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Abstract - Keeping a running production process in a proper working state requires continuous monitoring, anticipating 

potential problems in advance, looking for possible solutions to avoid these problems and selecting the most cost-effective 
solution among the choices. This work shows a solution approach, to the mentioned requirements using Machine Learning 
techniques, composed of three phases: a learning phase, a knowledge generation phase and a monitoring and control phase. 
Our approach, which is based on using a well-trained composite Machine Learning model to generate a sufficiently large 
database of pre computed prediction values, provides a method to reduce product defects, unplanned downtimes, energy 
consumption, CO2 emissions, and to increase the production speed and precision. 
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I. INTRODUCTION 

 

In recent years, automated data generation tools 

(sensors, cameras, smart devices etc.) are producing 

huge amounts of heterogeneous data. Technological 

advancements make it possible to transmit, store, 
manage, process and visualize this data which 

contains inherent knowledge that can be extracted 

using analytic methods. In today’s era of Industry 4.0 

and Internet of things (IOT), well-known successful 

companies around the world are investing huge 

amounts to explore and add Machine Learning (ML) 

support in various stages of their production. 

 The work introduced in this paper was applied to 

industrial datasets obtained during metal casting 
processes. The casting industry is also incorporating 

technologies to capture and analyze data 

automatically. 

 

.  
Figure 1: Ishikawa diagram: Complex influences in 
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In Figure 1, the complex influences of sub-processes 

in the casting of copper-based alloys is shown. One 
can see that the casting quality depends on the core, 

mold and the melt. The quality of the core itself 

depends on its geometry, molding material, coating 

and core making process. Each of these processes are 

in turn dependent on the various parameters shown in 

the diagram. Similarly, the properties of the mold 

depend on the casting process, casting geometry, 

gating and feeding with each of them depending on 

further respective parameters as shown in the figure. 

An analytical model of this whole complex process 

composed of interdependent sub processes is currently 

not available and, due to the inherent complexity 
involved, seems unobtainable in the foreseeable 

future. In order to control these processes in an 

efficient manner, data driven models are therefore 

being investigated to utilize the intrinsic knowledge 

available inside the captured data casting of copper-

based alloys [1] 

 
Predictive Analytics plays an important part in 

creating data-driven models.  Its evolution through 

time can be seen in  

Figure 2. Since the 1980's, methods of Descriptive 

Analytics have been employed to examine data and 

determine “what happened” in industrial processes by 

visually showing static and interactive reporting. 

Later, Diagnostic Analytics was introduced, which 

examines data to determine the underlaying causes of 

observed phenomena using drill-down, data 

discovery, data mining and correlation techniques. 

Modern Predictive Analytics methods are able to 
determine future behavior using ML algorithms on 

available data. Finally, Prescriptive Analytics 

recommends actions by applying advanced statistical 

techniques. 

 

 
Figure 2: Evolution towards Prescriptive analytics [2] 

 

CRoss Industry Standard Process for Data Mining 

(CRISP-DM) [3] is a European funded non-

proprietary initiative that started in September 1996 
with the aim that the knowledge discovery process 

should be reliable and reproducible even for someone 

without extensive data mining background. It can be 

used as a guideline and provides analysis templates in 

the form of Experience Collection and is neutral 

regarding application fields and applications. 

 
Figure 3: Phases of CRISP-DM [3] 

The life cycle of the CRISP-DM process model 

consists of six phases as shown in the Figure 3.  In the 

Business Understanding phase, Business Objectives 
and Success Criteria are determined which are 

expected to be achieved using data mining; the 

inventory of resources, requirements, assumptions, 

and constraints are noted, - risks, costs and benefits 

are assessed. Based on this study, a project plan is 

made. In the Data Understanding phase, initial data is 

collected, described, explored and its quality is 

verified. In Data Preparation phase, data is collected, 

selected, cleaned, constructed, integrated and 

formatted. This phase requires the most time and 

effort of the whole project life cycle. In the Modeling 

phase, a modeling method is selected based on the 
data mining target and the collected data, a test design 

is created, a model is built and assessed using varying 

parameter settings. In the Evaluation phase, the data 

mining results are assessed with respect to the 

Business Success Criteria. evaluation results are then 

used to accept or reject the model. If the model is 

accepted, it is deployed in the deployment phase; a 

monitoring and maintenance plan is setup, and a final 
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report is produced. 

 

III. METHODOLOGY 

 

The methodology in this work is composed of three 

phases, the Learning phase, the Knowledgegeneration 

phase and the Monitoring and Control phase. 

 

In the Learning phase, a data-driven non-linear model 

for a process under consideration is learnt based on 

the labeled data captured from the process. This 

dataset is composed of functional independent 

variables (features or inputs to the process) and 

functional dependent variables (features or outputs 
from the process being monitored as quality 

characteristics). Each independent variable has its 

associated properties, for instance, cost. In the start of 

the learning phase, if the amount of data is too large, 

missing values or outliers exists, independent 

variables are inter-dependent or the data is 

unbalanced, then feature mapping techniques are 

applied to improve the data quality. Once the 

complete data is of good quality, it is divided into 

learning data (90%) and testing data (10%). Learning 

data is used to train and validate the selected ML 
methods and testing data is used to compute the un-

biased evaluation of the trained model.  Each ML 

method is trained on z-score normalized data using k-

fold cross validation. The z-score normalization is 

performed to transform all the variables to the same 

scale while k-fold cross validation ensures that the 

complete set of learning data is used for training as 

well as validation. An error threshold is selected 

beforehand to consider only those ML methods which 

perform within an acceptable tolerance. Once the 

learning is complete and a ML method is selected, 

then its un-biased performance is calculated using the 
Test data. 

 

 
Figure 4: Learning Phase I 

 

In ML, there are many available learning methods 

which provide good prediction results for a given data 

set. Once a number of well performing algorithms are 

selected, each of them gives a prediction for a new 

input. In order to obtain a single prediction output 

value, these predictions need to be combined. In 

previous contribution [4], a novel method called Meta 

Prediction Function (MPF), was proposed for this 

purpose. The MPF performed best among the 

considered methods. As shown in Figure 5, the input 

part of the learning data is given to each model of the 
selected ML methods. Then all these predictions are 

combined as new input variables such that each 

variable contains the prediction of a ML method. 

Since all these models are trying to predict the same 
unknown value, so these variables are expected to be 

highly collinear. Therefore, Principal Component 

Analysis (PCA) is applied to this data in order to 

extract the Principal Components, which are linear 

combinations of the generated input variables. Since 

the measured dependent variable is already known for 

the Learning data, it is used as a dependent variable 

and combined with the calculated Principal 

Components to train the linear model using Multiple 

Linear Regression (MLR). The resulting composite 

model composed of individual ML methods with post 

processing by Principal Component Regression [5] is 
stored for later predictions. Using the original test 

data, one can calculate the un-biased evaluation of the 

composite learning method. 

 

 
Figure 5: Learning Phase II 

 

Once the learning phase is complete and a data-driven 

non-linear model is set up, it can be used for the 

Knowledge Generation phase as shown in the Figure 
6. In this phase, for each independent variable the a 

minimum and a maximum value are selected. By 

default, these values are selected from the complete 

data set, but they can also be modified based on 

domain knowledge and expert recommendations. 

Then, for independent variables with real values, a 

number of steps is chosen for data generation, - while 

for discrete variables, the original values are retained. 

Based on all possible combinations of values for the 

independent variables within the selected range, a 

large amount of input data (depending on the number 

of steps) is then generated. The output values for these 
generated input values are predicted using the 

composite learning method and the complete data, 

which represents the generated knowledge, is stored 

in a database. 

 

 
Figure 6: Knowledge generation phase 

 

In the Monitoring and Control phase, as shown in the 

Figure 7, the composite learning method and 
generated-knowledge are used for given new input 

values. A range of values is selected such that, if the 

value of the dependent variable remains within this 

range, the monitored process runs smoothly, whereas 

a value outside the range indicates negative effects on 

the process. The measured input values are then 
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continuously monitored, and the output values 

predicted by the composite leaning method are 
compared to the optimal range. If the predicted values 

lie within the optimal range, then no changes to the 

process parameters are required; otherwise the 

generated knowledge is searched for the input values 

which are closest to the last input but result in an 

output within the optimal range. In this way, if the 

prediction is sufficiently reliable, it can be determined 

how the input parameters must be changed for the 

process to remain in a proper working state. 

 
Figure 7: Monitoring and Control phase 

 

A. Performance Evaluation Measure 

In order to evaluate the performance of the selected 

ML methods, the Relative Root Mean Square Error 

(RRMSE) is used as measure. The RRMSE is defined 

as 

RRMSE =   
1

n
 

 Oi − Pi 
2

 Oi 
2

n

i=1

#(1)  

 

where n is the total number of data records. Oi is the 

measured output and Pi is the predicted output from 

the used ML methods. 

 

B. Datasets 

1) Flow Stress:  

First, we consider a dataset containing 1248 

measurements related to the flow stress occurring 

during a plastic deformation. The dependent variable 

is the measured flow stress(kf) [N. mm−2], while the 
three independent variables are the Temperature (T) 

[℃],the strain(φ) [-] and the strain rate(φ ) s−1  
during the plastic deformation. This dataset was 
generated at the Institute of Technologies of Metals 

(ITM), University of Duisburg-Essen and was 

obtained using experiments with steel sort C15 with 

material number 1.0401. 

The selected statistics of the dataset are shown in the 

Table I below, showing Minimum (Min), Maximum 
(Max), Mean and Standard Deviation (Std) of each 

variable. 

 

Variable 

Name 
Min Max Mean Std 

φ  s−1  0.1 100 32.9016 41.1619 

     φ [−] 0.04 0.7 0.3717 0.1958 

T [℃] 20 1200 
593.942

3 

384.406

4 

kf

[N. mm−2] 
43.724

6 

794.0

8 

394.442

2 

227.453

8 
Table I: Flow Stress Dataset Statistics 

 

A)Learning Phase 
The performance of the individual learning algorithms 

as well as the composite PCR on the test data is 

shown in the TableII below. It is evident that the 

composite method outperforms the individual 

methods. 

 

Flow Stress - RRMSE 

ANN SVM 
Composite 

PCR 

0.0296 0.0354 0.0232 

Table II: Learning Method results 

 

The Figure 8 below shows how close the predictions 

are to the measured outputs for the dependent variable 

and the measured values and predicted values are 

almost fully correlated. 
 

 
Figure 8: Measured vs Predicted results for Test data 

 

B. Knowledge Generation phase 

The initial data records count in the dataset is 1248. 

By selecting 100 steps for each of the three 

independent variables, an input set of size 106 = 

1000,000 is generated. The corresponding output for 
each of these input value vectors is predicted using 

the composite learning method and the complete 

generated knowledge is stored in the database.  

 

C. Monitoring and Control Phase 

The first step in this phase is to decide the optimal 

range for the functional dependent variable. Here we 
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assume for example that for the process under 

consideration, the optimal range is as follows; 

Optimal range: 500 – 600 [N. mm−2] 
As described before, during the running process, the 

value of the input variables is continuously measured, 
and the corresponding expected output computed and 

compared with the optimal range. We further assume 

there is a new input occurring during the process and 

we predict the output using our composite learning 

method as follows. 

 

φ  s−1  φ [−] T [℃] kf [N. mm−2] 

0.1 0.3 20 657.18 

 

Since the expected output lies outside the optimal 

range, the system looks in the generated knowledge-

base to find the inputs closest to the current ones that 

results in an output value within the optimal range. In 

the Table III below, the closest inputs found are 

shown. One can observe that if only the amount of 

strain is reduced, the kf value decreases to within the 
acceptable range. 

 

φ  s−1  φ [−] T [℃] 
kf 

[N. mm−2] 

0.1 0.2 20 599.2451 

0.1 0.1933 20 593.4819 

0.1 0.1867 20 587.4417 

0.1 0.18 20 581.1079 

0.1 0.1733 20 574.4604 

Table III: Proposed changes 

 

2) Compression strength of green molding sand 

dataset  
Next, we consider a dataset consisting of 4 

independent and 1 dependent variables with a total of 

1076 measurements. The dependent variable 

represents the Compressive Strength[kN.m-1] of green 

molding sand, while the 4 independent variables are 

its water, carbon, bentonite and clay all in percentage. 

The statistics of the dataset are shown in the Table IV 

below. 

 

Variable Name Min Max Mean Std 

Water [%] 2.55 3.85 3.1688 0.1981 

Carbon [%] 1.13 3.1 2.3876 0.2385 

Bentonite [%] 5.2 11.68 7.5402 0.6836 

Clay [%] 8 14.4 11.1689 0.6913 

Compression 

strength 

[kN.m-1] 

15.8 27.5 20.9428 1.7008 

Table IV: Compression Strength dataset Statistics 

 

D. Learning Phase 

The performance of the individual learning algorithms 

as well as the composite PCR on the test data is 

shown in the Table V. Again, one can observe that the 

composite method outperforms both individual 

methods. 
 

Flow Stress - RRMSE 

ANN SVM 
Composite 

PCR 

0.0241 0.0289 0.0226 

Table V: Learning Method results 

 

The Figure 9 given below of the measured and 

predicted values for test data shows that the composite 

learning method has learnt the intrinsic function in the 

data reasonably well. 

 

 
Figure 9: Measured vs Predicted results for test data 

 

E. Knowledge Generation phase 

Selecting 20 steps for each of the four independent 
variables, an input size of 204  = 160,000 is generated 

and the composite learning method is used to predict 

the corresponding output values. The complete 

knowledge-base is stored in the database.  

 

F. Monitoring and Control Phase 

For this process, we assume the following optimal 

range: 

Optimal range: 24 – 26 [kN.m-1] 

Now the process is continuously running. As 

described before, the expected output of each input is 
computed and compared with the optimal range. 

Assume that there is a new input measurement for the 

process, and we predict output using our composite 

learning method as follows. 

 

Water 

[%] 

Carbon 

[%] 

Bentonite 

[%] 

Clay  

[%] 

Compressi

on strength 

[kN.m-1] 

3.35 2.38 7.6 
11.7

3 
21.42 

 

Since the expected output lies outside the optimal 

range, the system uses the knowledge-base to find the 

closest inputs to the current ones that, according to the 
prediction, still results in an optimal output value. 

Below in Table VI are the closest inputs found. The 

user can now select one of the recommendations; for 
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example, a decrease in the water and carbon content 

combined with an increase in bentonite and clay 
content is expected to improve the compression 

strength to above the selected threshold. 

 

Water 

[%] 

Carbon 

[%] 

Bentonite 

[%] 

Clay  

[%] 

Compressi

on 

strength 

[kN.m-1] 

3.3026 2.063158 8.6105 
12.04

21 
24.01943 

3.2342 2.063158 8.6105 
12.04

21 
24.00217 

3.3710 1.959474 8.6105 
12.04

21 
24.08666 

3.3026 1.959474 8.6105 
12.04

21 
24.12926 

3.3026 1.855789 8.6105 
11.70

52 
24.0067 

Table VI: Proposed changes 

 

3) Elongation dataset  

Our final dataset consists of 17 independent and 1 

dependent variables with in total 386 measurements. 

The dependent variable is the elongation (a measure 
of ductility) of a specimen, while the 17 independent 

variables represent the contents of different elements 

in the tested material. The statistics of the dataset are 

shown in the Table VII below. 

 

Variable 

Name 
Min Max Mean Std 

C 3,19 3,88 3,5238 0,1135 

Si 2,35 3,99 2,7992 0,1072 

Mn 0,17 0,48 0,3243 0,0344 

P 0,01 0,021 0,0133 0,0021 

S 0,005 0,016 0,0085 0,0015 

Cu 0,03 0,15 0,0594 0,0183 

Mg 0,03 0,085 0,0494 0,0066 

Cr 0,025 0,103 0,0451 0,0098 

Ni 0,019 0,205 0,0343 0,0143 

Pb 0,001 0,385 0,193 0,1113 

Al 0,005 0,014 0,0083 0,0014 

Mo 0,001 0,564 0,0078 0,0292 

Ti 0,004 0,017 0,0074 0,0021 

Sn 0,002 0,006 0,0039 0,0007 

V 0,002 0,015 0,004 0,0012 

Zn 0,001 0,11 0,0056 0,0126 

Ce 0,001 0,011 0,0054 0,0017 

Elongation 6,9 23,7 17,501 1,7223 
Table VII: Elongation dataset Statistics (all in %) 

 

Learning Phase 

The performance of the individual learning algorithms 

as well as the composite PCR on the test data is 

shown in Table VIII below. Once more, the composite 

method clearly outperforms the individual ML 

methods. 

 

Elongation - RRMSE 

ANN SVM 
Composite 

PCR 

0.0245 0.0249 0.0225 

Table VIII: Learning Method results 

 

The graph of measured vs predicted values in the 
Figure 10 below shows that the composite learning 

method has successfully learnt the intrinsic function 

in the data. 

 

 
Figure 10: Measured vs Predicted results for test data 

 

Knowledge Generation phase 

The initial data records count is 386. By selecting 3 

steps for each of the 17 independent variables, 217 = 

131,072 input records are generated, each of which is 

then used to predict an output value based on the 

composite learning method.  

 

Monitoring and Control Phase 

For Elongation dataset, the optimal range is selected 

as follows.  
Optimal range: 20 - 22 

For a new input, which does not produce a result in 

the optimal range, 3 suggestions (Sug.) which are the 

closest possible alterations to this input are searched 

for in the knowledge-base. The results are shown in 

Table IX. 

 

Variable 

Name 

New 

Input 
Sug. 1 Sug. 2 Sug. 3 

C 3.49 3.19 3.19 3.19 

Si 2.86 2.35 2.35 2.35 

Mn 0.34 0.48 0.48 0.48 

P 0.012 0.01 0.01 0.01 

S 0.007 0.016 0.016 0.005 

Cu 0.06 0.03 0.03 0.03 

Mg 0.056 0.03 0.03 0.03 

Cr 0.046 0.025 0.025 0.025 

Ni 0.029 0.019 0.019 0.019 

Pb 0.006 0.001 0.001 0.001 

Al 0.009 0.005 0.014 0.005 

Mo 0.003 0.001 0.001 0.001 

Ti 0.007 0.004 0.004 0.017 

Sn 0.004 0.002 0.002 0.002 
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V 0.004 0.002 0.002 0.002 

Zn 0.065 0.11 0.11 0.11 

Ce 0.005 0.001 0.001 0.001 

Elongation 18.25 21.23 20.08 21.03 
Table IX: New input and suggested changes (all in %) 

 

 

By performing any one of the three proposed changes, 

one can successfully achieve the elongation value 

within the required range according to the prediction. 

 

IV. CONCLUSION AND OUTLOOK 
 

The method proposed in this paper achieves the 

objectives successfully by learning the intrinsic 

knowledge in the considered datasets by using data-

driven methods. Currently the proposed method does 

not consider the inherent differences between the 

independent variables when choosing a 

recommendation based on the generated knowledge. 

However, in practice, changing certain input variables 

might be more expensive or considerably more 

difficult than changes to other input variables. In the 
future, the presented method could therefore be 

improved by applying some customizable weighting 

to each of the input variables to influence the given 

recommendations. This work will be expanded with 

theoretical knowledgebase so that the suggestions 

from predictions can be combined with expert 
knowledgebase. These combined suggestions 

(theoretical as well as practical) will enable the 

production processes to run optimally. 
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