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Abstract - In the last years, the artificial neural networks have been effectively applied to several industrial problems in order to 
improve knowledge and get a deeper insight into correlations among different factors which affect production processes. In many 
applications Neural Networks are applied to predict the relationship between available input process variables and the target to be 
forecasted.  Data pre-processing is an important step in developing a neural network application, which could affect the accuracy 
and the results of the developed models and applications. In the present paper an approach is proposed for data pre-processing, 
concerning a particular application related to the steel production. Such approach is tested on one row dataset coming from a real 
industrial context and the obtained results demonstrate the effectiveness of an accurate and appropriate pre-processing phase. 
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I. INTRODUCTION  
 
In the last years, the quality of European steel has 

constantly enhanced, giving reliable steel products which are 
very competitive within world-wide markets. A consequence 
of this advance is a progressively increasing demand for 
customers, requesting for smaller and narrower tolerance 
intervals for significant quality attributes such as material 
properties. Online measurement systems of the material 
properties already exist but they are not located in a stage of 
process which allows providing their results back into the 
automation. Two popular online measuring systems for 
material properties, which are commercially available, are 
the Impulse Magnetic Process Online Controller (IMPOC) 
[1-3] and the Harmonic Analysis Coil Online Measurement 
System (HACOM).  

The project entitled “Novel automatic model 
identification and online parameter adaptation for supporting 
the industrial deployment of model-based process control,” 
(AutoAdapt), which is funded by the Research Fund for Coal 
and Steel (RFCS) of the European Union, aims at enhancing 
the diffusion of automation concepts controlling material 
properties online within Hot Strip Mills (HSM) through the 
enhancement of model identification procedures based on 
accurately physical models which can be appropriately 
adapted online. Additionally, an accurate measurement 
technology, which is directly capable to identify material 
properties at the HSM and also in subsequent process stages 
is necessary and the selection of identifiable models is 
central [4]. 

This paper presents part of the work which has been 
developed within the above mentioned project. In particular, 
an effective procedure is presented, which starts from a real 
raw dataset and outputs a prediction of a mechanical 
property of the final steel product by performing an adequate 
and necessary preprocessing phase which leads to the design 

of computationally efficient and accurate prediction models, 
that can be exploited within a control approach and that can 
be adapted by exploiting data, once it becomes available. 

The importance of data pre-processing for the successful 
application of machine learning approaches has been widely 
highlighted in literature, such as, for instance, in [5-11]. 

The paper is organized as follows: Sec. II provides a 
short introduction to the considered industrial problem, Sec. 
III describes in detail the adopted pre-processing and design 
approach; the obtained results are then shown and discussed 
in Sec. IV and finally, in Sec. V, some concluding remarks 
are provided. 

 
II. THE INDUSTRIAL APPLICATION 

 
In the production of flat steel products, the Hot Rolling 

Mill (HRM) is the process which reduces the thickness of the 
steel slab after its reheating in the reheating furnace and 
provides a longer and flat semi-finished product called Hot 
Rolled Coil (HRC).  

The HRM is composed of different sub-processes: the 
roughing mill, which performs the first gross thickness 
reduction, and the finishing mills, which provides the HRC 
with the desired final thickness. The HRC is finally cooled 
and coiled to be stored.  

The HRC is further processed in the Cold Rolling Mill 
(CRM), which produces the Cold Rolled Coil (CRC), that is 
sold to manufacturers producing a wide variety of goods. 
The HRM is therefore an intermediate but fundamental stage 
for the determination of the final mechanical properties of 
the products.  

A subsequent process called Hot Dip Galvanizing (HDG) 
is applied to the CRC where the strip is coated with zinc to 
prevent it from rusting. Also, the HDG can affect the final 
mechanical properties of the final product, since other 
intermediate and important sub-processes are performed, 
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such as strip reheating and cooling, respectively before and 
after the zinc pot and the following skinpass rolling process. 

Every steel plant produces several kind of steels, that are 
grouped by grade, and each grade group holds its own 
characteristic chemical composition and target mechanical 
properties. Thus any kind of developed model needs to be 
flexible enough to be adapted to the needing of a specific 
steel produced as well as to the different types of products. 

 
III. PRE-PROCESSING AND MODEL DESIGN 

 
The main objective of this procedure is the prediction of 

an important mechanical property (target), which is 
measured by the IMPOC system, starting from process 
parameters.  

Measurements of available dataset have been collected 
during Hot Dip Galvanizing (HDG) process and they are 
associated to longitudinal positions on the coil with a spatial 
interval of ten meters.  

The analysis has been centred on three different steel 
grades called IF, HSLA1 and HSLA2 in order to test the 
proposed methods in several cases. 

An overview of the procedures applied to the initial 
dataset in order to predict the target variable is schematically 
depicted in Figure 1 

 

 
Figure 1.  General procedure scheme. 

 

A. Variable selection based on process knowledge. 
 
Due to the large number of measured variables, there is 

the need to reduce such number by selecting those variables 
which mostly affect the considered target. A first variable 
selection stage has thus been performed based on the process 
knowledge of the technicians and plant managers. 

 
B. Uniformity analysis. 

 
 A coil is defined as uniform if the chemical analysis of 

coils belonging to the same steel code can be considered 
almost constant. From a statistical point of view, this means 
that the value wj of the content of each chemical element 
which is significant in the determination of the steel grade 
differs from its mean value j less than twice the related 
standard deviation j, namely j–2j<wj<j+2j. This 
definition of chemical analysis uniformity is statistically 
justified when the considered values of the content of 
chemical elements are approximately normally distributed. 
This statement has been verified through normal probability 
plot, a graphical technique used to validate the assumption of 
gaussianity of the distribution of a stochastic variable. This 
method compares data considering two measures: the 
original data and the theoretical normally distributed data. 
When the two measures agree, the normal probability plot 
appears to be linear, meaning that data distribution can be 
approximated by a normal distribution. 

 
C. Plausibility analysis. 

 
 The plausibility analysis has been applied in order to 

create prediction models starting from process parameters 
lying within acceptable value ranges. To this purpose, a 
plausibility range or plausible values for each process 
parameter has been defined with the help of the technical 
personnel, in order to have plausibility check on process 
variable measurements during data pre-processing. Another 
check regards the possibility to have missing values on some 
process variable measures on some positions of the coils, due 
to measurement errors: all rows or coil positions where at 
least one value is missing or not plausible are removed and if 
more than 30% of a process variable samples are not 
plausible, that variable is eliminated. 

 
D. Outlier Detection.  

 
An outlier is defined as an observation that deviates from 

the rest of the available data [12, 13]. Outliers can be caused 
by measurement errors or by a particular unexpected 
condition or phenomenon affecting the considered process or 
system. Thus, depending on the application, an outlier can be 
a sample to be discarded or to be highlighted, as it represents 
a rare anomaly to be identified [14]. Outliers detection is an 
important step of data mining as well as it is a useful pre-
processing stage in many applications belonging to different 
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contexts such as financial analysis, fraud detection, network 
robustness analysis, network intrusion detection [15, 16]. 
Traditional outlier detection approaches can be categorized 
into four main classes: distribution-based, distance-based, 
density-based and clustering-based. Distribution-based is a 
statistical method that considers an object as an outlier if it 
does not fit well with a standard distribution; the concept of 
distance-based approach was introduced by Knorr and Ng in 
1998 [17] as An object O in a dataset T is a DB(p,D)-outlier 
if at least fraction p of the objects in T lie greater than 
distance D from O; density based-approach identifies an 
outlier on the base on how isolated the data is with respect to 
the surrounding neighbourhood; finally the clustering-based 
approach classifies as outlier an object which does not 
belong to any cluster after a clustering operation: moreover if 
a cluster is quite different to other clusters the data that falls 
in it is considered as an outliers [14, 15]. The approach 
which is proposed here combines these different approaches 
through a Fuzzy Inference System (FIS), similarly to what 
proposed in [18-21]. The four features are fed in input to the 
FIS that outputs an outlierness degree belonging to the range 
[0, 1]. The FIS is a Mamdami type and three fuzzy sets have 
been stated for each feature (labeled low, medium and high) 
and Gaussian-shaped membership functions have been used 
with the exclusion of distribution function that is a binary 
variable, thus two fuzzy singleton have been adopted. The 
FIS output is a variable in the range [0, 1] that if it is close to 
one, the corresponding pattern is labeled as outlier. In this 
industrial context outlier detection has been applied on each 
coil independently from other coils, being some process 
settings depending on coil basic features. 

 
E. Redundancy analysis. 

 
 Redundant variables are recognized by using the 

dominating set algorithm, which derives from graph theory 
[22, 23]. The proposed algorithm creates a graph, where 
every variable defines a vertex and two vertices are 
connected by an edge if the related variables have a linear 
correlation [24] greater than 0.95 and a p-value (correlation 
significance) lower than 0.05. The adopted procedure detects 
the minimal dominating set of the graph, namely the 
minimum vertex subset D such that all the remaining vertices 
have a connection with at least an element of D. Redundant 
variables are associated with those vertices of the graph that 
are not in the minimal dominating set [25]. 

 
F. Genetic Algorithm (GA)-based Variable Selection and 

model design. 
 
 Variable reduction is a substantial preliminary step of 

the development of Artificial Neural Network (ANN)-based 
models [26, 27]. An inappropriate selection of the input 
variables can deteriorate the accuracy of ANN in the training 
phase [5, 28]. Commonly we think that ANNs are able to 
identify redundant and noisy variables during the training 

stage and this credence leads the designers to use all 
available variables believing to include more information 
and also improve the performance of the developed model. 
Nevertheless, the number of input parameters which are 
included in the ANN influences the computational burden 
and the training time [29]. Additionally, another significant 
aspect, which is largely dealt in literature, is the curse of 
dimensionality, which states that if the dimensionality of a 
model increase linearly, the total volume of the modelling 
process domain increase exponentially [30]. The variable 
selection methods can be classified in three main groups: 
filters, wrappers and embedded approaches. Filter 
approaches can be considered as a pre-processing phase, as 
they are independent on the learning algorithm [31, 32]. The 
variables subsets are created by considering the relationship 
between input and output. The main advantage of the filters 
is their simplicity and speed and also they are suitable for 
treating with large datasets [33-35]. Wrapper approaches, 
introduced by Kohavi et al. in [36], estimate the performance 
of the developed learning machine in order to choice a subset 
of variables considering their predictive power. Wrappers 
adopt the learning algorithm as a black box making these 
approaches remarkably universal. The most obvious wrapper 
approach is the exhaustive search, also called brute force 
method, which analyses all combinations of input variables. 
A common wrapper approach is the Greedy Search strategy, 
which gradually creates the variables subset by adding or 
removing single variables from a primary set. Finally, other 
variable selection procedures based on genetic algorithms are 
proposed in literature in order to obtain a good performance 
in a reasonable time and one of them are proposed in this 
work. Embedded methods execute the variable selection as 
portion of the learning phase and are naturally specific of a 
detailed learning machine [37, 38]. Classic examples of 
embedded methods include classification trees, random 
forests [39]. The main advantage of embedded methods is 
their inclusion in the learning algorithm which considers the 
relevance of the variables. In recent times some hybrid 
variable selection methods have been proposed in order to 
exploit their advantages by overcoming their shortcomings 
[25, 40-42]. Finally, a significant phase to be considered 
treating with variable selection is the stability of the result 
[43-45]. The stability of a variable selection approach is 
commonly defined as the robustness of the variables selected 
associated to variations in the training sets produced from the 
same creating distribution [40, 46-48]. 

In this work, once redundant variables are discarded from 
dataset, a GA-based variable selection procedure is 
implemented [49, 50]. The chromosomes are characterized 
by binary vectors, whose length is equal to the number of 
input variables, so that each gene is univocally associated to 
a variable and a unitary value means that the related variable 
is included in the variable subset associated to the considered 
chromosome. The GA population is randomly initialized and 
genetic operators (mutation and crossover) are computed at 
each generation. In particular, the mutation operator switches 
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a randomly selected gene, while the crossover operator 
creates each gene of the son chromosome by randomly 
selecting genes from the two parent chromosomes. Before 
applying the variable section procedure, the dataset is split in 
two subsets: 75% of the data is attributed to the training set, 
while the remaining 25% of data is used as validation set.  
The fitness function to minimize is the mean relative 
prediction error of the model exploiting each variable subset 
as input and is evaluated on the validation set [51]. The GA 
terminates when a fixed maximum number of iterations has 
been reached or a plateau of the fitness function is reached. 
The winner chromosome provides the subset of input 
variables related to the best value of the fitness as well as the 
trained model which exploits that subset. In effect, this 
variable selection approach belongs to the category of 
wrapper methods [52, 53], which exploits the learning 
machine inside the variable selection procedure in order to 
evaluate the goodness of each variable subset. 

In the present case, several models have been created 
according to coil properties such as steel code and thickness, 
which are factors which heavily affect the predicted 
mechanical properties. Coils have been divided in several 
classes on the basis of the steel code and each class has been 
divided again in 10 sub-classes corresponding to different 
thickness ranges, each of width 0.2 mm. 

For each sub-model three prediction models have been 
applied: a polynomial approximation and two 3-layers feed-
forward networks (NN31 and NN32). The number of neurons 
in the hidden layers of the NN-based models is empirically 
determined by means of several tests performed.  

Furthermore, according to the specifications provided by 
skilled personnel of the steelworks, two variables have 
always been included in the final dataset, due to the need of 
considering the influence on the mechanical properties 
prediction. Such variables are not included in the variable 
selection procedure. 

 
IV. EXPERIMENTAL RESULTS 

 
Performance results have been calculated considering the 

mechanical property named Tensile Strength as target. The 
measurement unit of such variable is MegaPascal (MPa).  

The preliminary knowledge-based variable selection 
stage selected 38 potential input variables, 37 of them 
belonging to four categories (Temperatures, fan cooler, 
skinpass, tension leveler) while one variable is the 
mechanical property to be predicted.  

By applying the plausibility analysis and, afterwards, the 
above mentioned outlier detection approach to the available 
dataset no variable was discarded but about 30% of coils has 
been removed from the dataset. 

The results obtained by applying the plausibility analysis 
are shown in Table 1 that are expressed in terms of 
percentage of measures that are outside the plausibility 
ranges indicated by the expert personnel.  

 

TABLE I. RESULTS OF THE PLAUSIBILITY ANALYSIS 
Steel class No of coils Input samples Not plausible % 

IF 2911 668150 29 

HSLA1 1101 214411 28.53 

HSLA2 1120 202229 35.53 

 
After the plausibility analysis, the outlier detection 

technique has been applied and results, in terms of 
percentage of detected outliers, are shown in Table II. 

 
TABLE II. RESULTS OF THE OUTLIER DETECTION 

Steel class Percentage of outliers 

IF  0.67 % 

HSLA1 0.75 % 

HSLA2 0.85 % 

 
The results of the preliminary uniformity analysis 

showed that the 72.8%, 77% and 78.6% of the data related to 
the chemical content of all coils, respectively, for the IF, 
HSLA1 and HSLA2 steel grades can be considered uniform. 

Starting from reliable data, the redundant variable are 
removed and finally the above-described GA-based 
algorithm have been applied in order to select the input 
variables which mainly affect the considered target. The 
results of redundancy and selection of variables are shown in 
Table III depicting how many input variables are selected for 
each steel code and thickness range. The obtained results are 
considered satisfactory, as they are in line with the 
expectation of the technical personnel of the plant. 

 
TABLE III. NUMBER OF REDUNDANT AND SELECTED VARIABLES FOR EACH 

STEEL CODE AND THICKNESS RANGE 
Thickness 

range IF HSLA1 HSLA2 

 #Red. 
Var. 

#Sel. 
Var. 

#Red. 
Var. 

#Sel. 
Var. 

#Red. 
Var. 

#Sel. 
Var. 

1 6 21 - - - - 

2 6 19 5 20 6 15 

3 9 13 8 20 7 10 

4 7 15 7 13 4 13 

5 5 16 7 15 - - 

6 7 18 6 16 6 12 

7 8 16 5 19 6 10 

8 5 13 6 20 6 19 

9 - - - - 4 12 

10 4 11 5 13 6 12 

 
In order to demonstrate the effectiveness of the use of an 

accurate and appropriate phase of data pre-processing, a 
comparison was made between the performance of two 
neural networks, the first trained with the raw data set and 
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the second trained with a clean data set, namely the dataset, 
related to same period, cleaned through the above mentioned 
pre-processing operations. 

The results achieved by training the network with the raw 
dataset and with the “clean” data set are shown in Figure 2, 
Table IV and Table V in terms of average error  and 
standard deviation  as well as average relative error r and 
standard deviation r. 

 
Figure 2.  Absolute Error obtained by exploiting clean and raw data. 

 
 

TABLE IV. RESULTS OBTAINED BY TRAINING THE ANN WITH THE RAW 

DATASET 
Steel class   r r 

IF 34.78 12.11 0.118 0.041 

HSLA1 63.75 52.18 0.163 0.134 

HSLA2 87.72 111.16 0.193 0.248 

 
TABLE V. RESULTS OBTAINED BY TRAINING THE ANN WITH THE “CLEAN” 

DATASET 
Steel class   r r 

IF 5.51 4.81 0.019 0.016 

HSLA1 10.25 9.73 0.026 0.027 

HSLA2 23.38 16.74 0.056 0.0441 

 
This study shows the importance and the effectiveness of 

data preprocessing neural networks modelers. In effects, the 
performance achieved through the preprocessing of data 
improves. in average, of a factor higher than 20% with 
respect to the one achieved by considering the raw data and 
this results is a very satisfactory. Moreover, by selecting 
specific variables, the knowledge about the phenomena 
studied is enhanced, as those parameters that affect the target 
are highlighted. 

 

V. CONCLUSIONS 
 
The proposed pre-processing approach provides a more 

informative data subset in a reasonable time and it can be 
applied to all kind of real datasets. The aim of the proposed 
approach was to demonstrate the need to perform an 
adequate pre-processing of industrial data before creating a 
model. The obtained results show the importance of an 
effective and accurate pre-processing stage for the design 
and development of neural network-based models. This 
consideration can be extended to any machine learning 
approach, whose results strongly depend on the quality of 
the exploited data. Future work will involve testing the 
proposed approach on other industrial cases study.  
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