If one of these 

components is damaged waste parts will continuously be produced, because an “automatic repair” or a 

process adaptation is physically not possible. The measurements of the capsules (height, diameter and holes) 

change due to wearing of the cavity (wearing is caused due to abrasion which means that a few nanometers 

of steel are removed at each and every injection molding cycle. Over a long production period the affected 

measurement will leave the tolerance belt. Over a long period without maintenance the diameter of the 

coffee capsules will slightly increase due to wearing). Damage of the cavity – Especially if a part sticks at the 

die side of the mold it cannot be ejected and crashes into the other side of the mold when the molding tool 

is closing. A damage of the mold can also happen if a part falls to slow so that it has not left the parting 

plane when the molding tool is closing. It can also happen that an ejector or a core in the cavity breaks. All 

these effects lead to a sharp change in the quality measurements (height and diameter change their values 

sharply, holes will not be formed properly). This should be detected by the visual inspection system being 

installed at GLN and lead to the effect that coffee capsules with the same number (i.e. 713) are rejected. In 

this case an alarm should be created that the process must be stopped immediately. The machine worker 

then can go to the molding tool and have a visual inspection of what happened and can close the affected 

cavity until the next maintenance of the molding tool is done. The aim of use case 1 is to raise an alarm if 

capsules present a bad quality (height and/or diameter and/or holes) in order to stop the manufacturing 

process to prevent the manufacturing of waste parts.  

 

Molding Process 

During the long-term manufacturing of the coffee capsules, parameters of the injection molding process can 

slightly change due to various changes of the environment (temperature and humidity in the factory, 

deviations in the energy supply system, heating of oil temperature, deviations in the quality of the plastic 

granules, wearing of machine parts). The aim is to monitor technical parameters of the molding machine and 

raise an alarm if the deviation is increasing over the defined values.  
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The Visual inspection system 

The quality of the capsules is captured by the visual inspection system provided by IMD Vista. IMD Vista 

quality control uses two levels of scanning. Cameras installed in the visual inspection system check the 

parameters at two sublines. The measured dimensions and properties are compared against expected 

thresholds. Whenever the measured values are not within the threshold, they are rejected by the inspection 

system.  

4.1.2 Data description 

Different types of data sources are used for the use case 1 throughout the project. Different sets of data were 

available at different times of the project.  

4.1.2.1 Process data 

The most important data used on different machine learning and deep learning techniques are the data from 

injection molding machines. They describe the attributes measured during injection molding process. The 

attributes include duration of the cycle, behaviour of cooling time, cushion, screw runtime, time needed for 

different stages of molding cycle, temperatures etc. During normal operations, each cycle lasts almost 7 

seconds.  

4.1.2.2 Quality data 

The data from the visual inspection system indicated the quality of plastic parts (lids and capsules). This data 

was captured in real-time and moved to monsoon platform. This is a raw data measuring attributed of the 

produced parts. The parts are rejected based on the thresholds defined by the process experts.  

Though this data looks promising, there is no straightforward way one can match the quality information 

with cycle number of the injection molding process. This is because, all the plastic parts produced by the 

injection molding process goes through a conveyor belt, wherein they get shuffled. Recently, the visual 

inspection systems are capable of identifying the mold and cavity number which produced these capsules. 

Since this data is available from first week of July 2019, this data is not well used in the data analysis process 

so far. 

4.1.2.3 Operator Logs 

Whenever an injection molding machine stops functioning, machine operators log few information related to 

the stoppage. This information is recorded using a user interactive tool in the production floor. These logs 

are available to the data scientists for further analysis in order to forecast the machine stoppages and 

predictive maintenance. 

4.1.2.4 Data from a Manual Experiment Conducted by Process Expert 

This corresponds to a dataset recorded by the process expert during the initial phase of the project. The 

purpose of collecting this dataset is to understand the relation between the process parameters and its effect 

on different properties of produced coffee capsules. The data is collected in controlled environment and they 

are manually labelled by the process expert. There were multiple capsules per cycle. Each capsule has 

different characteristics and three types of defects are identified by the experts: 

Diameter defect: capsules where the diameter is not within the provided tolerance range 

Height defect: capsules where the height is not within the provided tolerance range 



 Model based control framework for Site-wide Optimization of data-intensive processes 

 
 

Deliverable nr. 

Deliverable Title 

Version 

D5.4 

Final Online and Deep Machine Learning Techniques 
1.1     2019/08/01 

Page 43 of 99 

 
 

Holes defect: capsules with holes. 

 

Although this data is labelled, it is lesser in number and hence it is difficult to use deep learning models such 

as neural networks since they require large amount of training data. But still some other classification 

techniques were tried in order to get an initial insight as shown below. 

4.1.3 Machine learning approaches 

4.1.3.1 Analysis of Data from Manual Experiment Conducted By Process Expert 

In this section we shall discuss the analysis of data provided by the process expert by conducting 

experiments in a controlled environment. 

 

4.1.3.1.1 Data preprocessing, preliminary study and Analysis 

Our aim is to divide the data into a training set for optimizing the parameters of a classification model and a 

test set for evaluating the generalization ability of this predictive model to unknown data.In the rest of this 

subsection we present in detail the pre-processing steps we have actually followed. 

The data includes 41 trials, each with almost 20 cycles having the information about their quality.  The total 

number of correct capsules per cycle is mainly influenced by the number of correct height capsules. Here is 

the summary of these trials: 

 

Table 7: Summary of the 41 trials 

 

 

Figure 29describes the correlation of defects. This shows that the defects are nearly independent of each 

other and that most of the defects are caused by capsules where the height is not within the provided 

tolerance range. In the figure, the attribute Total.correct tells the number of capsules per cycle which do not 

have any of the three defects. 

 Diameter.correct Height.correct Holes.correct Total.correct 

 Min. 11 3 14 2 

 1st Qu. 28 24 25 18 

 Median 29 27 26 23 

 Mean 27.67 24.47 25.66 20.58 

 3rd Qu. 29 29 26 25 

 Max. 29 29 27 27 
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Figure 29: Correlation among the defects 

The quality data is also visualized with t-SNE (t-Distributed Stochastic Neighbor Embedding) as shown in 

Figure 29.  t-SNE is a well-known technique for dimensionality reduction and is well suited for visualization of 

high dimensional datasets in 2 or 3 dimensions. t-SNE models each high-dimensional object by a two- or 

three-dimensional point in such a way that similar objects are modelled by nearby points and dissimilar 

objects are modelled by distant points. Therefore, ultimately, their exact coordinates do not matter in lower 

dimensions. What matters is how far they are from the dissimilar points. 

 

We consider the capsules with correct heights in the current visualization. Each cycle is represented by points. 

In the diagram the points are colorized according to their qualities. The numbers are trial numbers, where the 

input parameters for the configurations have same values. We can see that the cycles belonging to a single 

trial are grouped together, and hence, have similar qualities and similar cluster. Though the expert says that 

trial number 41 and 1 are conducted with similar parameters, they are not grouped together.  
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Figure 30: T-SNE visualization of plastic data. The annotated numbers correspond to the trial numbers and the 
points correspond to the cycles. The cycles are coloured according to the number of capsules with correct 
height. 

 

4.1.3.1.2 Results 

The data has been analyzed further as a classification and regression problem. CARET package of R[11] has 

been used for classification of the data. Two classes have been considered, namely “high quality” cycles with 

lower number of defects (for e.g. correct capsules in the cycle greater than 24 out of total 32 capsules) and 

“low quality” cycles with higher number of defects (e.g. correct capsules in the cycle less than or equal to 24 
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out of total 32 capsules).  The ratio between the high and the low-quality cycles are made approximately 1:1 

by adjusting the thresholds. The results of our preliminary classification analysis are shown in the table below, 

where we aim at classifying data according to the total number of defect capsules. The evaluation was 

implemented in R by mean of the CARET package. This package performs automatic tuning of the 

parameters for the models and performs evaluations.  
 

Table 8: List of Algorithms and their performance when applied to labelled plastic data 

Method Accuracy Precision Recall  F-measure 

Decision tree 0.71 0.44 0.31 0.36 

Random forest 0.78 0.67 0.46 0.55 

K Nearest Neighbor 0.75 0.56 0.39 0.46 

Support Vector Machine 0.82 0.83 0.38 0.53 

Bayes generalized linear 

model 

0.79 0.71 0.39 0.5 

 

Thelowest accuracy achieved is 71% and is based on data produced during the manual experiment 

conducted by the process expert . This was an initial step towards forecasting of plastic quality. As discussed 

earlier, the situation in reality is not similar for the machine generated data. There is no one to one mapping 

between injection molding cycle and the quality information. This is because of the shuffling of the plastic 

parts in conveyor belts. 

 

4.1.3.2 Forecasting the Quality of Lids and Capsules 

In this analysis, we used data from injection molding as the input and the quality information from visual 

inspection system as the expected output. The goal is to forecast the prediction of production quality using 

the injection molding process attributes. 

4.1.3.2.1 Pre-processing 

Plastic capsules and lids take approximately 4 minutes on the conveyor belt before reaching Visual inspection 

system. The duration is not guaranteed as some parts get stuck in the conveyor belt for undefined duration. 

In addition, as already discussed in previous sections, there is no straightforward way to map the quality 

information directly to the machine cycle number as the parts get shuffled in conveyor belt. This prevents us 

from analysing the quality of the specific injection molding cycles.  

As an attempt to approximate particular injection molding cycle with a particular duration, we defined a time 

duration for which an average of the ration of good parts to rejected parts are calculated. Whenever the 

average value is greater than a threshold (threshold is derived from the overall mean value), the period is 

considered to be a good quality period. On the other hand, if the number of good parts are lesser than a 

threshold, they are considered to be bad quality period. By adjusting the time durations of the process 

variables, we could approximately match the process variables to the good quality and bad quality periods. 

This results in a binary classification problem wherein cycles are classified into good quality vs bad quality 

injection molding cycles. 

 

4.1.3.2.2 Method 

Different process parameters cause different defects in the produced parts. For example, the diameter of 

coffee capsules is influenced by heating belt temperatures. These attributes from the molding process that 
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influence the cause the quality variations are picked up by the process experts.  These criterions are further 

refined by feature extractions. TSFRESH
4
 library is used to extract important features from the periods. Once 

the features are extracted, they are fed to a random forest classifier. For the classifier, output shall be the 

average quality of the period (either good or bad) and input shall be the features extracted from the process 

parameters. This model is chosen using autosklearn
5
 package of python. 

 

4.1.3.2.3 Results 

The samples for evaluation are taken using Stratified K-folds cross validation. Since the data was not 

balanced between two classes, we used balanced accuracy score instead of accuracy score for evaluation. 

After multiple iteration of cross validation on a dataset of 10000 periods, we found that the balanced 

accuracy was not constant. The value varied from 65% to 83%. This result can be attributed to the fact that 

the quality data and the process variables are not well mapped because of the delay and shuffling in 

conveyor belts. 

 

4.1.3.3 Visualisation based analysis supported by Etalon 

As described the dataset from HUSKY machines contains records of process variables from the production of 

plastic parts. The dataset available contains data from June 2018 to March 2019. As can be seen on Figure 

31there are gaps in the data. Some gaps took long and they are considered as missing data. Some gaps took 

short time and those can be considered as stoppages of machines. 

 

                                                
 

4https://tsfresh.readthedocs.io/en/latest/ 

5https://automl.github.io/auto-sklearn/master/ 

https://tsfresh.readthedocs.io/en/latest/
https://automl.github.io/auto-sklearn/master/
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Figure 31: Data with missing entries (time gaps) on the timeline from the Husky 47 machines that are available in 
the Data-lab. 

When machine stops, it is recorded in Atouch logs. As described, there is separated data set in the Datalab 

that contains these data. The timeline with the available data corresponds to the data available from Husky 

machines (Figure 32). However, the gaps considered as stops in the Husky dataset could be paired (and thus 

labelled) with Atouch data only in about roughly one fifth of the cases. The reason is currently not known. 

The situation was addressed by some alternative approaches about how to recognize production stoppages 

(see below). 

 

Figure 32: Count of data on the timeline from the Atouch that are available in the Datalab. As can be seen there 
are long time gaps in Atouch data and data from Nov 2018 to Mar 2019 are available. 

There are 38 types of stoppages indicated in the Atouch records. In general, these stoppages can be 

involuntary and voluntary. I case of voluntarystoppage, the machine is switched off by the operator. Typical 
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reason is a planned maintenance of mould. In case of involuntary stops, the machine stops for protection 

reasons and it is detected based on the machine sensor. Typical sample of such stop is when the plastic part 

stuck in the mould and thus machine would be most likely damaged if not stopped. The voluntary stops were 

taken into consideration for data analysis. The stops that have no label in the Atouch data were considered 

as unknown type in the analysis. 

As the goal of the data analysis is to find patterns in the production data that are followed by the involuntary 

stoppages, both above outlined data sets (Husky and Atouch) were used in this phase. The aim of data 

preparation was extended comparing to typical data preparation determined by assessment of information 

value of attributes and by modelling phase (i.e. by learning algorithms used). The extension means visual 

based pattern recognition - kind of pre-modelling. This method gives basic assessment of information value 

of attributes in the dataset for the modelling phase. 

4.1.3.3.1 ETALON 

Before the work on analysis of stops started, the longest interval between two stops was identified. It was 

identified by checking very strict condition - cycle time below 8 seconds. It was found that from 2018-10-25 

12:32:49.460 to 2018-10-26 11:19:38.000 (thus almost one day) there are 12299 continuous cycles (entries) 

with mean cycle time 6.4188 seconds, while min cycle time was 6.4080 seconds and max cycle time was 

6.436000 seconds. These 12299 entries are considered as a set of etalons, since there were no stoppages in 

the long production interval. 

The sub-set with 1000 entries was created from the middle of the etalon set. It was noted that noticeable 

variability is in 2 attributes only: 

 Mold Growth: mean = -0.039461; std = 0.003985; std/mean = 10.1 %; 

min = -0.050354; max = -0.027344 

 Back Pressure: mean = 5.582093; std = 0.141166; std/mean = 2.53 %; 

min = 5.125957; max = 5.931463 

The rest of the 30 attributes have standard deviation to mean value lower than 1.00 % (maximum is 0,73 % 

for Hold Pressure 2). Thus, visualisation of each of these 30 attributes looks rather like a blurred point. 

Hypothetically, any significant variations of other than Mold Growth and Back Pressure attributes can be 

considered as indicators of risks for stoppages. This hypothesis is taken into account in the following 

visualisation-based analysis. 

4.1.3.3.2 Data investigation based on Comparative visualisation 

At first all stoppages in HUSKY dataset were identified. The dataset for Husky 47 machine contains more than 

2 millions of entries (production cycles). The time of one production cycle is about 7 seconds, while more 

than 99,9 percent ends till 8 seconds. There are around 1500 occurrences of time gaps longer than 8 seconds 

in the Husky 47 dataset (see the visualisation in Figure 33).  
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Figure 33: Time gaps in the overall Husky dataset 

Then longer time gaps were ignored as many of them represents gaps in data stream as can be seen on 

Figure 31 above. The value of 2 hours is used based on rationale, that there are significant number of gaps 

lasting between 1 hour and 2 hours but only few longer gaps that last the similar time. It was assumed that 

more gaps with similar length could be valuable for data analysis only. Other rationale would be to filter very 

short gaps. The reason is that they do not have a significant effect on the production process efficiency. 

Expressed in numbers, there are about 440 gaps between 8 to 20 seconds, but they mean about 37 minutes 

of wasted time in the whole dataset and this means about 10 seconds per production day (almost 1/10 000). 

Also, the attribute cycle times sometimes goes even slightly beyond 20 seconds. 

There are 1018 gaps that left after the above-described reduction and they are considered as stoppages (see 

Figure 34).  

 

Figure 34: Stoppages created from time gaps by withdrawing long and short time gaps 

These stoppages have average duration of 9 minutes and 45 second, thus about 165 hours in the whole 

dataset which means more than 30 minutes per one production day (there are 301 days of production 
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recorded if the whole data set considered). Such wasted time is considered as very significant and thus 

worthy of further analysis. Here is the basic statistical description of Husky stoppage time of the dataset: 

Table 9: Basic statistical description of duration of identified Husky stoppages 

Count 1018.000000 

Mean 584.589391 

Std 1131.965645 

Min 20.000000 

25% 50.000000 

50% 158.500000 

75% 443.750000 

Max 6877.000000 

 

The visual based analysis of these stoppages is presented below. 

4.1.3.3.3 Visualisation of Husky stoppages 

The stoppages obtained from Husky dataset itself were investigated by visualising all pairs of attributes (x 

axis) to the length of the stoppage (y axis). The technology for visualisation enables to interactively select 

part of the points by the mouse (only shape of rectangle could be used). Such selection was projected to all 

other charts. By using this feature some basic patterns could be recognised. 

Such visualisation revealed at first glance some outliers. As the ideal values per each attribute is known (see 

Etalon), it was clear that some values that are 0 or close to 0 are simply wrong. Examples of such attributes 

are: Ejector Back Time, Ejector Forward Time, Ejector Position, Back Pressure, Cussion, Screw RPM, Screw Run 

Time. When selecting these outliers in one chart the projection revealed that strong correlations between 

outliers is between attributes describing the ejector. However, the most interesting finding is related to the 

Cushion. As known from the theoretical knowledge this attribute should not have low values. When values 

below 2,8 mm were selected (note, ideal/etalon value is around 9,5 mm), they were propagated to outliers or 

extreme values of many charts as can be seen in the series of Figures below (Figure 35 - Figure 40). 
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Figure 35: Residual melt cushion is in most cases far from ideal value. The 0 values (outliers) are highlighted 
with small values 

 

Figure 36: Propagation of Cushion small values into Hold pressure zone 1 and 2 

 

Figure 37: Propagation of Cushion small values into Transition pressure and Screw Run Time 
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Figure 38: Propagation of Cushion small values into Cooling Times 

 

Figure 39: Propagation of Cushion small values into Shot Length and Back Pressure 

 

Figure 40: Propagation of Cushion small values into Max Fill Pressure and Cycle Time 

Another finding is the propagation of Back Pressure Outliers (0 values) onto screw RPM and Screw Time. This 

is presented on Figure 41. 
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Figure 41: Propagation of Back pressure outliers into Screw RPM and Screw Run Time 

The visualisation of 4 subset of the stoppages was also performed. The division of the main set was based on 

the basic statistical description. Thus, first subset was constructed as stoppages shorter than 50 seconds (first 

25 %), second subset was constructed as stoppages longer than 50 seconds but shorter than 158 seconds (25 

- 50%), third subset group stoppages longer than 158 seconds and shorter than 443,75 seconds and the 

longest stoppages were in fourth subset.  

The visualisation of the first subset (duration shorter than 50 seconds) highlighted one pattern (outlier) seen 

in the overall dataset of stoppages. There are two attributes (Ejector Back Time and Ejector Forward Time) 

that would normally have other than 0 value but in these subsets of stops their value is 0. The projection of 

these cases shows the third attribute that in most cases equals 0 (Ejector Maximum Forward Position see 

Figure 42) 

 

Figure 42: In case of stops shorter than 50 seconds outliers having mostly 0 values occur for ejector times and 
position 

The visualisation of the other three subsets did not revealed or highlighted new patterns or outliers.  

Conclusion: 

The risk of stoppage events grows with outlier values or close to zero values. There seems to be a connection 

with outliers of Cushion, Back pressure and Ejector times attributes. 

4.1.3.3.4 Stoppages based on Atouch data 

Other approach was to take timestamp of stoppages from Atouch dataset that follow the timestamp in the 

Husky dataset. These two data sets were paired together. The involuntary pairs were filtered only. Thus, 

following codes from Atouch left: "P00", "P02", "P07", "P08", "P09", "P11", "P12", "P13", "P14", "P15", "P16", 
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"P20", "P22", "P24", "P28", "P31", "P34", "P38". Also, Code “P44” Micro stoppages was taken into account, but 

only in cases such stops take longer than 20 seconds. 

Out of 77 entries that represents involuntary stops from Atouch logs of Husky 47 machine, 56 were 

recognised in the Husky 47 production logs. Thus, 56 Husky entries werelabelled by the code from Atouch 

and visualised in the interactive charts. There was another dataset created from the set of 56 entries. First, 5 

production cycles before the Atouch stop and second 10 entries before each Atouch stop were created and 

visualised in the interactive charts. The visualisation enables to compare how each production parameter is 

related to the length of stop. The colour of points in each chart is determined by the code of stop from 

Atouch in this visualisation. The interaction means that by creating slice in one chart this slice is projected to 

all other charts. Such interaction enables to identify basic and obvious patterns in the production parameters 

in relation to the type of the stop and length of the stoppage (if there are such obvious relations). The 

sample demonstrating such interaction is onFigure 43. 

 

Figure 43: Interactive visualisation that enables projection of selected values in one chart into another charts - a 
tool for basic patterns recognition in the dataset 

There were 4 types of stoppages in the dataset: P02, P07, P16 and P44. P02 (code for Lack of energy) seems 

to be connected with quite significant pattern in the dataset. Also, P44 (Micro stoppages) seems to be related 
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to a certain pattern in the data, however not such significant. Other 2 types of stops (P07 - Machine 

Breakdown and P16 - Plastic part stuck in cavity) seems to be without any pattern based on the interactive 

visualisation analysis using the described dataset. 

P02 - Lack of energy: 

 Hold pressure Zone 2 has the lowest values - between 10,5 to 12,7 - whole interval is 10,5 to 20,0 

 

Figure 44: P02 stops in Husky 47 seems to occurs in case values of Hold Pressure Zone 2 are the lowest 

 Mold Growth has high or highest values between = 0,005 to 0,015 - whole interval is -0,16 to 0,03 

 

Figure 45: P02 stops in Husky 47 seems to occurs in case values of Mold Growth are the highest 

 Tonnage has highest values around 200 - whole interval is between 140 to 200 
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 All temperatures related to melted material are on lowest values - e.g. Extruder Temperature 3 is 

around 190 - whole interval is between 190 to 200 

 Affecting cooling time has very low values around 2,6 seconds - whole interval is between 2,5 to 3,1 

seconds 

 Mold opening time has highest values around 1,19 seconds - whole interval is between 1,09 to 1,20 

seconds 

 Shot length has low very valuesaround 33 to 34 - whole interval is between 31 to 49 

Conclusion: 

Even though there were possible patterns seen in the dataset there are too low occurrences in the dataset of 

such stoppages (about 4 %). However, the stoppages of this type seem to last a relatively long time. Out of 3 

hours 12 minutes and 43 seconds of overall stoppage time (time without production), 47 minutes and 16 

seconds were caused by P02 stoppages - 24,53 % or about ¼. In case such stoppages could be prevented 

(by employing predictive function) in rate 8 out of 10 occurrences, such hypothetical state would eliminate 20 

% of lost time in involuntary stops. 

P44 Micro-Stoppages: 

This is related to most of the stops labelled as P44 (short stops). As mentioned, short stops from 20 seconds 

above were taken into account only. 

 Transition position has from middle to higher values 14 to 16 - whole interval is between 10,5 to 16 

 

Figure 46: Most P02 stops in Husky 47 seems to occurs in case values of Transition Position are the highest 

 In most of the P44 stops all measured temperatures related to melted material are on lowest values - 

e.g. Extruder Temperature 3 is around 190 - whole interval is between 190 to 200 
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Figure 47: Most ofP44 stops in Husky 47 seems to occurs in case values of Extruder Temperature 3 are the 
lowest 

 

Conclusion: 

All P44 stops took about 27 minutes and 14 seconds which represents about 14 % of the total time of 

stoppages (time without production). There are about 50 % of P44 stoppages (considered only P44 

stoppages that take longer than 20 seconds) from the used dataset of stoppages.  

Husky Atouch 20 cycles before stoppage: 

The findings of patterns in the combined dataset of 5 Husky cycles before each Atouch stop are applicable to 

10, 20 as well as 1 Husky cycles combined with each Atouch stop. There would be just small differences in the 

interval related to pressures. 

However, there might be interesting findings related to Husky Atouch 20. In case of some attributes, there 

are changes of values before all types of stops. The most significant manifestation of this changes can be 

seen in case of Mould Growth, Holding pressure Zone 1 and 2 (manifested in case of all measured pressures) 

but also in case of Screw run time. 

 Mould Growth: values tend to be oscillating (some rather decreasing some rather increasing) towards 

the events of stop: e.g.  from -0,15 to -0,17 or from 0,018 to 0,02. Note, whole interval is -0,16 to 0,03 
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Figure 48: Mold Growth values tend to oscillate (it seems to be decreasing mostly) in the last 20 cycles before 
the stop. (depicted 4 types of stops lasting from 20 to 2100 seconds) 

 Holding pressure Zone 2 (zone 1 is very similar and all measured pressures oscillates): values seems 

to oscillate significantly before the stop. E. g. some from only 20 cycles before the stop has value 19 

while the other has value less than 18. The whole interval of values for Holding pressure Zone 2 is 

from 10,5 to about 20. 

 

Figure 49: Hold pressure values tend to oscillate in the last 20 cycles before the stop. (depicted 4 types of stops 
lasting from 20 to 2100 seconds) 

 Screw run time: The values for last 20 cycles is oscillates from 0,96 to 0,99. It might be so that these 

values are increasing towards the event of stop. Note, the whole interval is from 0,8 to 1,01  
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Figure 50: Screw run time values tend to oscillate in the last 20 cycles before the stop. (depicted 4 types of 
stops lasting from 20 to 2100 seconds) 

Conclusion 

There might be interesting findings identified using the interactive visualisation of the stops combined with 

production parameters from Husky machines. It seems that Pressures, Mold Growth and Screw run time 

oscillates before the event of each stop. There is also a possible pattern in case of P02 (Lack of energy) stops 

and maybe in case of P44 (Micro-Stoppages) stops. But this analysis was done on the very limited amount of 

data. The most probable source of such problem are Atouch data as there were about 5 times more gaps 

considered as stoppages identified in the Husky dataset Itself than stops logged in the Atouch.  

4.1.3.3.5 Machine learning approaches 

Predictive Function 1 – Etalon vs Outliers 

This function is based on the basis of the Etalon of near perfect production vs the Outliers representing 

stoppages. It enables to predict risking situation that might lead to involuntary stoppages. 

The synthesis of statistical characteristics Etalon (ideal values of production coming from long time window 

without stoppages described above) and patterns seen on the charts above might bring a proposal for basic 

predictive function for stoppages recognition. It can be represented as following: 

Function 1.1 

Monitoring the window of last about 20 production cycles and in case there is considerable variation of: 

 Attributes related to Screw (and) 

 Attributes describing pressures (with the exception of Back Pressure - see Etalon)  
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Then the risk of stoppage is growing. (Note, variation of values in case of Mold Growth is normal as can be 

seen in the Etalon) 

Function 1.2 

Also monitor the values of: 

 Cushion lower than e.g. 2,8 mm (or) 

 Back Pressure Value equals 0 bars (or) 

 Ejector Back Time is lower than 0,01 seconds (or) 

 Any of the Extruder Temperature has its lowest values 

These conditions exceed the risk of Stoppages. 

The action that might prevent the stoppages by the operator would be related to: 

 Make sure enough material goes into the injection moulding machine, 

 Regulate screw RPM, 

 Regulate Extruder Temperature 

 Try to stabilize the process by any action watching the variations of all Pressures 

4.1.3.3.6 Results 

Evaluation of Etalon vs Outliers 

Predictive Function 1.2 

By tuning the Predictive Function 1.2, it was found that Cushion 3.00 mm is a better threshold (original was 

2.8mm). Also, it was found that only the lowest Extruder temperatures lead to stoppages. 286 out of 1018 

stoppages were detected (based on Husky data only). The number of overall stoppages predicted was 789. 

Thus, 732 stoppages were not detected and 503 predicted stoppages were in fact normal production.  

 

 

Predicted N Predicted P 

Real N  2 000 000 +  503 

Real P 732 286 

Recall = 39.07 % 

Precision = 36.25 % 

The mean time of predicted 286 stoppages is 180.63 seconds. Thus, the whole time is about 14 hours 21 

minutes or slightly lower than 3 minutes per production day in average. As presented, the average time of 

stoppages per day is about 30 minutes. Thus, this predictive function identifies shorter stops only.  In case 

the usage of predictive function enables to prevent all realistic stoppages (all true positive), about 10 % of 

wasted, non-productive time can be saved. 
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Note, such predictive function can operate in a warning mode only. It also cannot prevent stoppages 

practically, but might rather help to resolve stoppage quicker (since the operator is warned before they 

happen). A real testing of such simple warning system would help to evaluate its real potential and impact to 

the production KPIs. 

4.1.3.4 Fault forecasting using outlier detection classifiers 

This problem corresponds to the one described in subsection 3.2 for aluminium. It is addressed with the 

same methodology, with only the algorithm arguments differing. Thus, this part will focus mainly on the 

differences from the aluminium domain.  

For Use Case 1 in plastic, the 32 non-constant of the total 42 process variables were analyzed for each of 4 

sub-machines (47-50) of the HUSKY machine, and the 37 non-constant of the total 40 process variables were 

analyzed for the Krauss Maffei machine 41.  

The stoppages were defined by the two following ways: 

1. According to the timestamps registered by operators (Atouch data), who also record the stop types. 

2. According to the annotation from the cycle counter, which remains constant instead of increasing 

during stops. Since in Use Case 1 a cycle normally lasts 6-7sec, it has been assumed that when the 

cycle counter remains constant for at least 10sec, a stoppage has occurred. 

Like in aluminium, it was assumed that a time point corresponds to a stop existence if a stop is recorded by 

any of the above two ways. There are cases when only one of the two sources defines a stop incident, 

however it was confirmed that the time alignment of the process and the stop data was correct. 

In plastic, the stops were classified by the process experts as voluntary (i.e. planned by operators) and 

involuntary. The purpose of this problem is to forecast the latter group of stops, which will be called faults. 

Forecasting any voluntary stop was considered as out of scope of this problem, because it is not always 

known if a voluntary action is a result of a recent anomaly, and also in cases of voluntary stops it seems that 

plant operators have recognized the possible anomaly by themselves. The non-recorded stops were also 

considered as faults, because the stop reason is unknown. The classification of stop types provided by the 

process experts follows in Table 10. 

 

Table 10: Classification of plastic stop types to voluntary and involuntary. Involuntary stops with asterisk 
occurred at least once in at least one machine during the periods with process data, so a forecast of them was 

attempted. Forecasting voluntary stops was considered out of scope. 

Voluntary Involuntary 

missing production order unscheduled stop 

missing operator lack of energy* 

machine maintenance machine breakdown* 

mold maintenance mold breakdown* 

weekly startup robot breakdown 

missing technician to solve the problem lack of cooling* 

mold change lack of raw material* 

parameters adjustment lack of packaging material 

waiting for client decision lack of dry raw material 
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pause production for snack plastic part stuck in core* 

mold test plastic part stuck in cavity* 

color change lack of compressed air 

end of production short circuit* 

missing program lack of water 

ordered stoppage convoy breakdown* 

waiting for quality technician lack of direct inserts 

waiting for injection technician auxiliary equipment failure* 

mold assembling lack of solvent/ink 

mold disassembly  

change of production order  

equipment relieve  

100% inspection  

weekend stoppage  

weekly maintenance  

micro-stoppages  

 

Both stop information (from both sources)and process signals are generally provided since 6/2018. 

Particularly, the considered periods of analysis are 1/6/2018-11/7/2019 for HUSKY, and 23/11/2018-

28/5/2019 for Krauss Maffei. Every process variable timestamp corresponds to a cycle of the corresponding 

(sub)machine. Therefore, there are no data during stops. Also, there are missing data even during operation, 

so the corresponded sub-periods are not analyzed. The data were aggregated with a 12-sec step for HUSKY 

(which is memory-efficient), and with a 6-sec step for Krauss Maffei (for which less data have been provided), 

so that the step almost coincides with the normal cycle time
6
. 

 

4.1.3.4.1 Machine learning approach 

Some preliminary observations will be presented first.  

Table 11counts the incidents, involuntary or also voluntary, that occurred at each machine within the 

corresponding analysis interval. The reason for the difference between the 3
rd

 and 4
th

 column is the lack of 

data within some intervals of the analyzed periods, which mostly appears in case of Krauss Maffei. Table 12 

classifies the faults of the penultimate column of Table 11 into their types. From the two tables it is obvious 

                                                
 

6
 The benefit would be very insignificant if the raw timestamps were used as input, and this option would require extension of the code 

capabilities. 
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that most of the recorded stops are voluntary. This, along with the statements of the process experts, 

indicates that the lack of recording of most involuntary stops is because the operators did not pay attention 

to them, in comparison with the voluntary ones, which were planned. In general, most recorded faults are 

attributed to plastic part stuck in cavity and machine breakdown, although the distribution of fault types 

varies among machines. Finally, the relatively low percentage of non-recorded faults in the Krauss Maffei 

machine is explained by the misalignment between the Atouch data and the stops of increase in cycle 

counter rather than better recording of faults.  

Table 11: Number of stops for each machine of plastic Use Case 1 

Machine 
Total stops after 

operation 

Faults after 

operation 

Faults after oper. 

with exist. data
7
 

after prep/sing 

Clear durat. of anal. 

time points after 

prep/sing (days) 

HUSKY 47 976 347 315 196 

HUSKY 48 633 256 213 113 

HUSKY 49 1212 567 395 155 

HUSKY 50 1292 548 463 173 

Krauss Maffei 41 735 309 48 10  

 

Table 12: Number of faults per type and machine for plastic Use Case 1 

 Machine 47 Machine 48 Machine 49 Machine 50 Machine 41 

non-recorded 219 178 238 249 14 

lack of energy 4 3 4 6 1 

machine breakdown 38 0 14 40 0 

mold breakdown 1 3 3 4 1 

lack of cooling 17 8 4 4 0 

lack of raw material 0 1 0 0 0 

plastic part stuck in core 8 2 27 4 15 

plastic part stuck in cavity 23 13 96 147 16 

short circuit 0 1 0 0 0 

convoy breakdown 1 0 1 1 0 

auxiliary equipment failure 4 4 8 8 1 

 

                                                
 

7
at least 1 timestamp within the last 7.5h of operation 
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For the HUSKY machines, where there is enough operation time with data, the evolution of count of each 

fault type is presented in the next 4 figures. The fact that many faults related to plastic part stuck in cavity 

occurred in HUSKY machines 49 and 50 within the first analyzed months is interesting and is deeper 

discussed later. 
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Figure 51: Plastic HUSKY machine 47 fault incidents of interesting type within each month from 7/2018 to 6/2019. 

 

Figure 52: Plastic HUSKY machine 48 fault incidents of interesting type within each month from 8/2018 to 6/2019. 
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Figure 53: Plastic HUSKY machine 49 fault incidents of interesting type within each month from 9/2018 to 6/2019. 

 

Figure 54: Plastic HUSKY machine 50 fault incidents of interesting type within each month from 7/2018 to 5/2019. 

Similarly to the aluminium case, the MCC was obtained by univariate classifications per window. In these 

trials, a 45-min forecasting timeframe was set and all 10features (mean, 

standarddeviation,maximum,minimum, trend andpowercorresponding to periods of 2min, 1min, 40sec, 30sec 

and 24sec) of each variable were computed within a 2-min rolling window, whereas the present values were 

also considered.In the following 4 figures, the respective results are shown. No significant values of MCC 
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appear for this timeframe, but as will be shown later, there are promising outcomes for bigger timeframe in 

some cases. 
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Figure 55: MCC per window for raw variables and features, based on univariate IF training, for plastic HUSKY 
machine 47 faults. Each window contains 240h of operation. A 45-min forecasting timeframe is used. 

 

Figure 56: MCC per window for raw variables and features, based on univariate IF training, for plastic HUSKY 
machine 48 faults. Each window contains 240h of operation. A 45-min forecasting timeframe is used. 

 

Figure 57: MCC per window for raw variables and features, based on univariate IF training, for plastic HUSKY 
machine 49 faults. Each window contains 240h of operation. A 45-min forecasting timeframe is used. 

 

Figure 58: MCC per window for raw variables and features, based on univariate IF training, for plastic HUSKY 
machine 50 faults. Each window contains 240h of operation. A 45-min forecasting timeframe is used. 
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It would not make much sense to produce plots relative to the above 8 for Krauss Maffei, because in that 

case the total operation time with data is very low. 

As in aluminium, training was executed first within the whole period of analysis with a 45-min forecasting 

timeframe. Then, some arguments were adjusted based on observations related to plots of the process 

variables before interesting faults. Each time up to 7 variables (raw and/or features) were remained after 

forward selection. The results from the training executions with the aforementioned standard assumptions 

about the algorithm arguments are depicted in Table 13and Figure 59. In machines 47 and 48 nothing 

promising appears, and the variables that were automatically selected for the models did not seem to be 

really able to forecast faults, based also on their plots before fault incidents. In machines 49 and 50 it seems 

that some faults were able to be forecast, and right after it will be shown that the corresponding results can 

be improved by changing some arguments of the algorithm. Finally, in machine 41, no significant forecasting 

ability was inferred by the observation of the plots of selected variables before fault incidents, despite the 

higher MCC, which may be characterized as randomly high due to the short overall duration of the trained 

dataset.  

Table 13: Confusion matrix metrics for basic training executions in plastic domain (Use Case 1) for fault 
forecasting,forinitial argument assignments. Numbers in brackets correspond to the benchmark. 

 Machine 47 Machine 48 Machine 49 Machine 50 Machine 41 

True Positives 
1251737 

(1326950) 

715872 

(761071) 

962522 

(1030673) 

1062640 

(1145732) 

112495 

(125383) 

False Negatives 75213 (0) 45199 (0) 68151 (0) 83092 (0) 12888 (0) 

False Positives 75207 (87733) 45192 (52876) 68151 (87000) 82949 (103148) 12888 (18156) 

True Negatives 12526 (0) 7684 (0) 18849 (0) 20199 (0) 5268 (0) 

Precision  

(normal class) 

94.33% 

(93.80%) 

94.06% 

(93.50%) 

93.39% 

(92.20%) 

92.76% 

(91.74%) 

89.72% 

(87.35%) 

Recall (normal class) 
94.33% 

(100.00%) 

94.06% 

(100.00%) 

93.39% 

(100.00%) 

92.75% 

(100.00%) 

89.72% 

(100.00%) 

F-measure  

(normal class) 

94.33% 

(96.80%) 

94.06% 

(96.64%) 

93.39% 

(95.95%) 

92.75% 

(95.69%) 

89.72% 

(93.25%) 

Precision  

(abnormal class) 
14.28% 14.53% 21.67% 19.56% 29.02% 

Recall  

(abnormal class) 
14.28% (0.00%) 14.53% (0.00%) 21.67% (0.00%) 19.58% (0.00%) 29.02% (0.00%) 

F-measure  

(abnormal class) 
14.28% 14.53% 21.67% 19.57% 29.02% 

Precision  

(mean from classes) 
54.30% 54.30% 57.53% 56.16% 59.37% 

Recall  

(mean from classes) 

54.30% 

(50.00%) 

54.30% 

(50.00%) 

57.53% 

(50.00%) 

56.17% 

(50.00%) 

59.37% 

(50.00%) 

F-measure  

(mean from classes) 
54.30% 54.30% 57.53% 56.16% 59.37% 
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F-meas. (prec.-recall 

harmonic mean) 
54.30% 54.30% 57.53% 56.16% 59.37% 

Accuracy 
89.37% 

(93.80%) 

88.89% 

(93.50%) 

87.80% 

(92.20%) 

86.70% 

(91.74%) 

82.04% 

(87.35%) 

MCC 0.0861 (0.0000) 0.0859 (0.0000) 0.1505 (0.0000) 0.1232 (0.0000) 0.1874 (0.0000) 

 

 

Figure 59: Stacked histograms of fault alert presence/absence as a function of time before breakdown, for 
plastic faults that occurred in Use Case 1 machines within the whole corresponding periods of analysis, for 

initial argument assignments. It should be notedthat the tops of the orange bars correspond to the number of all 
observations, with or without alert. 

Despite the above quite poor results, after a closer look into the plots of the forward-selected variables along 

with the anomaly score, some promising conclusions were drawn for HUSKY machines 49 and 50. These 

conclusions are related to higher-term forecast, since they regard misbehaviours that occur within long 

intervals, where just the frequency of specific fault occurrences is higher. For this reason, the forecasting 

timeframe was modified from 45min to 450min (7.5h).  

Specifically, in machine 49, many instant drops of the “mold open time” process variable seem to increase the 

probability for faults related to plastic part stuck in core and cavity. These drops mostly happened within the 

interval 25/9-9/10/2018, when about half of incidents of the above fault types occurred. This conforms 

withFigure 53. After this observation, a training trial was conducted, with only the above two types of faults 

being considered as interesting. Only the present value, mean and minimum of the mold open time were 

used as input, and all these 3 variables were chosen after forward selection. For the feature computation, a 

30-min window for feature computation proved to be a near-optimal assignment. 

Regarding machine 50, it was observed that the mold growth variable had extremely low values within the 

interval 6-28/7/2018, and as shown inFigure 54, about half of faults due to plastic part stuck in cavity 

occurred during that interval. Therefore, in the second training executed on this machine, only the above 

fault type was considered as interesting for forecasting, and only the present value of the mold growth was 

set as input to the model, after aggregation with a 1-min step. 
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The outcomes of the above two trainings are depicted in Table 14andFigure 60. Apparently, the total data 

points in machine 50 are much less here due to the aforementioned 1-min aggregation. Also, the histograms 

demonstrate that about half of faults could be forecast short time before they happen, which was anticipated 

since about half of interesting faults occurred within the interval with abnormal behaviour of the input 

variable(s). The two respective models are the ones proposed for fault forecasting in plastic Use Case 1. 

Table 14: Confusion matrix metrics for meta-analysis training executions in plastic domain (Use Case 1) for fault 
forecasting. Numbers in brackets correspond to the benchmark. 

 Machine 49 Machine 50 

True Positives 881664 (964853) 188211 (207887) 

False Negatives 83189 (0) 19676 (0) 

False Positives 82908 (121134) 19667 (35546) 

True Negatives 38226 (0) 15879 (0) 

Precision (normal class) 91.40% (88.85%) 90.54% (85.40%) 

Recall (normal class) 91.38% (100.00%) 90.54% (100.00%) 

F-measure (normal class) 91.39% (94.09%) 90.54% (92.12%) 

Precision (abnormal class) 31.48% 44.66% 

Recall (abnormal class) 31.56% (0.00%) 44.67% (0.00%) 

F-measure (abnormal class) 31.52% 44.67% 

Precision (mean from classes) 61.44% 67.60% 

Recall (mean from classes) 61.47% (50.00%) 67.61% (50.00%) 

F-measure (mean from classes) 61.46% 67.60% 

F-measure (precision-recall harmonic mean) 61.45% 67.60% 

Accuracy 84.71% (88.85%) 83.84% (85.40%) 

Matthews Correlation Coefficient 0.2291 (0.0000) 0.3520 (0.0000) 

 

Figure 60: Stacked histograms of fault alert presence/absence as a function of time before breakdown, for 
plastic faults that occurred in Use Case 1 machines within the whole corresponding periods of analysis, 
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formeta-analysis training executions. It should be noted that the tops of the orange bars correspond to the 
number of all observations, with or without alert. 

 

4.1.3.5 Forecasting the number of cavities in use 

The objective of this problem is to forecast that the number of cavities in use will drop 10 minutes before this 

happens and how many will remain active. In order to formulate the training set, the cases where the number 

of cavities in use were stable for more than 10 minutes and afterwards was suddenly dropped were 

considered. 

4.1.3.5.1 Machine learning approaches 

For the solution of the problem two models where developed. One model in order to predict whether a drop 

will occur or not and a model to predict the remaining cavities in use. For both models a grid search was 

conducted in order to find the optimal duration of historical data that should be analysed and the evolution 

of the models performance based on the how far ahead the model makes the prediction. From the training 

cases that were extracted as described above, for each N minutes (grid search parameter) of historical 

information 21 time series features were extracted for each process variable and if the cavities in use were 

the same as now M minutes ahead from now the training example was annotated as 0 (No drop) else as 1 

(Drop). Since the class examples are highly imbalanced down sampling techniques were applied (random 

undersampling and instance hardness threshold) to the training dataset while the test set left untouched. 

Both for the detection of the anomaly and the prediction of the remaining cavities in use a Support Vector 

Machine Classifier was implemented. The experiments were conducted for the following parameters: 

 Historical data to analyse: 10min, 5min, 2min, 1min 

 Forecast ahead: 10min, 5 min, 3min, 1 min 

 Forecast frequency: every 2 minutes 

 SVC for anomaly detection model: C->(10, 100) and step 10, gamma->(0.001 and 0.01), kernel: “RBF”, 

class_weight-> from 1:1 to 9:1  

 SVC for cavities in use: C->(10, 100) and step 10, gamma->(0.001 and 0.01), kernel: “RBF”, 

class_weight-> 1:1 

Each model was trained 50 times while the splitting of the data was performed with random stratification 

splitting in order to preserve the ratio of the classes (cavities in use) included in the training and test set. 

4.1.3.5.2 Results 

The results below utilize the random undersampling technique since the results were better with it. For each 

model in both cases (prediction of incoming anomaly and cavities in use) the models that analysed 1 minute 

of historical information had better performance. Therefore, analysis should be conducted to find the optimal 

number of seconds of historical information needed to be analysed. Furthermore, as it was expected,the 

anomaly forecast is harder for higher forecasting timeframe. Analysis should be conducted in order to justify 

that predicting an anomaly 10 minutes before its occurrence is sensible, since an incoming anomaly in most 

cases might by reflected in the process variables less than 10 minutes from the breaking point. In the 

following tables the performance of the models is depicted. Itis obvious that a small fraction of incidents can 

be forecast 10 minutes before it happens but with relatively good precision. Taking into account that there is 

margin for much more analysis itcould be concludedthat the results are promising. As far as it concerns the 

number of cavities in use,itmay be seen that each model has C=10, hence, a grid search should be conducted 

for C<10. The models can predict with high precision and recall all the values of the remaining cavities. 

Table 15: Classification report for the model that forecasts the drop in the number of cavities in use. 

Model Machine Precision Precision Recall Recall F-score F-score Forecast 
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Not 

Anomaly 

Anomaly Not 

Anomaly 

Anomaly Not 

Anomaly 

Anomaly Ahead 

(minutes) 

SVC, C=70, 

class_weight:(1,2) 

HUSKY 

47 

0.85 0.74 0.99 0.18 0.91 0.29 10  

SVC, C=20, 

class_weight:(1,9) 

HUSKY 

47 

0.83 0.74 0.92 0.55 0.87 0.63 5 

SVC, C=40, 

class_weight:(1,8) 

HUSKY 

47 

0.83 0.80 0.84 0.78 0.84 0.79 3 

SVC, C=70, 

class_weight:(1,4) 

HUSKY 

47 

0.87 0.85 0.81 0.91 0.84 0.88 1 

SVC, C=60, 

class_weight:(1,1) 

HUSKY 

48 

0.85 0.71 0.99 0.12 0.91 0.20 10 

SVC, C=90, 

class_weight:(1,6) 

HUSKY 

48 

0.80 0.70 0.91 0.46 0.85, 0.55 5 

SVC, C=50, 

class_weight:(1,7) 

HUSKY 

48 

0.79 0.76 0.85 0.67 0.81 0.67 3 

SVC, C=90, 

class_weight:(1,4) 

HUSKY 

48 

0.83 0.81 0.76 0.87 0.80 0.84 1 

SVC, C=10, 

class_weight:(1,6) 

HUSKY 

49 

0.80 0.85 0.98 0.26 0.89 0.40 10 

SVC, C=50, 

class_weight:(1,4) 

HUSKY 

49 

0.78 0.80 0.88 0.65 0.83 0.72 5 

SVC, C=100, 

class_weight:(1,1) 

HUSKY 

49 

0.85 0.83 0.80 0.88 0.82 0.85 3 

SVC, C=60, 

class_weight:(1,2) 

HUSKY 

49 

0.88 0.90 0.63 0.98 0.73 0.94 1 

SVC, C=90, 

class_weight:(1,7) 

HUSKY 

50 

0.88, 0.77 0.98 0.38 0.92 0.50 10 

SVC, C=80, 

class_weight:(1,5) 

HUSKY 

50 

0.86 0.80 0.95 0.61 0.90 0.69 5 

SVC, C=50, 

class_weight:(1,7) 

HUSKY 

50 

0.87 0.86 0.92 0.79 0.89 0.82 3 

SVC, C=40, 

class_weight:(1,9) 

HUSKY 

50 

0.90 0.90 0.86 0.92 0.88 0.91 1 

 

Table 16: Classification report for the forecast of number of cavities in use. 

Model Machine Precision  Recall F-score  Forecast Ahead (minutes) 

SVC, C=10 HUSKY 47 0.91 0.90 0.87 10  
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SVC, C=10 HUSKY 47 0.94 0.94 0.94 5 

SVC, C=10 HUSKY 47 0.94 0.94 0.94 3 

SVC, C=10 HUSKY 47 0.96 0.96 0.96 1 

SVC, C=10 HUSKY 48 0.88 0.86 0.86 10 

SVC, C=10 HUSKY 48 0.87 0.86 0.85 5 

SVC, C=10 HUSKY 48 0.85 0.85 0.84 3 

SVC, C=10 HUSKY 48 0.86 0.86 0.86 1 

SVC, C=10 HUSKY 49 0.87 0.89 0.86 10 

SVC, C=10 HUSKY 49 0.82 0.88 0.85 5 

SVC, C=10 HUSKY 49 0.83 0.85 0.82 3 

SVC, C=10 HUSKY 49 0.85 0.85 0.83 1 

SVC, C=10 HUSKY 50 0.94 0.94 0.93 10 

SVC, C=10 HUSKY 50 0.92 0.92 0.92 5 

SVC, C=10 HUSKY 50 0.92 0.92 0.92 3 

SVC, C=10 HUSKY 50 0.92 0.92 0.92 1 

 

4.1.3.6 Stoppage prediction modelling based on cycle difference 

To track individual stops of molding machines, GLN plant uses the Atouch system. It is used by machine 

operators to manually report stoppage incidents and to provide details about each particular stop. As it was 

reported by process experts for the plastic domain, the Atouch system introduces into the stoppage 

classification problem a human factor which is not reliable. 

To eliminate uncertainty introduced by a human factor, we tried to base our stoppage classification solely on 

process data of molding machines. 

4.1.3.6.1 Data processing and Modeling 

At first, we labeled each cycle with a label “will stop” or “will not stop”. The labeling process uses a simple 

algorithm that calculates a time difference between timestamps of two consecutive production cycles. Then 

according to a 15 seconds threshold value (the threshold was selected according to statistics of unintentional 

stoppages in Atouch) the algorithm labels all of the cycles with a time difference below threshold as “will not 

stop” and those with a time difference above threshold as “will stop”.  

Such a baseline algorithm inherently introduces a systematic error into the classification. It is related mainly 

to the fact, that it does not differentiate between stoppages and missing data (e.g. as a case of data 

streaming dropouts). However, an attempt to train a supervised learning algorithm on a small sampled 

dataset could provide an insight about assumptions made during thelabeling process, and to indirectly 

assess the amount of variability originating from sources such as data streaming dropouts. 
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In further sections, the process will be illustrated on Husky 49 machine, since the modeling results were very 

similar between all of the four Husky molding machines. 

As it was mentioned above, every cycle data entry was labeled by a class “will stop” / “will not stop” whether 

the cycle leads to a stoppage or not. To enrich every entry with process information that preceded the 

stoppage, we used the PCA (principal component analysis) algorithm to calculate two main components of 

two preceding cycles. That resulted into four additional features merged to the dataset. 

Data used for analysis was from June 2018 – April 2019. 

Total number of cycles in dataset after preprocessing: 1596616 

Total number of “will stop” class entries: 1415 

The distribution of classes is highly unbalanced. The database was re-balanced by random sampling of cycles 

from a subset with “will not stop” class with a “will not stop” to“will stop” ratio of 3 to 1 (4245 cycles to 1415 

cycles).  

Then a gradient boosting classifier was trained on a sampled subset, half of the data used for training and 

half for testing (seeTable 17for classification report details). 

Table 17: Classification report of Gradient boosting algorithm trained on sampled data 

 Precision Recall Support 

Will not stop 0.83 1.00 2137 

Will stop 0.99 0.37 693 
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Figure 61: Confusion matrix for Gradient boosting learning algorithm trained on sampled data 

 

 

Figure 62: ROC curve for Gradient boosting learning algorithm trained on sampled data 
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After training of a model on a subset, 5-fold cross-validation was performed to assess the variability of its 

performance. 

Table 18: Cross-validated performances 

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 

Precision 0.99 0.98 0.99 0.99 0.99 

Recall 0.37 0.35 0.36 0.38 0.37 

 

In the second step of modeling procedure, the model trained on sampled dataset was used to predict 

stoppage on a whole Husky dataset (seeTable 19for classification details below).  

Table 19: Classification report of Gradient boosting algorithm tested on complete Husky data 

 Precision Recall Support 

Will not stop 1.00 0.72 2137 

Will stop 0.00 0.68 693 
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Table 20: Confusion matrix for Gradient boosting learning algorithm tested on complete Husky data 

 

 

Figure 63: ROC curve for Gradient boosting learning algorithm tested on complete Husky data 

  

4.1.3.6.2 Discussion and Conclusion 

Performance results of gradient boosting learning algorithm on both datasets (sampled subset and complete 

Husky 49 dataset) show very limited usability of an approach. Algorithm fits to sampled data with high 

precision, however this approach could not be generalized on complete Husky data. 
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From the results, and especially from big differences between precision results evaluated on both datasets, 

we may assess that estimating stoppage information based on time difference between subsequent cycles 

provides too little signal to distinguish between two coherent classes. 

For further investigation of the machine stoppage problem, quality data with direct indication of particular 

stop are necessary. 

 

Anomaly detection using autoencoder in injection molding processCoffee capsules are produced at GLN by 

the injection moulding machines. During the long-term manufacturing of the coffee capsules, parameters of 

the injection moulding process can slightly change due to various changes of the environment (temperature 

and humidity in the factory, deviations in the energy supply system, heating of oil temperature, deviations in 

the quality of the plastic granules, wearing of machine parts). The aim is to monitor technical parameters of 

the moulding machine and raise an alarm. Nevertheless, the GLN injection moulding machine goes through 

some special periods where an anomaly may happen, and machines stop producing. Understanding the root 

causes of these anomaly periods constitute a challenging task but a key component for maintaining a high-

quality production. We developed a Machine Learning model for anomaly detection and understanding the 

root cause for the anomaly periods (unintentional stoppages). The following section will describe thoroughly 

the whole pipeline for modelling the anomaly detection using process data and deep neural network 

architecture.  

4.1.3.6.3 Data preparation and challenges 

A multivariate time series is produced when multiple correlated streams of data are recorded over time. They 

are commonly found in manufacturing process that have several sensors collecting the data in over time. In 

this problem, we have multiple multivariate time series data from 5 injection moulding machines, namely, 

Husky machine 47, Husky machine 48, Husky machine 49, Husky machine 50 and Krauss Maffei machine 41.  

The injection moulding process parameters have the following key indicators. 

 

 Time: the timestamp of each cycle. One cycle duration is 6sec. 

 Process parameters: we considered all the process parameters as predictor variables. All the 

predictors are continuous variables. For Husky 47, 48, 49 and 50 there are 32 process parameters. 

Similarly, in Krauss Maffei there are 47 process parameters. 

 Stoppage information: Total 44 types of stoppage information is manually collected for each 

machine under consideration. This stoppage information is categorized into voluntary and 

involuntary stoppage. Based on the stoppage information, we defined an anomaly period using start 

to end duration of stoppages. 

 

For this task, we have performed a brief exploratory data analysis. For unintentional stoppages, there are few 

stoppage information's for each machine. For example, in the duration of 2019-01-01 to 2019-06-30, Husky 

47 machines has 1239785 samples and stoppage period of 356 affecting total 8747 injection cycles as 

anomalies. Considering the few stoppage information, the given dataset is highly imbalanced. This must be 

considered during model building as traditional machine learning approaches do not work in such cases. 

Following we present a brief description of the challenges for model building and approaches to answer 

these issues. 
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 Rare-event based anomaly detection: In a rare-event problem, we have an unbalanced dataset. 

Meaning, we have fewer positively labeled samples than negative. In a typical rare anomaly detection 

problem, the positively labeled data are around 5–10% of the total. In an extreme rare anomaly 

detection problem, we have less than 1% positively labeled data. For example, in the dataset used 

here it is around 0.6%. Such extreme rare anomaly detection problems are quite common in the real-

world, for example, machine stoppage and machine failure prediction in manufacturing, clicks or 

purchase in an online industry. 

 

Classifying these rare events is quite challenging. Recently, Deep Learning has been quite extensively 

used for classification. However, the small number of positively labeled samples prohibits Deep 

Learning application. No matter how large the data, the use of Deep Learning gets limited by the 

amount of positively labeled samples. We can always go with a traditional Machine Learning 

approach. To make it work, we can under sample from negatively labeled data to have a close to a 

balanced dataset. Since we have about 0.6% positively labeled data, the under sampling will result in 

roughly a dataset that is about 1% of the size of the original data. A Machine Learning approach, e.g. 

SVM or Random Forest, will still work on a dataset of this size. However, it will have limitations in its 

accuracy. And we will not utilize the information present in the remaining ~99% of the data. If the 

data is enough, Deep Learning methods are potentially more capable. It also allows flexibility for 

model improvement by using different architectures. We will, therefore, attempt to use Deep 

Learning methods to answer the problem of extreme rare anomaly detection. 

 

 

 Early anomaly prediction: The cause of anomaly period in the problem is usually instant for any 

unintentional stoppages presented in an injection molding machine. For example, a machine 

stoppage happens instantly after a plastic stuck in the belt. Predicting such stoppages/events before 

it occurs is thus extremely challenging. However, early detection of a failure is critical to prevent it. 

One straightforward approach can be considered for formulating an early classification problem is: 

move the class column up by k rows. That is, shift y(k-1) samples with y(k) sample, where k = 1, 2,…, . 

In this problem, it is recommended to keep k more than 5 cycle (30sec). If k =1, we are predicting the 

one cycle (equal to 6 sec in the given data) ahead. 

 

 

 Feature engineering: An appropriate feature engineering becomes critical in developing an effective 

anomaly detection model. Schfer and Leser (2017) [23] have elucidated and addressed some major 

challenges regarding multivariate time series classification. For example, multivariate time series adds 

large amounts of irrelevant data and noise, and a high dimensional problem due to several derived 

features for each time series in the data.  The authors have proposed several features. Additionally, a 

second derivative of the predictors can also be tried for sudden change prediction. This is because 

the first derivative, proposed in Schfer and Leser (2017), represents gradual change in a variable. A 

gradual change may not necessarily trigger the event. Sometimes, a sudden change, represented by 

a second derivative, may cause the event. E.g. in mould closing time may affect temperature and 

pressure values. A gradual change in the mould process parameters is less likely to cause a break 
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than a sudden out-of-sync change. A deep learning approach is usually able to automatically identify 

important features. However, it requires large amount of data which is an advantage for this task. We 

applied unsupervised learning approach such as stacked autoencoder for feature extraction. 

Moreover, stoppage information's are considered to identify unintentional stoppage periods. Figure 

64 illustrates an example of anomaly period using stoppage information for Huskymachine 49. 

 

Figure 64: An example of unintentional anomaly period using stoppage information's for Husky 49 machine 

4.1.3.6.4 Machine learning modelling 

 

The approach developed for this POC is an unsupervised machine learning approach. Figure 65illustrates our 

proposed anomaly detection approach using autoencoder DNN [24]. The approach can be split in two key 

phases: (i) Feature Engineering, and (ii) Anomaly detection.  

 

Figure 65: Anomaly detection approach using autoencoder deep neural networks. 

 

In our approach feature engineering is divided in to two steps: (i) Feature extraction using autoencoder DNN, 
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and (ii) Label stoppages using confidence interval. Autoencoders are an unsupervised learning technique in 

which we leverage neural networks for the task of representation learning. Specifically, we'll design a neural 

network architecture such that we impose a bottleneck in the network which forces a compressed knowledge 

representation of the original input. If the input features were each independent of one another, this 

compression and subsequent reconstruction would be a very difficult task. However, if some sort of structure 

exists in the data (i.e. correlations between input features), this structure can be learned and consequently 

leveraged when forcing the input through the network's bottleneck. An autoencoder DNN model is made of 

two modules: encoder and decoder. The encoder learns the underlying features of a process. These features 

are typically in a reduced dimension. The decoder can recreate the original data from these underlying 

features.  

 

For feature extraction, we take an unlabelled injection process dataset and frame it as a supervised learning 

problem tasked with outputting â, a reconstruction of the original input a. The autoencoder network can be 

trained by minimizing the reconstruction error, L (a, â), which measures the differences between our original 

input and the consequent reconstruction. The bottleneck is a key attribute of our network design; without the 

presence of an information bottleneck, our network could easily learn to simply memorize the input values 

by passing these values along through the network. More specifically, encoder network represents the high 

dimensional data (32 process parameter) in a lower dimension (reconstruction error values). Figure 

66presents an example of reconstruction error values in the period of 2019-01-01 to 2019-06-30 for Husky 

47 machine.  

 

 

Figure 66: Husky machine 47 reconstruction error values in the period of 2019-01-01 to 2019-06-30 

For an anomaly period, the model will fail to learn those injection cycles with anomalies and the 

reconstruction error value will be higher. In this approach, we considered 99% confidence interval as a 

threshold value. This threshold value is considered based on the assumptions that all the detected 
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anomaly cycles are infrequent and extreme events.  Figure 67 shows an example of anomaly cycle for 

Husky 47 machine using threshold of 95% confidence interval where the red points are annotated as 

anomalies.  Furthermore, we evaluate each of this anomaly points with manually collected stoppage 

information in order to filter those anomaly period annotated as unintentional in manually collected 

dataset. However, we have observed more anomaly period than manually collected stoppage 

information's. To create the label dataset, we only considered unknown stoppages and unintentional 

stoppages in the injection moulding process. The unknown stoppages are included in the final training 

dataset since stoppage information are manually collected and human error may occur due to 

uncertainty of machine stoppages. 

 

 

Figure 67: An example of anomaly cycle for Husky machine 47 using threshold of 95% confidence interval. 

For the anomaly detection, we divide the data into two parts:  

 Positively label: injection cycles label as anomalies. 

 Negatively label: a normal state of the process. A normal state is when the injection process is 

eventless. 

In this approach, we ignore the positively label data and train an autoencoder on only negatively 

labelleddata. The autoencoder will learn the features of the normal injection process. Generally, a well-trained 

autoencoder will predict any new data that is coming from the normal state of the process (as it will have the 

same pattern or distribution). Therefore, the reconstruction error will be small. However, if we try to 

reconstruct a data from positively label data, the autoencoder will struggle. This will make the reconstruction 

error high during the anomaly period. We monitor such high reconstruction errors and label them as an 

anomaly period. We use the following configurable parameters: 

 Sliding Window (P): The time slice to be considered for anomaly prediction. 



 Model based control framework for Site-wide Optimization of data-intensive processes 

 
 

Deliverable nr. 

Deliverable Title 

Version 

D5.4 

Final Online and Deep Machine Learning Techniques 
1.1     2019/08/01 

Page 85 of 99 

 
 

 Threshold(T): Magnitude of deviation based on 95% confidence interval. 

Once we have learned autoencoder model, the anomaly detection is defined as follows: 

“We raise an alarm if an injection cycle deviate based on certain threshold value T in the specific sliding 

window of time P.” 

 

4.1.3.6.5 Results 

 

The objective of this task is to detecta rare stoppage in an injection moulding process before it occurs. In this 

experimental analysis, we will try to predict the stoppage 5 cycle ahead (30 sec in advance). To build this 

model, we will shift the labels 5 cycles up (which corresponds to 30 sec). As we mention earlier, in this 

problem we would want to do the shifting as: if row n is positively labelled as: (i) Make cycle (n-2) and (n-1) 

equal to 1. This will help the classifier learn up to 30 sec ahead prediction. (ii) Remove cycle (n) due to restrict 

the classifier to predicting a stoppage when it has happened. In order to overcome the problem of 

misleading performance estimation for high imbalance classification issues, we considered ROC curve 

(standing for Receiver Operating Characteristic).Figure 68Error! Reference source not found.illustrates the 

confusion matrix of the model tested for the period of January 2019 to June 2019.  

 

 

 

  

(a) Husk 47 
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(b) Husk 48 

 

 

(c) Husk 49  
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(d) Husk 50 

Figure 68: Model performances of Husky Machine 47-50 and Krauss Maffei Machine 41: confusion matrix and 
ROC curve. 

Suppose that for a given point x, we have a model that outputs the probability that this point belongs to C: 

P(C|x). Based on this probability, we can define a decision rule that consists in saying that x belongs to class C 

if and only if P(C|x) >= T, where T is a given threshold defining our decision rule. If T= 1, a point is labelled as 

belonging to C only if the model is 100% confident. If T = 0, every point is labelled as belonging to C. Each 

value of the threshold T generates a point (false positive, true positive) and, then, the ROC curve is the curve 

described by the ensemble of points generated when T varies from 1 to 0. This curve starts at point (0,0), 

ends at point (1,1) and is increasing. A good model will have a curve that increases quickly from 0 to 1 

(meaning that only a little precision has to be ignored to get a high recall). From our model performance 

results (Figure 68Error! Reference source not found.), we can see that our model is performing well for 

each injection moulding machine considering rare stoppage and imbalance classification issues. Also, note 

that the positive instances include 30sec ahead predictions. The Area Under Curve (AUC) for 4 out of 5 

injection moulding machines is greater than 0.80, demonstrating a good prediction capability of the model.  

Furthermore, based on the confusion metrics and AUC values, we can observe that with increasing positive 

samples in the training set will increase performance.  

 

4.2 Use Case 2: Electric Connector Parts for Automotive Industry 

4.2.1 Use case description and scope 

Use case 2 in the plastic domain focused on the parts with lower production rates and highly sensible to 

quality. This use case targets the production of electric parts for the automotive industry. 

In this context, there is no automatic quality control similar to the one used in coffee capsules. The parts are 

inspected manually. The rejection rate in this use case 2 is also 3%.  Since there is no quality information 

associated with the data, quality of the products is not easy to forecast. Rather, in this section we shall 

discuss about the approaches we followed for preventive maintenance. 
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4.2.2 Data description 

4.2.2.1 Process data 

Similar to use case 1, use case 2 has the process variables captured from the injection molding machines. 

Unlike coffee capsules and lids, the duration of a single production cycles is longer and the captured data has 

more than one measurement per cycle. This might also help the data analysers to have a deeper insight 

about the trends of certain attributes. 

In addition to the process variables, most of the observable machine parameters have user defined reference 

values. These values are not constant, and are recorded along with the process parameters.  

4.2.2.2 Quality data 

There is no automatic controlling for the quality. 

4.2.2.3 Operator logs 

There are no operator logs related to this business use case. 

4.2.3 Machine learning approaches and Results 

4.2.3.1 Interpretable Forecasting of Arburg Machine Parameters for Predictive Failure Detection 

In addition to their actual value, most of the observable machine parameters (i.e. pressure or heating zone 

values) of the Arburg machine have a user-defined reference and tolerance value. 

Those values can be used to identify misbehaviours of the machine. Nonetheless, potential misbehaviours 

can only be identified, when the actual value already deviated too much from the reference and exceeded its 

tolerance.  

In this approach, we tackled the problem of predicting the course of the machine parameters to prematurely 

approximate the actual value for the next K cycles. While the parameters can vary in their domain-specific 

range, we also normalized the values based on their distance to the reference and the tolerance for more 

interpretability. 

4.2.3.1.1 Pre-processing 

Before the Arburg machine data can be used for further analysis, we ensure that the cycle data (multiple 

recordings for a single cycle) is coming from a valid ongoing production process. On the one hand this is 

verified via machine control parameters, on the other hand the measurements have to be complete and 

captured continuously within a specific amount of time (valid cycle time). Having sequences of valid 

observations, each sequence specifying all measured values of a cycle, is reduced to a representative feature 

vector. While other and more complex features are possible, for our evaluation we used the mean of each 

parameter as a representative of multiple recordings within a single cycle. 

4.2.3.1.2 Method 

Apart from all observation parameters, which are both used as an input and an output to the forecasting 

model, additionally all machine configuration and process control parameters are used as an input to 

consider different states and settings of the machine. 
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Since the idea is to use a sequence of the last N cycle measurements to predict the next K cycle 

measurements with a model, which can be trained incrementally in real-time we decided to go for a recurrent 

neural network (RNN) with LSTM cells. 

For the processing, each observation parameter is normalized as follows: 

Normalized Value = Abs(Reference - Actual) / Tolerance,  

where “abs” refers to the absolute value.Therefore each value that perfectly matches the tolerance is 0 

(implying a perfect machine behavior), while 1 (and every value above) indicates a value that exceeded the 

lower or upper tolerance interval. 

4.2.3.1.3 Post processing 

While the RNN yields sequences of values for the next K cycles, the values are additionally weighted by a 

function similar to the geometric series. For example 4 values [y1, y4] are weighted as follows: 1/8 * y1 + 1/8 

* y2 + 1/4 * y3 + 1/2 * y4.This allows to give more emphasis on the last predictions (w.r.t. time). The final 

value is then a weighted mean of the K forecasted values that in turn represent an approximation of machine 

state after the next K cycles. 

4.2.3.1.4 Results 

We evaluated the approach on a batch of historical data with 8000 sequences for training and 2000 test 

sequences with 22 dimensions each. The network was used in an encoder-decoder architecture for 

sequence2sequence prediction, with 2 LSTM layers of 200 nodes. For the normalized data the MSE was equal 

to 0.05. The online version is currently evaluated.The original values and the prediction of one dimension is 

illustrated in Figure 69. Although the behaviour of the data is not constant or shows easily understandable 

patterns, the prediction most of the time show good results. 
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Figure 69: Forecast of a single parameter over a day x-Axis: Time, y-Axis: Prediction (orange) and ground truth 
(blue) 

 
 
 

4.2.3.2 Fault forecasting using outlier detection classifiers 

This problem corresponds to the one described in subsections 3.2 and 4.1.3.4 (only paragraphs with same 

title) for aluminium and plastic Use Case 1 respectively. 

For Use Case 2 in plastic, 15 process variables (actual values) and other 15 for their reference were analyzed.  

The stoppages were defined by the three following ways: 

1. According to the timestamps registered by operators (Atouch data), who also record the stop types. 

2. According to the annotation from the cycle counter, which remains constant instead of increasing 

during stops. Since in Use Case 2 a cycle normally lasts less than 40sec, it has been assumed that 

when the cycle counter remains constant for at least 1min, a stoppage has occurred. 

3. Another source of information is the operation mode of the Arburg machine. For only one mode the 

operation is considered valid and the corresponding data worth analyzing. 

Once more, it was assumed that a time point corresponds to a stop existence if a stop is recorded by any of 

the above ways. 

The possible stop types are the same as in Use Case 1. 

Both stop information (from all sources)and process signals are generally provided within the period 21/2-

16/4/2019. In this case, the raw data are time-based instead of cycle-based (with a 3-5-sec time step). As in 

Use Case 1, some data even during operation have not been provided. The data were aggregated with a 3-

sec step. 

 

4.2.3.2.1 Results 

Within the period of analysis, 239 stops occurred after operation, 149 of which were involuntary (i.e. faults). 

However, the faults after operation with existing data after preprocessing (at least 1 timestamp within the last 

7.5h of operation) were 106, only 8 of which were recorded (5, 3 and 1 as related to machine breakdown, 

mold breakdown and lack of dry raw material respectively). This indicates that most recorded stops were 

voluntary, as in Use Case 1. Finally, the clear duration of analyzed time points after preprocessing was about 

13 days. 
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As for Krauss Maffei, it would not make sense to compute numbers of faults and MCC over time, due to the 

short total duration of the dataset to be trained. 

Three training executions were made: 

 Using the actual process variables as raw variables. 

 Using the differences of the process variables from their reference as raw variables. 

 Using the reference values of the process variables as raw variables. In this case, it was assumed as 

worthless to compute features, due to the rare alteration of the reference values, so only the 

present times were considered, after aggregation with a 1-min step. Also, a forecasting timeframe 

of 3h was considered as more appropriate, since usually the reference values did not change little 

time before breakdowns. The only remaining variable after forward selection was the maximum 

injection pressure. 

In the first two cases, a 45-min forecasting timeframe was used, and features were computed as in aluminium 

and plastic Use Case 1. In Use Case 2, power was computed for more periods (20) than in Use Case 1, due to 

the shorter aggregation time step. After feature computation, in each case 4 variables (not exactly the same 

in both cases) were selected with forward selection. 

The results from the above three training executions are depicted inTable 21and Figure 70. In the experiment 

with the reference values as raw nothing promising appears, but also in the other two cases, where MCC is 

quite higher, this may be random (as the plots of selected variables before faults suggest), due to the low 

number of data points.In both of these cases, most of the forward-selected features (including the most 

important one based on the selection order) are linked to the raw variable of cycle time, which does not 

seem very reliable, since sometimes it drops to 0 at intervals within which the cycle number increases. This is 

one cause of the anomalies detected by the classifier on the mean, maximum and minimum of this variable.  

Table 21: Confusion matrix metrics for training executions in plastic domain (Use Case 2) for fault forecasting. 
Numbers in brackets correspond to the benchmark. 

 Actual values as raw Deviations as raw Refer. values as raw 

True Positives 274538 (314157) 278043 (314157) 6533 (11556) 

False Negatives 39619 (0) 36114 (0) 5023 (0) 

False Positives 39619 (56897) 36085 (56897) 4437 (8035) 

True Negatives 17278 (0) 20812 (0) 3598 (0) 

Precision (normal class) 87.39% (84.67%) 88.51% (84.67%) 59.55% (58.99%) 

Recall (normal class) 87.39% (100.00%) 88.50% (100.00%) 56.53% (100.00%) 

F-measure (normal class) 87.39% (91.70%) 88.51% (91.70%) 58.00% (74.20%) 

Precision (abnormal class) 30.37% 36.56% 41.74% 

Recall (abnormal class) 30.37% (0.00%) 36.58% (0.00%) 44.78% (0.00%) 

F-measure (abnormal class) 30.37% 36.57% 43.20% 

Precision (mean from classes) 58.88% 62.53% 50.64% 

Recall (mean from classes) 58.88% (50.00%) 62.54% (50.00%) 50.65% (50.00%) 

F-measure (mean from classes) 58.88% 62.54% 50.60% 

F-meas. (prec.-recall harm. mean) 58.88% 62.53% 50.64% 
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Accuracy 78.65% (84.67%) 80.54% (84.67%) 51.71% (58.99%) 

Matthews Correlation Coefficient 0.1776 (0.0000) 0.2508 (0.0000) 0.0130 (0.0000) 

 

 

Figure 70: Stacked histograms of fault alert presence/absence as a function of time before breakdown, for 
plastic faults that occurred in Arburg machine (Use Case 2), based on the training executions. It should be noted 
that the tops of the orange bars correspondto the number of all observations, with or without alert. 

 

Concluding, from the analysis in the Arburg machine it turns out that no fault forecasting model may be 

proposed. 
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5 Conclusions 

 

This document describes in detail the data analyses which were conducted within the MONSOON project, for 

both the Aluminium and Plastic domain. The data sources, the preparation of the data, the machine learning 

and deep learning modelling, and the results obtained, were thoroughly described for each business case of 

each domain. 

As for all R&D data science projects, not all the business cases proved to be solvable via machine learning 

techniques. The main limitation of such tools is related to the data: these methods need large amount of 

data with high quality, in which a significant signal can be expected, in relation with the target of the analysis. 

Such conditions can be difficult to obtain for some business cases. 

However, in the meantime, very good results were obtained for several business cases, with industrialization 

of the functions on-site, showing the potential of the MONSOON platform for bringing value to process 

industries.  
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Acronyms 

AD: Aluminium Dunkerque 

ANN: Artificial Neural Network 

AUC: Area Under ROC Curve 

B-: bidirectional 

CART: Classification And Regression Tree 

CNN: Convolutional Neural Network 

DGM: Deep Generative Model 

DTW: Dynamic Type Warping 

EE: Elliptic Envelope 

GRU: Gated Recurrent Unit 

IF: Isolation Forest 

KIMW:Kunststoff-Institut für die mittelständische Wirtschaft NRW Gmbh 

KPI: Key Performance Indicator 

LSTM: Long Short-Term Memory 

MCC: Matthews Correlation Coefficient 

RBF: Radial Basis Function 

RF-R: Random Forest Regressor 

RNN: Recurrent Neural Network 

RTA: Rio Tinto Aluminium 

ROC: Receiver Operating Characteristic 

SVC: Support Vector Machine Classifier 

SVM: Support Vector Machine 
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