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ABSTRACT 
Modern process logging systems for electric arc furnaces have the capability of storing large 
quantities of data, both in terms of variables and number of heats. The objective of this research is 
to evaluate how this data can be used for improvement of operating practices and optimisation of 
energy and scrap utilisation. 

In previous research projects, a process visualisation and monitoring system was developed and 
installed on four meltshops in Scandinavia. By showing relevant information to the operators during 
the melting operation and generating reports based on the performance of the different operating 
teams, reduction of energy consumption, increase of productivity and reduced production costs 
could be achieved. 

Further analysis of data from the historical database led to the development of process optimisation 
tools for post combustion, hot heel practice, slag foaming and charging of scrap baskets. With the 
use of these tools, energy consumption and power-on time could be decreased further. 

However, steel scrap is the most important raw-material in electric steelmaking, contributing 
between 60% and 80% of the total production costs. Today the degree of which the scrap mix can 
be optimised, and also the degree of which the melting operation can be controlled and automated, 
is limited by the knowledge of the properties of the scrap and other raw-materials in the charge mix.  

In this thesis, multivariate regression methods have been used to develop prediction models for final 
chemical analysis of the steel, total electric energy consumption and metallic yield. The predictions 
are based on composition of the raw-material mix, total consumption of injected materials (like 
oxygen, oil, coal, slagformers) and initial condition of the furnace (hot heel composition). A 
prediction model for total energy consumption for melting of the first scrap basket based on 
continuous measurements of electrical parameters and wall panel temperatures was also developed. 

The models have been used to estimate some scrap properties (chemical composition, specific 
electrical energy consumption, yield coefficients), evaluate the efficiency of post-combustion and to 
estimate the optimal time to charge the second scrap basket. 

The results show that it is possible to provide estimates of the levels of tramp elements (Cu, Sn, As, 
etc.) and alloy elements (Cr, Ni, Mo, etc.) in commonly used scrap grades based on evaluation of 
commonly logged process data. To ensure that the estimates remain consistent with scrap quality, it 
is suggested that they be updated on a regular basis. It is also discussed how the estimates of scrap 
properties can be used for improved process control and monitoring of scrap quality. 
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PREFACE 
This thesis shows how monitoring of relevant process parameters can be used to optimise the 
energy utilisation and the scrap mix in electric arc furnace steelmaking. Analysis of data from 
historical databases with multivariate projection methods (like PCA and PLS) shows the 
possibilities of creating simple process optimisation models for post combustion, charging of scrap 
baskets and optimisation of scrap mix. 

Some examples of how multivariate prediction models can be used to estimate the raw-material 
properties and how to utilise these estimates for improved process control and monitoring of scrap 
quality are also presented. 

The work presented here has been performed at MEFOS – Metallurgical Research Institute, Luleå 
University of Technology and the University of Manchester. Supervisors are Bo Björkman (Luleå 
University) and Barry Lennox (Manchester University). Mentors at MEFOS are Guozhu Ye and 
Sten Ångström. 

Publications related to this thesis are 

[1] Sandberg, Gustafsson, Kjaer: Development of an advanced supervision system for 
EAFs, The 6th Japan-Nordic countries joint symposium proceedings, nov 29-30 2000, 
Nagoya, Japan, pp. 130-138 

[2] Sandberg, Bentell, Undvall: Energy optimisation of electric arc furnaces by statistical 
process evaluation, 7th European Electric Steelmaking Conference proceedings vol 1, 
Venice, Italy, 26-19 may 2002, pp. 435-444 

[3] Sandberg, Lennox, Undvall: Multivariate predictions of end-conditions for electric arc 
furnaces, Scanmet II: 2nd international conference on process development in iron and 
steelmaking, 6-9 June 2004, Luleå, Sweden, Vol 2, pp. 447-456 

[4] Sandberg, Lennox, Björkman: Multivariate process monitoring of electric arc 
furnaces; To be presented at the 8th European Electric Steelmaking Conference, 
Birmingham, United Kingdom, 7-9 may 2005, and published in Ironmaking and 
Steelmaking inc World Steel special issue in conjunction with the conference 

These publications can also be found in the reference list [1-4]. 

A list of explanations of all abbreviations used in this thesis can be found in appendix 1. 
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Chapter 1 

INTRODUCTION 

1.1 Steel production 
Steel industry is a fundamental part of the base industry structure in Europe and world-wide as well. 
Total production of steel in the world is currently about 970 kton, of which about 160 kton is 
produced in the European Union and about 6 kton in Sweden [http://www.worldsteel.org].  

The production of steel can be divided into several steps: 

• Raw material pre-processing (iron ore, steel scrap, coal, slag formers) 
• Process metallurgy (melting of raw materials, modification of melt chemistry) 
• Casting and solidification (continuous casting, ingot casting, moulding, drawing) 
• Hot and cold forming (hot and cold rolling, pressing) 
• Mechanical processing (cutting, turning, milling) 

This project is focused on the processes in the second step (Process Metallurgy) which is about 
melting the raw materials and achieving the desired chemical analysis and temperature of the steel 
required for the third step in steel production – Casting and Solidification. 

Process metallurgy for production of steel is divided into two main routes based on the main source 
raw material – the ore based route and the scrap based route. 

1.2 The ore based route 
The ore based route starts with a reduction process (ironmaking) where iron ore is heated and 
reduced to liquid iron, sometimes called hot metal, with carbon content of about 4-5 % and a 
temperature of about 1450 degrees C. The most common process for ironmaking is the blast 
furnace. A blast furnace is a semi-continuous shaft furnace that works like a counter-flow heat 
exchanger. Iron ore, coke and slag formers are charged at the top and oxygen and fuel are injected 
through tuyeres near the bottom of the furnace. Liquid iron and slag are tapped through tap-holes 
below the tuyere levels. 

Alternatives to the blast furnace that produces the same type of product, hot metal, are different 
types of smelting reduction processes (COREX, FINEX, and others) where the iron ore and coal 
need less pre-processing (coking, sintering, pelletising) than for the blast furnace. The reason for 
this is that coking plants and sinter plants have high impact on the environment and current 
restrictions makes it very expensive to build new ones. However, over 99 % of the hot metal 
produced in the world still comes from blast furnaces. 

The second step in the ore based route (steelmaking) is to reduce the carbon content in the hot 
metal. This is done by blowing oxygen in a batch process called Basic Oxygen Furnace (BOF). The 
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oxygen can be supplied either from a lance from the top of the furnace (called a LD-converter) or 
through nozzles in the bottom (Called an OBM-converter). Technically, iron becomes steel when 
the carbon content is lower than 2 %, but the carbon content is usually reduced to about 0.05 % 
(sometimes even lower). The content of other oxidisable elements like Si, Mn, S, P and V are also 
reduced during the process. 

In the oxidation process a large amount of heat is produced. To avoid a too high temperature in the 
BOF some cooling agent is often needed. The cooling agent can be up to 30 % of the total charge 
weight and can be either steel scrap, pig iron (solid hot metal) or iron ore. The product from the 
BOF is called crude steel. 

In most cases the crude steel undergoes some further treatment before solidification called 
secondary metallurgy or ladle metallurgy because the operations are performed in ladles rather than 
furnaces. The objective is to fine-tune the chemical analysis and the temperature of the steel and to 
remove or modify the non-metallic inclusions in the steel. There are many processes for this and 
some steel plants have more then one of these installed. 

The simplest form of ladle metallurgy is gas stirring of the liquid steel to achieve a uniform 
distribution of alloy elements and temperature and to remove some of the non-metallic inclusions to 
the slag phase. The gas stirring can be done by injection either through a lance at the top of the ladle 
or through nozzles at the bottom. Stirring can also be done by large induction coils outside the ladle. 

Stirring is often combined with alloying and refining. Alloy elements or refining agents are supplied 
by injection lances or feeding wheel attachments or in some cases just tossing on the steel surface. 
If the station is equipped with graphite electrodes for heating of the steel the device is called a ladle 
furnace (LF). Sometimes the ladle is placed within an airtight shell that enables vacuum pumping 
and then it is called a vacuum degassing unit (VD). There are also a number of other vacuum 
degassing processes (VOD, RH, RH-OB, and CAS-OB among others) that will not be described 
here.

1.3 The scrap based route 
The main difference between ore based and scrap based (electrical) steelmaking is that the reduction 
step (blast furnace, corex, etc) is missing. This means that the raw-materials must already have a 
sufficient content of reduced iron. The most common raw-material in electric steelmaking is steel 
scrap, a very diverse material that is divided into several sub-groups. Most countries have national 
classification systems for steel scrap, but there is also a European classification system [1] that the 
EU-countries use for international scrap trade. 

On top of this, almost every meltshop (electrical steelmaking plant) has an internal classification 
system that further divides the standard scrap types into subtypes based on origin, supplier, 
chemical content, and size distribution. The total number of steel scrap types is about 20 for a 
normal carbon-grade steel meltshop but can be over 100 for stainless steel and speciality steel 
producers.

Besides scrap, there are also a number of “virgin” raw-materials that can be used. The most 
common are Direct Reduced Iron (DRI) and Pig Iron. DRI is produced in solid state by reduction of 
iron ore with natural gas and is available in two forms: Sponge iron and Hot Briquetted Iron (HBI). 
Pig iron is solid pieces of hot metal from blast furnaces or any other iron smelting reduction 
process.
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The most common process for melting of steel scrap is the Electric Arc Furnace (EAF). It can be 
described as a chemical reactor that utilises electricity to transform steel scrap to molten steel. 
Currently about 1/3 of the world production of steel is made using the electric arc furnace process 
[http://www.worldsteel.org]. 

The scrap based steelmaking route involves many different types of energy inputs. The main source 
of energy is still electricity, but in many furnaces a significant part of the total energy input comes 
from various types of chemical fuel like natural gas, oil, coal, non-noble metals and metallurgical 
dust. These fuels may be utilised in different ways (combustion in furnace, scrap preheating, melt 
injection) that affect the efficiency of the applied energy, material and energy flow sheets in figure 
1 and 2. 

Charge materials

Burners

Oxygen lance

Injection lance

Electrodes

Off gas

Slag

Steel

Cooling water

Air

PreheatingWaste gas Filters

Tank

Filters

Figure 1 – Material flow in the EAF. 
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Liquid steel
380 kWh/ton

Burners 40 kWh/ton

Slag 50  kWh/ton

Cooling water 50  kWh/ton

Miscellaneus 10  kWh/ton

Off-gas
140 kWh/ton

Total energy 630 kWh/ton

Electrical energy
410 kWh/ton Chemical energy

180 kWh/ton

Figure 2 – Energy flow in the EAF. 

1.4 Steel quality 
Solid steel quality is usually based on mechanical properties like 

• Tensile strength 
• Elasticity 
• Hardness
• Corrosion resistance 

Liquid steel quality is something completely different. It is usually measured in chemical 
composition and temperature. The target chemical composition is different for each steel-grade and 
it sets limits for the mechanical properties of the solid steel as discussed above. 

Mechanical properties are not only a function of the chemical composition, but also of the 
conditions during the solidification (ingot casting, continuous casting, and moulding) and further 
hot and cold treatment of the steel (like rolling, reheating, quenching, drawing, pickling, etc.). 

Chemical elements can be divided into sub-groups based on their role in process metallurgy and 
how they relate to mechanical properties: 
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• Alloy elements – These elements have a positive effect on the mechanical properties or the 
following metal processing steps 

• Impurity elements – These elements have a negative effect on the mechanical properties or 
the following metal processing steps 

• Trace elements – These elements have no or negligible effect on mechanical or processing 
properties either because the concentration is too low or that they are very similar to iron 
atoms in every aspect 

• Tramp elements – Elements that can not be easily removed by any known metallurgical 
refining process. They accumulate during remelting of steel scrap and pose a long term 
threat to steel scrap quality 

The role of an element may be different for different steel grades – an alloy element for one 
particular steel grade may be an impurity or trace element in another. Tramp elements are usually 
impurities or trace elements but may in some steel-grades be alloy elements. 

Steel scrap quality is based on the effect on liquid steel quality and the effect on the process 
metallurgy process used to melt it down. As in all quality measurements, variance is at least equally 
important as mean values. These are some scrap quality measurements: 

• Chemical composition of metal fraction 
• Organic content 
• Oxidic content 
• Density 
• Specific area 
• Specific melting energy 
• Size distribution 

The scrap properties will to a large extent determine the process conditions and outcome of any 
process where they are used as raw-materials. For the electric arc furnace the scrap will affect: 

• Liquid steel chemical composition 
• Slag composition 
• Total energy consumption 
• Metal yield 
• Off-gas composition 
• Dust particle composition 

Today very little is known about both the physical properties of the scrap and their effect on the 
steel quality of the liquid steel and the process conditions of the EAF. 

1.5 Scrap and energy management in EAFs 

Most meltshops have some type of scrap mix optimisation programme. The objective is to select the 
most economical scrap mix for each produced steel grade while keeping steel quality within 
specified limits. The complexity of these optimisation programmes varies from plant to plant. The 
simplest alternative is a few standard scrap recipes based on standard purchase price for scrap 
grades, volume restrictions in the scrap baskets and the furnace, and quality constraints for the 
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chemical analysis of the liquid steel. The placement of the different scrap grades in the baskets are 
usually also taken under consideration, to avoid problems with cave-ins, electrode breakage and 
damage to the furnace lining and wall panels during charging. 

A more complex solution is to take the energy consumption and metallic yield into account when 
choosing the standard scrap mixes. Then the “value in use” for each scrap grade has to be calculated 
by taking specific energy consumption and yield coefficients of the scrap grades under 
consideration. The efficiency of different energy inputs (like electrodes, burners and lances) are also 
affected by the placement of the scrap grades in the furnace. 

The scrap optimisation can be further complicated by using “dynamic” scrap recipes. Then the 
parameters in the optimiser (like cost, density, chemical composition, specific energy consumption 
and yield) are not constant, they are updated on a regular basis. Most scrap optimising programs are 
dynamic to some extent; the parameters are updated when specification from scrap suppliers 
indicate changed scrap properties. Sometimes melting tests are used to get estimations of scrap 
properties when a new delivery of scrap arrives. 

In addition to scrap mix optimisation, there is usually also a process optimisation system for the 
furnace. The objectives of the process optimisation system are to minimise production costs and 
maximise productivity. The optimisation is subject to constraints like steel temperature, slag 
generation, dust generation, off-gas generation, steel chemical analysis, etc. However, the process 
optimisation system may have conflicting objectives; higher power input can give higher 
productivity, but also give higher energy losses and thereby higher total energy consumption and 
production costs. 

Process optimisation systems usually consist of a number of independent control or optimisation 
systems for different devices in the furnace, like electrodes, burners and lances. Movement of the 
electrodes is usually fully automated, and based on setpoints for impedance of the electric arcs. The 
power input usually follows a standard melting profile based on current electrical energy 
consumption (kWh/ton scrap) or power-on time. 

There are also systems for dynamic control of power-input that are based on process measurements 
(mostly heat-losses). Control of burners and lances are in many cases manual (operators can turn the 
devices on and off at will, and the flow is constant), but there are systems for automatic control of 
post-combustion and slag-foaming. 

To develop energy and process optimisation systems, some sort of process model for the electric arc 
furnace is needed to estimate the effect of different control strategies. There are two main categories 
of process models; theoretical and empirical. Theoretical models are based on known chemical and 
physical principles like thermodynamics, mechanics, electrics, fluid dynamics and reaction kinetics. 
Empirical models are based on statistical evaluation of process measurements from normal 
production or experimental tests.  

Experimental tests can be performed in the actual EAF that the model is developed for, other 
similar EAFs or in experimental furnaces specially designed for steel scrap melting tests. The level 
of detail is determined by the number of variables that are evaluated, and the complexity of the 
equations relating the variables to each other. Regardless of the type of process model, the objective 
is to describe the process in terms of equations to a level of detail that is needed for the desired 
performance of the control systems. 
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Today, the performances of the control systems (and the scrap optimisation programmes) are 
limited by the fluctuations in scrap properties. In theoretical models, it is of vital importance to 
know the exact properties (chemical composition, mineralogical composition, specific surface area, 
density, etc) of the raw-materials. Any deviations from assumed properties will induce calculation 
errors. For empirical models, it is not vital to know the actual properties, since the model is based 
on relative statistical relationships between the measured variables rather than physical properties. 
However, fluctuations in raw-material quality will limit the degree of which the process can be 
modelled, and systematic variations (like sensor drift, drift in quality, change in material 
specification, etc) will render the models unreliable. The problem can be reduced if the statistical 
models are refitted on a regular basis, or when changes in raw-material quality or process 
measurements are known or expected. 

1.6 Description of the proposed work 
The objective of this research is to use state-of-the-art multivariate statistical methods to estimate 
the extent and effect of fluctuations in scrap properties on some end-conditions of the electric arc 
furnace (final chemical analysis of the steel, specific electrical energy consumption and yield), and 
to evaluate different process control strategies (post combustion and charging time of the second 
scrap basket). Data from six Scandinavian meltshops are used in the analysis. The meltshops are 
presented in table 1.

Table 1 – Participating meltshops. 

No Meltshop Name Location No of 
heats 

Products 

1 Ovako Steel AB Hofors, Sweden 3716 Bearing steels, spring steels 
2 Fundia Special Bar AB Smedjebacken, 

Sweden 
3837 Long products (low alloyed) 

3 Sandvik Materials 
Technology 

Sandviken, Sweden 3085 Stainless and speciality steels 

4 Fundia Armering AS Mo I Rana, Norway 969 Reinforcement bars (carbon 
grades) 

5 The Danish Steelworks Ltd *Fredriksvaerk, 
Denmark 

58 Long and flat products (carbon 
grades) 

6 Höganäs Halmstadverken Höganäs, Sweden 1000 Alloyed metal powder 
Pure Fe-powder 

1.6.1 Estimation of scrap properties 

The strategy is to develop multivariate prediction models for end-conditions based on the scrap mix, 
other raw-materials and process parameters. The end-conditions considered in this work are 

• Final chemical analysis of the steel (at tapping of the EAF) 
• Specific electrical energy consumption (total kWh/ton liquid steel and scrap) 
• Total metallic yield (percentage of scrap and alloy weights in the charge material mix that 

ends up in the liquid steel) 

The regression coefficients are analysed to estimate the effect of the process settings and the charge 
material mix on the end-conditions, and to estimate scrap properties related to the end-conditions 
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(chemical composition, specific melting energy, yield coefficients). The general prediction accuracy 
is analysed to determine the degree of fluctuation in scrap properties, and individual prediction 
errors are analysed to determine the variation patterns in scrap quality. 

Three different types of multivariate prediction models (Multi Linear Regression, Principal 
Component Regression and Partial Least Squares) are tested for one of the datasets (prediction of 
final steel analysis at Fundia Special Bar), and the most applicable model type is used for all other 
models. The different regression methods are described theoretically in chapter 3 (Statistical 
methods).

The datasets are divided into smaller subsets to determine the minimum amount of data needed to 
create a reliable prediction model, and thereby estimate the related scrap properties. It is also 
discussed how estimations of the scrap properties can be used for improved scrap mix optimisation 
and monitoring of scrap quality. 

1.6.2 Estimation of effect of post-combustion oxygen 

Prediction models for total energy consumption based on added post-combustion oxygen during 
melting of the first and second scrap basket, scrap mix in first and second basket, and other added 
materials and process settings are fitted. 

Quadratic terms for post-combustion oxygen and interaction terms between scrap weights and post-
combustion oxygen are added to model the decreasing efficiency of post combustion at higher 
temperatures and the varying portion of easily combustible substances (mainly zinc and organic 
materials) in the different scrap grades. 

1.6.3 Estimation of optimal time to charge the second scrap basket 

The optimal time to charge the second scrap basket is when there is enough room in the furnace to 
accommodate the volume of the second scrap basket. The free furnace volume is not measured 
directly; it has to be estimated by analysis of other process parameters, like heat losses from the 
walls and roof, electrical parameters and amount of charged scrap. 

To determine the optimal time to charge the second scrap basket (in terms of energy consumption 
and power-on time) a multiway modelling approach (batch-PLS) is used. Both initial conditions 
(like charge material mix) and continuous process measurements (like temperatures of water 
cooling panels and electrical parameters) are considered. Multiway modelling and other regression 
techniques are discussed in chapter 3 (Statistical methods). 

1.7 State of the art 

In a previous project within the European Coal and Steel Community (ECSC) research programme 
traditional statistical prediction methods (MLR – Multiple Linear Regression or OLS – Ordinary 
Least Squares) have been used to estimate the chemical composition, specific energy consumption 
and yield of the scrap classes at the European scrap-market [5]. The prediction models were fitted 
on daily production data from meltshops in France and Spain, and the datasets were complemented 
by a large number of experimental melts with unusual scrap mixes. 
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With these methods it was possible to determine the mean levels of tramp elements (like Cu, Sn and 
Ni) of the more common scrap classes in the European Scrap Grading System (ESGS), but no 
estimations of the specific energy consumption and yield was possible. Similar work was carried 
out by Maiolo and Evenson [6] on data from Deacero S.A. de C.V (Saltillo, Mexico). There it was 
also possible to estimate the effect of individual scrap grades (US scrap grading system) on the 
electrical energy consumption. 

To estimate the effect of chemical energy and other process parameters on the electrical energy 
consumption, a statistical model was developed by Köhle [7, 8] that takes into account the most 
important process parameters of EAF treatment. The model is based on average values from many 
EAFs, and it is used as a reference for comparison of performances for different furnaces. Although 
this model was recently extended [9] to cover different alternative iron charge materials like pig 
iron, DRI, and HBI, it takes into account the effect of different scrap grades only very roughly. The 
formula has also been tested for prediction of energy consumption on individual heats, but the 
prediction accuracy was found to be low. 

The coefficients in the Köhle formula have been compared to thermodynamical calculations by 
Pfeifer and Kirschen [10], and shown to be similar. Energy equivalents for chemical energy (in 
terms of kWh/ton steel) have also been estimated based on thermodynamical calculations by Adams 
et al [11]. 

In recent time, multivariate data analysis and artificial neural networks have become important tools 
for process monitoring and control of industrial processes [12-20]. A pioneer company in the use of 
multivariate statistics in steel industry is Dofasco in Canada. Dudzic, Vaculik, Miletic, and Quinn 
have reported successful implementations for monitoring of the continuous casting process [21] and 
control of desulphurization of hot metal from blast furnaces [22]. 

Most documented MVDA applications for electric arc furnaces are neural network optimisation 
models for electrode and burner control [23-26]. A neural network model for end-point prediction 
(total MWh) has also been developed by Baumert, Engel and Weiler [27]. 

Different statistical methods have been tested for evaluation of the effect of oxy-fuel burners on 
electrical energy consumption in EAFs by Maiolo and Evenson [28]. Results show that multivariate 
prediction methods (in this case PCR – Principal Component Regression) outperform traditional 
statistical methods like Multiple Linear Regression and Ridge Regression. 

Systems for scrap optimisation based on minimising total production costs have been developed and 
published [29, 30]. The models are in the form of spreadsheets for calculation of total production 
cost based on price of scrap, yield, required slagformer addition and energy consumption. The 
performances of such models depend on the accuracy of assumed scrap prices and scrap properties 
like yield coefficients, specific energy consumption and chemical composition. These scrap 
properties have in the documented cases been estimated with traditional statistical methods 
(Ordinary Least Squares).  

The need for a scrap model for electrical steelmaking, which continuously tracks all important 
properties of the different scrap types, has been described with its required functionality and its 
expected benefits [30]. It stresses the dynamic nature of scrap properties and introduces the idea of 
a “moving average along with a standard deviation” to compensate for this. 
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As a first part of such a scrap model, the melting energy requirements for five different kinds of 
low-alloyed scrap types were determined and used within an energy optimisation program at the 
Ameristeel Knoxville plant. With this very basic approach, cost savings of about 2 Euro per ton 
were achieved. This stresses the potential of a scrap model for continuous tracking of the scrap 
properties.

Scrap quality is also important for oxygen steelmaking plants where steel scrap is used as cooling 
material for the oxygen converters (BOF). Scrap models for BOF steelmaking have been developed 
[31], and attempts have been made to perform an on-line evaluation of the charge material yield for 
the BOF treatment [32]. 

Besides statistical methods to determine the scrap properties in an indirect way from measured 
process data, new direct measurement techniques have been developed. Within an ECSC project, 
techniques to determine the scrap density by ultrasonic measurement, and the melting progress by 
optical measurements were developed. [33]. The bulk chemical composition of the scrap with 
respect to the elements Cu, Ni, Cr and Mn can be determined in a continuous way with a 
measurement system based on Gamma Neutron Activation Analysis [34]. However, such 
measurement systems require large investments and maintenance efforts.  

The research development in theoretical multivariate statistical analysis (sometimes called 
chemometrics because of its original applications within calibration and analysis in spectroscopy), 
is mostly done at universities. Some of the active universities in this research area are McMaster 
University (Hamilton, Canada) [35-39], University of Manchester (Manchester, United Kingdom) 
[40, 41], Umeå University (Umeå, Sweden) [42-44], University of Texas (Austin, Texas, United 
States) [45], University of Seattle (Seattle, Washington, United States) [46] and the Norwegian 
University of Science and Technology [47]. 

Application related research is also carried out by software vendors for multivariate statistics and 
on-line applications, like Umetrics AB, Eigenvector Research Inc. [48], Perceptive Engineering 
Ltd) and vendors of on-line systems for multivariate monitoring and control of industrial processes 
(Perceptive Engineering Ltd). 

1.8 Originality and innovation 
Multivariate statistical methods have been used in steel industry for quite some time with good 
results. In the case of EAFs however, the usage is up to now limited to the control of arcs, lances 
and burners. No documented attempts to implement on-line condition monitoring and optimisation 
of the whole raw material flow (i.e. scrap, energy and alloys) have been found. 

Due to the fact that the scrap properties are dynamic and difficult to estimate, and that the degree of 
covariance between different process parameters is high, conventional data analysis tools and scrap 
optimisation concepts are hard to implement. Therefore the potential of using modern multivariate 
methods for data analysis, as well as self-adaptive (recursive) prediction models for an effective 
scrap mix optimisation is high. Results from implementation of multivariate statistics in other steel 
processes [21-22] indicate a potential for optimising the EAF operation with these methods. 

Another characteristic feature of EAF data is the relatively high frequency of missing data points. 
The degree of missing data is even higher for on-line data and some method of on-line estimation of 
missing data would have to be developed and implemented in the on-line installations of developed 
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models. On-line and off-line estimation techniques have been discussed in literature [35] but no 
published results of application on EAF data have been found. 

The originality of this work consists in 

• Applying multivariate projection methods (PCR and PLS) on normal production data from 
EAFs for fitting of regression models for chemical analysis, energy consumption and yield 

• Use of MSPC (Multivariate Statistical Process Control) techniques for monitoring steel 
scrap quality 

• On-line implementation of multivariate prediction models for optimisation of steel scrap 
mix for electric arc furnaces 



 12 



 13 

Chapter 2 

COLLECTION OF PROCESS DATA 
In this chapter the issues related to collection of process data for fitting of prediction models are 
addressed.

2.1 Relevant variables 
The first step is to consider which parameters may be relevant to the end conditions that are going 
to be predicted. The assumed relevant parameters are listed in table 2. 

Table 2 – Relevant variables for end conditions (1 – Chemical analysis, 2 – Energy consumption, 3 
– Yield) in EAFs. An x indicates that the parameter affects the end-condition, and a y indicates that 
the parameter is a measurement of the end-condition itself. 

 End condition 
No

 End condition 
No

Parameter 1 2 3 Parameter 1 2 3 
The charge material mix (scrap, 
alloys, coke, lime) 

x x x Burner and Lance practice x x x 

Consumption of lance coal and 
oxygen  

x  x  x Distribution of scrap in baskets 
and furnace 

 x x 

Consumption of burner gas, oil, 
oxygen 

x x x Thermal status of furnace  x  

Weight of the hot heel x x x Slag carry over  x x 
Weight and composition of the slag x x x Tapping weight of liquid steel  x y 
Temperature of the charge material 
mix 

 x  Alloys and slagformers in ladle  x x 

Heating profile x x x Furnace and basket filling 
degree 

 x  

Slag foaming conditions x x x Power-on, power-off and tap to 
tap times 

 x x 

Electrical energy consumption  y x Temperature of the steel x x  
Chemical analysis of the tapped 
liquid steel 

y   Chemical analysis of the hot 
heel 

x   

2.2 Variable availability 
Depending on the capabilities of the process logging systems of the meltshops these parameters 
may or may not be available in the historical database. Generally the charge material mix and total 
consumption of coal, gas, oil, oxygen and electricity is available for every heat. Composition of the 
hot heel can be estimated as the composition of the previous heat. 

The heating profile (continuous measurements of electrical power/voltage/current, flow of 
coal/oil/gas/oxygen through lances and burners) is in some cases logged, but is often discarded after 
a few weeks and not available for the same amount of heats as the total consumption. 
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The operators generally have a good idea of the present foaming conditions, but there is no direct 
measurement that can be logged. Slag foaming can be monitored indirectly by Fourier analysis (or 
wavelet analysis) of the harmonics in the electrical parameters or sound sensors around the furnace. 

Temperature of the charge materials are usually not monitored unless they are preheated. In case of 
no preheating the scrap temperature can vary about 50 degrees during a year and the effect on 
energy consumption is about 2 %. 

In some cases the scrap is dried before charging (preheating to approximately 200 degrees C). Scrap 
drying can have a large effect on energy consumption and the safety at charging if the outside 
temperature is below 0 degrees (high risk of ice and snow explosions). 

Lance and burner practice (position of lances and burners during operation) is generally not logged. 
If the operator controls the coal and oxygen lances by lance manipulators the position can vary 
between different heats. The penetration depth of coal and oxygen in the steel and slag has a large 
effect on the energy efficiency of the added oxygen and coal. 

The distribution of scrap between baskets is usually monitored for each heat. The difference 
between normal heats is small, but it can be significant for the first and last heat in a hot heel cycle. 

The distribution of scrap in the baskets can be estimated by keeping track of in which amount and in 
which order different scrap grades are loaded (a “loading profile”).  This requires that the weights 
of the charged scrap in the baskets are continuously monitored during loading. The loaded scrap 
baskets can then be divided into sections (layers) and the composition of each section can be 
expressed as percentage of total weight for individual scrap grades. 

Distribution of scrap in the furnace is more difficult to estimate. If quick bottom opened baskets are 
used, a possible approximation is to assume that the scrap will have the same distribution of layers 
as it was loaded into the basket. 

Filling degree for baskets is in many cases monitored and logged. If all baskets have the same 
volume (or different but known volumes), filling degree can be used as an indicator of scrap 
density. 

The furnace heat status can be estimated by a “heats since cold start” counter. A “cold start” is 
defined as the first heat after a longer production stop, like scheduled maintenance stops or a free 
shift (weekends or holidays). 

Weight of the liquid steel after tapping is usually logged for each heat. Sometimes the weight of the 
ladle is continuously measured during tapping. If alloys and/or slag formers have been added during 
tapping the weights of those materials have to be subtracted from the total steel weight. Also, the 
weight of carry over slag has to be subtracted. 

One alternative is to use the incoming weight to the ladle furnace instead of the EAF tapping weight 
as indicator of liquid steel output from the EAF. If the ladle has been properly deslagged, and the 
weights of added materials during/after tapping is well known, this may be a better estimate of the 
EAF steel tapping weight than the raw measurement. 

For temperature measurements it is important to keep in mind that a temperature measurement is 
not very useful for statistical evaluation if it is not time-stamped (in terms of time or electrical 
energy input). Usually only one temperature measurement is made at the “all melted” stage when a 
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considerable amount of energy is still to be added before the final temperature is reached. In such 
cases one usually finds that the last temperature measurement is negatively correlated to the energy 
consumption.

The reason for this is that the temperature measurements are made at a specified power-on time or 
kWh/ton scrap. If the temperature is low the energy needed to reach the final temperature is high 
and vice versa. For process control purposes no other temperature measurements are necessary 
since the operator can make a fairly accurate estimation of the final temperature based on the 
amount of added energy after the first temperature measurement. 

If the time (or electrical energy) for the temperature measurement is stored in the process logging 
system together with the temperature measurement itself the final temperature can be estimated 
based on the remaining power-on time or electrical energy. Correlation analysis has shown that this 
estimated final temperature in many cases is more highly correlated to energy consumption than the 
latest actually measured temperature. 

An alternative is to use the first temperature measurement in the ladle (or ladle furnace) as an 
estimate of the final EAF temperature. It is usually better correlated to the EAF energy consumption 
than the latest temperature measurement in the EAF. A closer estimate may be calculated by 
adjusting the ladle temperature according to the time between EAF tapping and first temperature 
sample in LF. Even more adjustments can be made by taking the thermal status of the ladle and the 
slagformer and alloy additions during tapping into account. 

The slag weight for each heat is difficult to monitor since part of the slag is poured through the slag 
door during the slag foaming stage and the other part of the slag is left in the furnace as a slag heel 
for the next heat. In addition a small amount of slag is tapped with the steel (carry over slag). In 
case of stainless steelmaking the most common practice is to pour all remaining slag in the end of 
the heat together with the steel into the ladle. 

Off gas analysis is uncommon at electric steelmaking shops. Nevertheless, in some cases it is 
available and then it could be considered as a valuable complement to the heating profile. Amount 
and chemical composition of generated dust through the off-gas is usually monitored, but not for 
individual heats. 

Total power-on, power-off and tap-to-tap times are usually logged for every heat. If not they can be 
calculated by analysis of the heating profile. In some cases other process times are also available, 
like power-on and power-off for different process periods like melting of first and second basket, 
refining, tapping and charging. 

A summary of the collected data at the six participating meltshops is presented in table 3. The 
numbers in the body of table 3 represent the number of variables of specified type at the different 
meltshops.



 16 

Table 3 – Summary of collected process variables (meltshop number as indicated in table 1). 

   Meltshop number 
Variable Name Unit 1 2 3 4 5 6 
Weight of scrap grades WS kg 22 25 91 11 7 4 
Weight of scrap baskets WB kg 1-3  1-5  2 2 
Charge carbon WC kg 1 1 1 1 1 1 
Weight of scrap layers in baskets WL kg 6-9 

5-7 
     

Volume of scrap in baskets VB m3 1-3  1-5    
Total scrap weight WTot kg 1 1 1 1 1 1 
Total scrap volume VTot m3 1  1    
Electrical energy consumption E kWh 1 1 1 1 1 1 
Lance Oxygen consumption O2L m3n 1 1 1 1  1 
Lance Coal Consumption C_L kg 1 1 1 1   
Burner Oxygen consumption O2B m3n 1 1    1 
Burner Oil consumption Oil kg 1 1     
Last steel temperature TEAF C 1 1 1 1  1 
Maximum steel temperature TMAX C   1    
First temperature in ladle TLF C 1  1    
Power-on time PON min  1 1 1 1 1 
Power-off time POFF min  1 2 1 1 1 
Slag former consumption WSF kg 1 2 3 1  2 
Steel chemical analysis AX % 22 19 20 17  1 
Weight of liquid steel WL kg 1 1 1 1  1 
Oxygen flow through burners FO m3n/h      2 
Burner-On time BON min      2 
Voltage (3 phases + total) UX V     4  
Current (3 phases + total) IX A     4  
Power (3 phases + total) PX W       
Arc Power (3 arcs + total) ArcPX W       
Apparent  Power (3 phases + total) APX W     4  
Blind Power (3 phases + total) BPX W     4  
Impedance (3 phases + total) XX Ohm     4  
Outlet temperature of water cooling panels 
(walls, roof, exhaust pipe) 

TXout C     17  

Inlet temperature of water cooling panels 
(walls, roof, exhaust pipe) 

TXin C     3  

In addition, heating profile data for all 58 heats from the Danish Steelworks were collected. Heating 
profile consists of continuous measurements (every 8 seconds) of the signals presented in table 4. 

Table 4 – Summary of collected heat-profile data from The Danish Steelworks Ltd. 

Variable Name Unit No of variables
Voltage (3 phases + total) UX V 4 
Current (3 phases + total) IX A 4 
Power (3 phases + total) PX W  
Arc Power (3 arcs + total) ArcPX W  
Apparent  Power (3 phases + total) APX W 4 
Blind Power (3 phases + total) BPX W 4 
Impedance (3 phases + total) XX Ohm 4 
Outlet temperature of water cooling panels (walls, roof, exhaust pipe) TXout C 17 
Inlet temperature of water cooling panels (walls, roof, exhaust pipe) TXin C 3 
Electrical energy consumption E kWh 1 
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2.3 Data quality 
The quality of the logged variables may differ from plant to plant. Before including any variable in 
a statistical analysis it is important to investigate the accuracy of the values in the historical 
database.

For weights of materials, the accuracy is mostly dependent on the accuracy and calibration of the 
scales. But it is also important to ensure that the weights refer to the correct material. This is 
sometimes an issue for the material weights in the scrap baskets. 

Usually the scrap loader has a recipe to follow. However, due to different circumstances it is 
sometimes not possible to follow this recipe exactly. This is beneficial for statistical analysis since it 
increases the total variation in scrap blending. But since the operator usually enters the weights (or 
at least the material ID) manually it is up to him if he wants to report any deviations from the 
standard recipe. Caution is advised if the deviations from the scrap recipes are very small. 

Also, slag formers and coke/coal added in the charge material mix or through the slag door may be 
estimated as the weight of a number of fixed quantities (big bags, buckets, shuffles, etc). The 
weights of those “units” are assumed to be constant (which they may not be) and therefore the 
accuracy of the logged weights depends strongly on the estimated weights of these “units”. 

For the weight of liquid steel the uncertainty of the measurements are due to problems establishing 
the tare weight of the ladle and the unknown amount of carry over slag from the EAF. The 
problems can be reduced if the ladle is weighed before tapping and after deslagging. 

Measurements of process parameters like consumption of oxygen, coal, electricity, oil and natural 
gas are usually logged automatic. This does however not guarantee better accuracy than manual 
input. Usually the flow is monitored, or in the case of constant flow, on/off status for the different 
injection devices. The consumption is calculated by integration over the whole heat and in some 
cases also over predefined process periods like melting of first and second basket. 

The accuracy of this type of logging is sensitive to the accuracy of the flow measurements which 
can vary a lot between different meltshops. To ensure accurate consumption figures the flow meters 
should be recalibrated regularly. 

Flow of carbon is difficult to measure and therefore the consumption is usually estimated as the 
weight difference in the storage silo that was used for the particular heat before and after the heat 
(or process period) is finished. 

The accuracy of temperature measurements are also depending on the measuring system. Generally 
the accuracy is good, but in some cases the measurements fail and the temperature is missing in the 
process logs (or replaced by an error code). In many cases the operator enters the temperature 
measurements by hand and like for the scrap weights it is up to the operator to choose which 
temperature to enter. 

The error introduced by the analysis equipment for chemical analysis of steel samples is generally 
very low compared to the uncertainty introduced by the inhomogenity of the liquid steel. Two 
samples taken at the same time at two different locations in the furnace may show considerable 
difference in chemical analysis. The same is true for two samples taken in a short time at 
approximately the same location in the furnace. 
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The same can be argued for slag samples, except that the inhomogenity issues are much more 
serious for slag than for steel. 

The first step in determining the data quality is to check the resolution of the entries in the historical 
databases. A summary of the resolution for collected variables can be found in table 5. 

Table 5 – Summary of resolution in collected process variables (meltshop number as incicated in 
table 1). 

   Meltshop number 
Variable Name Unit 1 2 3 4 
Weight of scrap grades WS kg  50 10 20 
Weight of scrap baskets WB kg 100  10  
Weight of scrap layers in baskets WL kg 100    
Total scrap weight WTot kg  50 10 20 
Volume of scrap baskets VB m3 5    
Filling degree for baskets Fdeg % 5  1  
Volume of scrap in baskets VS m3     

     
Total scrap volume VTot m3     
Electrical energy consumption E kWh 10 25 20 0.01 
Lance Oxygen consumption O2L m3n 1 1 1 0.01 
Length of periods with coal injection CLIP sec 1    
Lance Coal injection time (total) CLIT sec     
Lance Coal flow (average) CLIF kg/min 1    
Lance Coal Consumption C kg  2 1 0.01 
Burner Oxygen consumption O2B m3n 1 1   
Burner Oil consumption Oil kg 1 1   
Last steel temperature TEAF C 1 1 1 1 
Maximum steel temperature TMAX C   1  
First temperature in ladle TLF C 1  1  
Power-on time PON min  1 sec 1 1 sec 
Power-off time POFF min  1 1 1 sec 
Slag former consumption WSF kg 100 300 100 1 
Steel chemical analysis AX % 0.01-0.001 0.01-0.001 0.01-0.001 0.01-0.001
Weight of liquid steel WL kg 100 1000 100 2 

The values in table 5 gives the order of magnitude of errors that can be expected if the errors of the 
entries in the databases are only due to round-off effects, i.e. that the measurement precision is 
equal to or greater than the resolution in the database. 

Round-off errors follow the uniform (rectangular) distribution U(a,b), where a is the lowest possible 
and b is the highest possible round-off error. Expectation value (µ) and variance ( 2) are given in 
formula 1 and 2 [49]. 

2
baµ +

=        (1) 

( )
12

ab 2
2 =       (2) 

If normal mathematical rules for round-off are used (20.4 => 20, 20.5 => 21, 20.6 => 21), b is equal 
to half the values in table 5, and a is equal to minus b. If a value is truncated, some decimals are 
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simply cut out of the database to reach the desired resolution (20.99 => 20). In such cases, b is 
equal to the value in table 5 and a is zero. 

In most cases the precision of the measurements are much lower than the resolution in the database, 
and the measurement errors are likely to follow the normal distribution N(µ, ). However, the level 
mean offset (µ) and the variance (  2) of the errors are not well known. Some approximations have 
to be done, and they have been made in co-operation with process engineers and measurement 
technicians at the participating meltshops. 

For material weights, calibration of the scales and various tare problems will increase the errors. For 
consumption of injected materials and energy, the uncertainty of the flow measurements and 
electrical parameters will set the limits for the precision of the consumption figures.  
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Chapter 3 

STATISTICAL METHODS 
Multivariate data analysis (MVDA) is a general term for a collection of statistical projection 
methods for analysing datasets with many variables. The thing they all have in common is a 
reduction of dimensionality of the original variable space by the calculation of “latent variables” or 
“principal components” that projects the vectors in the high dimension space to vectors in lower 
dimension space. 

The latent variables are linear combinations of the original variables made in such a way to capture 
as much of the total variance and/or correlation as possible with as few variables as possible.  

Normally MVDA is considered to consist of Principal Component Analysis (PCA), Partial Least 
Squares (PLS) and different derivates of these methods like Principle Component Regression (PCR) 
and Multiway PCA or PLS (MPCA and MPLS). 

However Multiple Linear Regression (a.k.a. Ordinary Least Squares – OLS), Ridge Regression 
(RR) and Artificial Neural Networks (ANN) are sometimes also considered MVDA, although that 
they are not projection methods. 

3.1 Multiple Linear Regression - MLR 
MLR is the standard and traditional way of predicting response variables Y based on cause 
variables X. Any linear regression model can be expressed as: 

XY +=       (3) 

Where  is the regression coefficient matrix and  is a residual matrix. In the case of MLR  is 
calculated as follows [46]: 

( ) YXXX T1T
MLR =      (4) 

MLR is the regression model that gives the best estimation of the true relationship between the X
and Y variables, but for MLR to work properly the variables in the X-matrix has to be linearly 
independent of each other. The reason for this is that the inverse of the co-variance matrix (XTX)-1

will become unstable (changes significantly by only a small change in any of the X-variables) or 
even singular if the degree of co-variance is high. 

MLR can handle some degree of co-variation in the X-matrix, but at the cost of loosing its best 
advantage over other methods, the best estimation of the true relationship between the X and Y
variables.
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Independent or close to independent variables in the X-block is however nearly never the case for 
data from industrial processes and certainly not for process data from electric arc furnaces. 

3.2 Principle Component Analysis - PCA 
PCA is not a regression method, but a way of visualising and summarising the variance of many 
variables by reducing the dimensionality. This is done by calculation of principal components. 

Principal components can be described as normalised eigenvectors of the covariance matrix XTX.
The maximum number of principal components that can be calculated for a specific X-matrix is the 
same as the number of variables (or the number of observations if there are more variables than 
observations). Principal components have the following properties: 

• They are linearly independent of each other 
• They are linear combinations of the original variables 
• The linear combination is done in such a way to capture as much as possible of the total 

variation in the original variables in as few PCs as possible 
• They are arranged in descending order based on variance (the first PC has higher variance 

than the second and so on) 
• If all PCs are calculated the total variance of all PCs are the same as the total variance of all 

original variables 

There are two ways of calculating the PCs, eigenvalue decomposition of the co-variance matrix and 
the NIPALS algorithm. 

3.2.1 Eigenvalue decomposition 

The general equation for calculating eigenvalues ( ) and eigenvectors (g) of a matrix (A) is 
described below [49]: 

gAg =       (5) 

hence,  is an eigenvalue of A if 

( ) 0det =IA      (6) 

In the case of symmetric matrices (such as XTX) eigenvalues have the following properties: 

• They are all real numbers 
• Eigenvectors corresponding to different eigenvalues are orthogonal 

Once the eigenvalues have been calculated the eigenvectors can be determined from formula 5. 
Normalised eigenvectors of a co-variance matrix are called principal component loadings (p) [44]. 
The individual values of the loading vector are the weights that are used to calculate the linear 
combination of the original variables for each PC. 



 23 

The linear combinations are called t-scores and are calculated as follows: 

aiai, pxt =       (7) 

for individual scores where i is the observation number and a is the PC number and 

XPT =       (8) 

in matrix form for calculating all scores at once. 

The original X-matrix can then be expressed as: 

EXETPX T +=+= ˆ      (9) 

where E is a matrix of residuals and X̂ is a matrix with estimates of X. E=0 if the number of PCs is 
the same as the number of X-variables. 

3.2.2 NIPALS algorithm 

The NIPALS algorithm (Nonlinear Iterative PArtial Least Squares) calculates each PC at a time in 
contrast to the Eigenvalue Decomposition method and works as follows [46]: 

1. Take an arbitrary column vector xj from X (fastest computation time if xj is the variable with 
highest variance) and call it th

2. Calculate ph
T : h

T
h

T
h

T
h tX/ttp =

3. Normalise ph
T to length 1: 

T
oldh,

T
oldh,T

newh, p
p

p =

4. Calculate th : h
T
hhh p/pXpt =

5. Check for convergence: If the th calculated in step 4 is equal (within rounding error) to the th
used in step 2 the calculation is stopped. Else repeat step 2-5. 

6. Calculate residuals: T
hhh ptXE =

7. If more components are to be calculated, exchange X for Eh and repeat step 1. 

3.3 Principal Component Regression – PCR 
PCR is a hybrid between MLR and PCA. The basic idea is to make a MLR model for prediction of 
the original Y-variables but instead of the original X-variables the t-scores of a PCA model on the 
X-block is used as in-data. 

All PCs are treated as independent variables and may be included or excluded in the MLR model. 
Hence, the regression coefficients for a PCR model can be calculated by formula 10 [46]: 

( ) ( )[ ] ( ) Y*T*T*T T1T
TPCR, =     (10) 

where T* is a subset of scores from the T-score matrix and Y is the original Y-variable matrix. 
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The Y-block may then be expressed as: 

FYF*TY TPCR, +=+= ˆ      (11) 

where Ŷ are the predictions of Y. However, since the t-scores are linear combinations of the X-
variables, Y may also be expressed as linear combinations of original variables: 

FYFXY XPCR, +=+= ˆ      (12) 

where

( )TTPCR,XPCR, *P=      (13)

and P* is the set of loadings from the PCA model corresponding to the scores of T*.

3.4 Partial Least Squares – PLS 
PLS a projection method where both the X-block and the Y-block are decomposed into scores and 
loadings of latent variables according to [46]: 

ETPX T +=       (14) 

FUQY T +=      (15) 

The equations above are called the “outer relations”. Regression between the X-block and the Y-
block is done on the latent variables U and T via the “inner relation”: 

HTBU +=       (16) 

Combining formula 15 and 16 will give the “mixed relation”: 

FTBQY T +=      (17) 

Sometimes formula 17 is expressed as 

FTQY T += or FTCY T +=

where CT and QT are called Y-weights and are equal to BQT.

The goal of the decomposition of the X and Y matrices is to minimise F while keeping the t-scores 
and u-scores orthogonal. In PLS the decomposition can be done in several ways. The most common 
one is the NIPALS algorithm. There are also other methods like SIMPLS and the modified kernel 
algorithm. 

PLS decomposition can also be thought of as eigenvalue-eigenvector decomposition of the matrix 
XTYYTX. The calculation is not as straight forward as for PCA, and involves calculation of several 
additional set of loadings and scores. 
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Regardless of which method is used, the algorithm involves calculation of an additional loading-
vector for X called W (Weights). Both P and W are needed to calculate the t-scores: 

1TW)XW(PT =      (18) 

Hence, regression coefficients that relate Y to X can be obtained by combining formula 17 and 18: 

T1T
PLS BQW)W(P=        (19) 

Predictions of Y can be calculated by formula 20: 

FYFBQW)XW(PFXY T1T
PLS +=+=+= ˆ    (20) 

3.5 Multiway modelling 
Multiway modelling is a way to analyse three-dimensional matrices. Multiway modelling is usually 
applied for monitoring of the progress in a batch process. The 1st dimension (I) is the batch number, 
the 2nd dimension (J) is the monitored variables and the 3rd dimension (K) is a measurement of 
batch maturity. Batch maturity is usually measured in time units, but in the case of heating 
operations it can also be measured in units of energy consumption. 

Figure 3 – Example of a 3d matrix with batch data (original variables). 

To analyse the data in three-dimensional matrices, the matrix has to be unfolded to two dimensions. 
Different unfolding techniques can be used based on the objective of the analysis. If the objective is 
to monitor the batch progress based on measurements during the batch operation, the matrix is 
usually unfolded in the I-direction by stacking the batches one after the other on a universal time 
axis. 

I

K

J
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Figure 4 – Example of a 3d matrix unfolded in the I-direction. 

The batch progress can then be monitored by prediction of the batch maturity variable(s) based on 
the other process measurements. Any prediction method can be used, but the most common 
technique is PLS prediction. 

If the objective is to determine the end-conditions (quality parameters) of the batch, the matrix is 
usually unfolded in the J-direction, and complemented with initial conditions (X0) and end-
conditions (Y) for each batch.  

Figure 5 – Example of a 3d matrix unfolded in the J-direction. 

Prediction models for quality parameters (Y) are fitted with initial conditions and the process 
measurements at every point in time (J*K) as in-data. Any prediction method can be used for the 
prediction models, but usually PLS pr PCR is used because of the very high number of in-data for 
each observation (J*K + X0). A high degree of correlation between the variables can also be 
expected, since several measurements of the same variables in a time series is included in the in-
data.

An alternative approach to prediction of quality parameters or end conditions is to use a 
combination of the matrix unfolding techniques. The approach is called hierarchical modelling. 
Then the unfolding of matrices is done in a two step operation. First, the original 3d matrix is 

I

X0

K=n+1 K=KMax 

J J J Y 

K=1

J

Time

I=n+1 

I=1 

I=IMax 

K
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unfolded in the I-direction, and a PLS or PCR prediction model for batch maturity is developed as 
described above. The resulting model is called the observation level model. 

Then another 3d matrix is then constructed. The 1st dimension is batch number, the 2nd is the T-
scores of the prediction model and the 3rd dimension is the batch maturity. 

Figure 6 – Example of a 3d matrix with batch data (latent variables). 

This matrix is then unfolded in the T-direction, and complemented with initial conditions (X0) and 
end conditions (Y) for each batch. 

Figure 7 – Example of a 3d matrix unfolded in the T-direction (latent variables). 

Prediction models for quality parameters (Y) are fitted with initial conditions (X0) and the T-scores 
of the observation level model as in-data. The resulting model is called the batch-level model. 

The advantage with the hierarchical modelling approach is that the number of variables resulting 
from unfolding of the I*T*K matrix in the T-direction (batch level model) is lower than from 
unfolding the original I*J*K matrix in the J-direction. Also, most of the noise in the process 
measurements is filtered out during the calculation of the T-scores. 

The disadvantage is a more complex model structure. Also, the observation level model is fitted to 
maximise prediction accuracy of batch maturity, not quality parameters or end-conditions. 
Therefore there is a risk that some of the variance of the original variables that is related to quality 
parameters is regarded as white noise and not captured in the T-scores of the observation level 
model.
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Chapter 4 

DATA PRE-PROCESSING 

4.1 Identification of outliers/bad data 
Upper and lower limits for each variable described in table 3 and 4 have been set individually for 
each participating meltshop. The limits are based on physical limitations of the process, and 
represent the maximum and minimum values that these variables could have for normal process 
conditions as well as start-up and shutdown heats. 

These limits were set carefully in co-operation with process engineers at the meltshops. If any limit 
is exceeded the value of that particular variable is deleted and treated as a missing value and 
estimated as described in chapter 4.2 – Estimation of missing values. 

4.2 Estimations of missing values 
Most software packages for multivariate data analysis have automatic routines for estimation of 
missing data. These methods work well if the degree of missing variables is moderate and randomly 
scattered through the dataset. Not more than 20 % of the data for each variable and each observation 
should be missing [45]. 

Unfortunately the missing data in datasets from electric steelmaking is not randomly scattered. 
When the total scrap weight is missing (or out of specified limits) the portion of total scrap load can 
not be calculated and all scrap weights have to be considered missing. 

Missing process data is usually due to malfunction of the logging system and therefore there are 
heats or blocks of heats where all data is missing. The same can be argued for chemical analysis, 
except that they are usually handled by a separate logging system which is more reliable than the 
normal process logging. 

Due to these facts, only a small portion of the missing data can be estimated automatically. 
Therefore a significant part of the heats (5-20 %, sometimes even more depending on the 
capabilities of the logging systems) has to be discarded. 

One alternative is to estimate the missing values as the mean values for the actual steel-grade. This 
is a dangerous strategy and may introduce more errors than it removes. It is only recommended if 
mean values over a longer period is to be calculated, as for prediction of yield (described in chapter 
4.3 – Calculation of secondary variables) 

4.3 Calculation of secondary variables 
The data in table 3 and 4 is not in optimal form for fitting of regression models. The calculation of 
secondary variables will increase the prediction accuracy and the degree of explained variation for 
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the Y-variables. Listings of secondary variables are given in table 6 and 7 together with calculation 
formulas for each secondary variable, except for Scrap grade fraction of 10 ton scrap layers in 
baskets which are calculated as described below. 

At first, all baskets are divided into a number of 10 ton layers. Layer 1 starts at the bottom of the 
basket, and the last layer ends at the top. The weights of each scrap grade (or other material) in each 
10 ton scrap layer is calculated based on the loading sequence of the layers found in the historical 
databases (the loading profile). Each scrap grade weight in each layer is then divided by the total 
weight of the scrap layer (10 tons for all layers except the last that can be between 0 and 10 ton). 

However, the top layer will in most cases not be a full 10 ton. It may be anything between 0 and 10 
tonnes, depending on the total basket weight. Also, the number of layers may vary. Hence, division 
into 10 ton layers from the bottom of the basket is not sufficient to describe the distribution of scrap 
in the baskets. The solution is to introduce a new layer division method. The procedure is the same, 
with the exception that basket layer 1 starts at the top of the basket and the last layer ends at the 
bottom. Composition of both type of layers are included in the prediction model for energy 
consumption.

Early tests have shown that prediction results for yield and energy consumption on individual heats 
are poor. This can be attributed to disturbances from the hot heel, the residue left in the furnace after 
tapping. The effect of the hot heel can be removed if the secondary variables in table 6 are 
calculated as averages for a series of heats between emptying of the furnace rather than individual 
heats. However, in many meltshops the periods between emptying of the furnace are very long. In 
such cases a moving average over the latest heats are used instead. 

It should be pointed out that none of these procedures will increase the prediction accuracy for 
individual heats, as the prediction models are based on average values. The heat-series approach is 
instead used to get general estimates of how the process-settings and raw-materials affect energy 
consumption and yield, not for increased prediction accuracy. 
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Table 6 – Calculation of secondary variables. 

Variable Name Unit Formula 
Scrap grade fraction of total scrap load FS  WS / WTot 
Scrap grade fraction of 10 t basket layers (layer 1 starts at the top of the 
basket)  

FSLT +=

=

1nL

nL
SW /10

Scrap grade fraction of 10 t basket layers (layer 1 starts at the bottom of 
the basket) 

FSLB +=

=

1nL

nL
SW /10

Basket weight fraction of total scrap load FB  WB / WTot 
Scrap density in basket DB kg/ m3 WB / VB
Total scrap density DTot m3 WTot / VTot
Specific electrical energy consumption ES kWh/ton E / WTot
Specific Lance Oxygen consumption O2LS m3n/ton O2L / WTot
Specific Lance Coal Consumption CLS kg/ton CL / WTot
Specific Burner Oxygen consumption O2BS m3n/ton O2B / WTot
Specific Burner Oil consumption OilS kg/ton Oil / WTot
Specific Slag former consumption WSFS kg/ton WSF / WTot
Yield Y  WL / WTot 
Hot Heel chemical analysis HHX % Previous 

AX

Some secondary variables based on the heating profile data were also calculated and are presented 
in table 7. 

Table 7 – Secondary variables for the heating profile data. 

Variable Name Unit Formula 
Temperature difference for water cooling panels deltaTX C TXout – TXin 
Relative standard deviation between phases for electrical 
parameters  

REL_SX - XSX /

Relative standard deviation for the latest 50 observations (400 
sec) for electrical parameters 

REL50_SX - XSX /

Rate of change for the latest 50 observations (400 sec) for 
electrical parameters and temperature differences 

dXdt_50 [V, A, W, 
Ohm, C] / s 

Linear 
Regression 

The errors in the secondary variables depend on the errors of the original variables used in the 
calculations. The mean square error in a secondary variable x, calculated using n other variables (x1,
x2, … , xn) with mean measurement errors of (e1, e2, … , en) can be calculated by formula 21 [50]: 
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2
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x
x

x
xe =

= =

    (21) 

ij is the correlation coefficient (R) between variable xi and xj. Since no secondary variable in table 
6 is based on more than two original variables, formula 21 can be simplified to formula 22: 
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In the case of specific consumption of energy: 
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Tot
S W

EE =       (23) 

formula 22 will look like: 

TotTotTots WE3
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2
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E2
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E ee

W
E2e

W
Ee

W
1e +=    (24) 

4.4 Scaling and mean-centering 
Generally, all multivariate projection methods (like PLS, PCR and PCA) are sensitive to scaling of 
the variables.  The objective of scaling is to give each variable the appropriate opportunity to 
influence the prediction result. The standard practice is to mean-centre (subtracting the mean value) 
and scale all variables to unit variance (division by the standard deviation), se formula 25. 

x
uvmc s

xxx =      (25) 

where x  is the mean value and sx is the standard deviation of the variable x. Unit variance scaling 
(UV-scaling) gives equal opportunity for each variable, regardless of the actual variance of that 
variable, to affect the predicted variables. 

However in this case the variables have been divided into blocks that are scaled to equal total 
variance and the variables in each block are scaled separately. The practice is called block-scaling. 
The blocks are presented in table 8. 

Table 8 – Blocks of variables. 

Variable Block Unit Variables Scaling type 
Scrap weights  Portion of total scrap load Mean-centre 
Scrap density kg/m3 Density of the baskets, total density Mean-centre 
Scrap distribution in baskets  Composition of each 10 ton scrap layer in 

the baskets 
Mean-centre 

Slag formers kg/ton Lime, Dolomite, Quarts, etc. Mean-centre 
Energy consumption kWh/ton 

m3n/ton 
l/ton 

Total consumption of electricity, oxygen, 
coal, oil, gas 

Mean-centre 
UV-scale 

Temperature Deg C Last EAF temp, max EAF temp, first LF 
temp 

Mean-centre 

Time min Tap-To-Tap, Power-on, Power off Mean-centre 
Chemical composition w-% Chemical composition of the current and the 

previous heat (hot heel) 
Mean-centre 
UV-scale 

The reason for not using standard UV scaling for all variables is that the calculation of secondary 
variables already divided the variables into natural blocks with appropriate internal scaling. It is, for 
example, “fair” to give scrap grades with large variance in portion of total scrap load higher chance 
of influencing the prediction result than the scrap grades with low variance. 

The variables in the energy consumption block are not measured in the same units, and therefore 
this block is UV-scaled. The chemical composition block is also UV-scaled, although all variables 
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have the same units. The reason for this is that the elements should be considered equally important, 
regardless of the variance. Alternatively, the elements can be divided into subcategories (blocks) 
that can be considered more or less important and given different block-scaling weights. 

There are of course many other possible ways of scaling the variables than the ones presented here. 
The scaling strategy selected in this project is chosen to facilitate comparison of regression 
coefficients within the different blocks, and to ensure robust models. For prediction purposes, the 
standard UV-scaling of all variables may be a better choice. Tests have shown that prediction 
accuracy for models based on standard UV-scaling is about the same as for the block-scaling 
strategy described above. 

4.5 Variable transformations 
During earlier work by Quinn and Vaculik [22] it was found that PLS prediction models for sulphur 
content in hot metal could be improved by logarithmic transformation of the chemical composition 
of the steel. To determine if logarithmic transformations are necessary, test models were developed 
for one of the participating steel plants (Ovako Steel). 
The formula for the transformation is as follows: 

( )cXlogT(X) 10 +=      (26) 

where c is the minimum resolution for the variable. The reason for the constant c is to avoid 
problems with transforming zero concentration values. Minimum resolution varies with element and 
meltshop, but is generally 0.01 or 0.001 w-%. 

RMSEE (Root Mean Square Error of Estimate) and R2 (degree of explained variance for the y-
variable) for the test models are calculated and presented in table 9. The results are graphically 
displayed in figure 8 and 9. 

Table 9 – RMSEE and R2 for PLS models with (M2) and without (M1) logarithmic transformations 
of the chemical elements. 

 RMSEE R2   RMSEE R2

Model No M1 M2 M1 M2  Model No M1 M2 M1 M2 
C 0.1308 0.1345 0.3116 0.3725  Sn 0.0018 0.0018 0.3966 0.5249
Si 0.0092 0.0095 0.1931 0.1615  Ti 0.0002 0.0002 0.1329 0.1820
Mn 0.0449 0.0453 0.2770 0.2851  W 0.0016 0.0016 0.1864 0.2895
P 0.0031 0.0031 0.2469 0.2786  Pb 0.0010 0.0010 0.1475 0.2312
S 0.0047 0.0047 0.3499 0.3550  Ca 0.0015 0.0015 0.0043 0.0153
Cr 0.0827 0.0856 0.4403 0.5005  Co 0.0018 0.0018 0.0347 0.0770
Ni 0.0668 0.0755 0.5664 0.5264  Zr 0.0001 0.0001 0.0017 0.0026
Mo 0.0159 0.0168 0.4744 0.4660  Nb 0.0001 0.0001 0.0009 0.0014
Cu 0.0299 0.0303 0.4850 0.5604  Sb 0.0010 0.0011 0.1107 0.1203
V 0.0008 0.0008 0.1859 0.2006  N 0.0014 0.0015 0.0923 0.1016

As 0.0013 0.0013 0.5204 0.5628  Zn 0.0079 0.0082 0.1519 0.1711
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Figure 8 – RMSEE for PLS models with (M2) and without (M1) logarithmic transformations of the 
chemical elements. 
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Figure 9 – R2 for PLS models with (M2) and without (M1) logarithmic transformations of the 
chemical elements. 

The degree of explained variance (R2) is in all cases except Si and Ni increased by the 
transformations. However, the comparison is not 100% fair, because R2 for the transformed 
variables are calculated on the transformed variable space and is compared with R2 for the original 
variable space. 

The root mean square error of estimate (RMSEE) is calculated for the original variables in both 
cases and it is always lower for the non-transformed variables. 
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Generally, a logarithmic transformation increases the variance in the lower region and decreases it 
in the upper region. This will also affect the prediction accuracy in those regions (higher in the 
lower region and lower in the higher region). 

The increase of R2 and RMSEE after logarithmic transformation indicates that the prediction 
accuracy for low values indeed benefit from logarithmic transformations, but at the cost of lower 
prediction accuracy for high values. 

A final solution with two prediction models seem to be appropriate, where the first model would be 
with non-transformed values and if the prediction is lower than a threshold value the second model 
(logarithmic) would be used instead. However, the prediction models presented in this thesis is only 
based on non-transformed variables. 
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Chapter 5 

MODEL DEVELOPMENT 
Three separate models were created to predict the different end-conditions (chemical composition 
of the steel, specific electrical energy consumption and metallic yield). The original idea was to 
create only one multivariate model for simultaneous prediction of all end-conditions. However, 
some characteristics of the datasets that were discovered during the model fitting procedure led to 
the conclusion that separate models would be preferable. The main reasons are: 

• The relevant variables for the end-conditions differ, se table 2. For example, the composition 
of the hot heel is not relevant to yield and energy consumption, but relevant for the chemical 
composition of the steel. The opposite can be argued for scrap density and distribution of 
scrap grades in the baskets (order of layers). 

• The correlation patterns between in-data and the different end-conditions are very different. 
This means that the total number of latent variables (PCA or PLS components) needed to 
capture the explainable variation in all predicted end-conditions will be high and thereby the 
advantage of latent variables will decrease. 

• Because of the fact that the degree of correlation between the in-data and the different end-
conditions are very different, it will be difficult to find the optimum number of latent 
variables by cross-validation. For example, all the explainable variation in electrical energy 
consumption may be captured in the first two latent variables while it takes 5 latent variables 
to explain the variation in Cu-content. Cross-validation based on total prediction error sum 
of squares (PRESS) would then recommend a compromise of 3-4 latent variables, resulting 
in a model not optimised for either electrical energy consumption nor Cu-content. 

In the case of prediction of energy consumption at the time for charging of the second scrap basket, 
multiway PLS modelling was used. Remaining electrical energy consumption until charging of the 
second scrap basket was selected as batch maturity variable, and an observation level model was 
fitted to predict the batch maturity. A batch maturity variable is a measurement that indicates how 
far the batch (heat) has progressed. 

An estimation of total energy consumption for the first basket (Total E pred) could then be 
calculated at every time during melting by adding currently consumed electrical energy (E_IN) with 
the prediction of remaining energy input (E_LEFT pred). Average values of estimated total energy 
consumption for the first basket were calculated for the latest 5, 10, 15 and 20 minutes of the 
heating operation (see figure 10 for an example heat). 
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Estimation of remaining and total energy 
consumption for a first basket heating at DDS
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Figure 10 – Example of averaged estimates of total energy consumption for the 5, 10, 15 and 20 
latest minutes of the heating operation for the first basket. 

A batch level model for prediction of total energy consumption for melting of the first basket was 
created with the averaged estimates of total energy consumption and charge mix material weights in 
first and second scrap baskets as in-data. 

Scrap weights for the second basket are included because they determine the desired setpoint for 
free furnace volume. As discussed chapter 2 (Introduction), the optimal time to charge the second 
scrap basket is when there is enough free volume in the furnace to accommodate its whole volume. 

5.1 Included variables 
In table 10 the variables included in prediction models for end conditions for meltshop 1-4 is 
presented.  
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Table 10 – Included variables in prediction models for end-conditions in EAFs. X indicates that the 
variable is used as indata for the particular model, and Y indicates that the variable is being 
predicted.  

   Model No*
Variable Name Unit 1 2 3 
Scrap grade fraction of total scrap load FS  X X X 
Scrap grade fraction of basket weights FSX   X  
Scrap grade fraction of 10 t basket layers  FSLB

FSLT

  X X 

Basket weight fraction of total scrap load FB   X X 
Scrap density in basket DB kg/ m3  X X 
Total scrap density DTot m3  X X 
Specific electrical energy consumption ES kWh/ton X Y X 
Specific Lance Oxygen consumption O2LS m3n/ton X X X 
Specific Lance Coal Consumption CLS kg/ton X X X 
Specific Burner Oxygen consumption O2BS m3n/ton X X X 
Specific Burner Oil consumption OilS kg/ton X X X 
Specific Slag former consumption WSFS kg/ton X X X 
Yield Y    Y 
Hot Heel chemical analysis HHX % X   
Last steel temperature TEAF C X X X 
Maximum steel temperature TMAX C X X X 
First temperature in ladle TLF C X X X 
Power-on time PON min  Y X 
Power-off time POFF min  X X 
Steel chemical analysis AX % Y   
* 1 – Chemical analysis, 2 – Energy consumption, 3 – Yield  

In the specific case of prediction of electrical energy consumption in Höganäs Halmstadverken 
(meltshop no 5), a different set of variables was used, see table 11. The reason for this is the 
importance of separating the melting operations of basket 1 and basket 2 to evaluate the efficiency 
of post combustion oxygen for each basket independently. 

Table 11 – Included variables for prediction of total electrical energy consumption in Höganäs 
Halmstadverken.

Name Variable Unit Type
POFF Total power off time min X 
WTot Total scrap weight kg X 
CTot Total weight of added carbon kg X 
O2T1 Time of oxygen addition through burners for basket 1 min X 
O2T2 Time of oxygen addition through burners for basket 2 min X 
WS1 Weight of scrap grades in basket 1 kg X 
WS2 Weight of scrap grades in basket 1 kg X 
WS Total weight of scrap grades kg X 
WRL Weight of charged raw limestone (CaCO3) kg X 
WLTot Total weight of consumed lime (CaO+CaCO3) kg X 
WSF Total weight of slag formers (CaO, CaCO3, SiO2) kg X 
E Total energy consumption kWh Y 

Quadratic terms for oxygen addition through burners were included to model the decreasing energy 
efficiency of post combustion in the later stages of melting. 

Variables included in the multiway PLS model for prediction of electrical energy consumption for 
the first basket is presented in table 12. 
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Table 12 – Included variables for prediction of total energy consumption for first scrap basket.  

Variable Name Type Level 
Temperature difference for water cooling panels deltaTX X Observation 
Relative standard deviation between phases for 
electrical parameters  

REL_SX X Observation 

Relative standard deviation for the latest 50 
observations (400 sec) for electrical parameters 

REL50_SX X Observation 

Rate of change for the latest 50 observations (400 sec) 
for electrical parameters and temperature differences 

dXdt_50 X Observation 

Remaining electrical energy consumption E_LEFT Y Observation 
Scrap weights in first basket WS1 X Batch 
Scrap weights in second basket SS2 X Batch 
Estimated total energy consumption (observation level 
model) for first scrap basket (average for latest 5, 10, 
15 and 20 minutes of heating) 

E_PRED_5 
E_PRED_10 
E_PRED_15 
E_PRED_20 

X Batch 

Total energy consumption for first scrap basket E_IN Y Batch 

5.2 Selection of regression method 
As discussed in the chapter 3 (Statistical methods), there are many types of multivariate regression 
methods that could be used for statistical modelling of the electric arc furnace. The first step of the 
model fitting is therefore to decide which method to use.  

To determine this, three types of models (MLR, PCR and PLS) have been made on a test dataset for 
comparison of results. The dataset originates from Fundia Special Bar and consists of process data, 
scrap data and analysis data from all melts produced during year 2002. Prediction models for final 
chemical analysis of the steel were fitted with each regression method. 

The optimum number of latent variables for the PCR and PLS models were determined by cross-
validation based on minimisation of total PRESS. The cross-validation method was Venetian blind 
2-way split, meaning that the dataset was split in two halves by assigning every second heat to the 
validation dataset. Models were fitted on the remaining heats (training set). 

The sum of squares prediction error for the heats in the validation set was then calculated using an 
increasing number of latent variables until PRESS for all possible number of latent variables were 
calculated. The number of latent variables giving lowest total PRESS was then used in the 
comparison between different regression methods. 

Total PRESS for the MLR model is equal to PRESS for the maximum number of LVs for the 
PCR/PLS models. This is always the case when using the maximum number of LVs. The equivalent 
of excluding higher order latent variables in MLR models would be to exclude X-variables with low 
degree of correlation to the Y-variables. However, the decision of which variables to exclude would 
be difficult, especially for the prediction of chemical composition, since the degree of correlation to 
different elements will vary for the variables. Also, it is of interest to evaluate the effect of all the 
variables on the end-conditions, not only the ones with the strongest correlation. 

Figure 11 shows total sum of squares prediction error (PRESS) for different number of PC/LVs. 
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Figure 11 – Cross-validation statistics (PCR and PLS) for the Fundia Special Bar dataset. 

Close examination of figure 11 shows that lowest PRESS for PCR is found for 52 PC, and lowest 
PRESS for PLS for 17 LV. Using these numbers of PC/LV, the total degree of explained variance 
(goodness of fit) for individual Y-variables have been calculated. Results are shown in figure 12.  
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Figure 12 – Individual R2 (MLR, PCR and PLS) for the Fundia Special Bar dataset. 

Figure 12 shows that MLR gives the best fit of training data, followed by PCR and then PLS. This 
is expected, since some degree of variation in the X-block is lost during the decomposition into PCs 
and LVs. Having that in mind, it is also expected that R2 will be higher for PCR than PLS because 
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of the higher number of PC/LV in the optimal model. However, degree of fit on training data is not 
the best grounds for comparison between regression performances. 

In figure 13 a comparison of sum of squares prediction error (PRESS) for individual y-variables is 
shown.
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Figure 13 – Individual PRESS (MLR, PCR and PLS) for Fundia Special Bar dataset. 

This is where the difference between traditional statistics like MLR and multivariate projection 
methods, like PCR and PLS, becomes clear. PRESS for MLR is higher than for PCR/PLS in all 
cases, and in the case of C, Cr, Mn, Si, Ti and V much higher. 

The difference between PCR and PLS is small and could be considered negligible. However, 
keeping in mind that PCR needs 52 PCs and PLS only needs 17 LVs for the same prediction results 
it is clear that the best choice of prediction method for this dataset is PLS due to the lower degree of 
complexity of the final model. 

5.3 Fitting of models 
As a first step, prediction models for chemical composition of the liquid steel, electrical energy 
consumption and yield were fitted on all available heats in the datasets. The datasets were then 
subsequently divided into smaller subsets (continuous blocks) and separate prediction models were 
fitted on each subset. 

Each model was then validated on the following block of data and the whole dataset. The process of 
dividing into smaller subset was continued until the validation showed significant signs of 
overfitting. 
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The reason for this procedure was to determine the minimum amount of heats needed to create a 
reliable prediction model for new heats. The reliability criterion was that the prediction accuracy of 
the subset model should not be significantly less than the accuracy of the original (all heats 
included) model on the following month of production. 

The procedure showed that data for at least two months of production (about 500 heats) is needed to 
create a model of close to equal reliability as a model fitted on an infinite number of heats. 

This means that by continuous refitting of the prediction models every month the predictions are 
never based on any heats older than three months. Also, new estimations of scrap properties can be 
made every two months. 
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Chapter 6 

PREDICTION RESULTS 
The prediction results presented in the section refer to models fitted on all available heats for each 
meltshop. Root of Mean Square Error of Estimate (RMSEE) and degree of explained variance (R2)
have been calculated for each predicted variable and are displayed together with the mean and 
standard deviation of the actually measured variables in table 13 and 14. Predictions of Al, B, Ca, 
N, Nb, Pb, Sb, Si, Ta, Ti, V, and W were also made. However, both the variance and the degree of 
explained variance (R2) for these elements was low. 

Table 13 – Prediction results for Ovako Steel AB and Fundia Special Bar AB. 

 Ovako Steel AB Fundia Special Bar AB 
 RMSEE Mean R2 Std.dev RMSEE Mean R2 Std.dev 
As 0.001 0.008 56% 0.002 0.001 0.010 43% 0.002 
C 0.13 0.23 33% 0.16 0.029 0.081 28% 0.034 
Co 0.002 0.013 8% 0.002     
Cr 0.08 0.28 47% 0.11 0.02 0.07 35% 0.03 
Cu 0.029 0.187 50% 0.042 0.03 0.24 47% 0.04 
Mn 0.04 0.17 31% 0.05 0.03 0.07 26% 0.03 
Mo 0.02 0.04 53% 0.02 0.01 0.03 34% 0.01 
Ni 0.06 0.16 62% 0.10 0.02 0.13 57% 0.03 
P 0.003 0.008 26% 0.004 0.003 0.011 30% 0.004 
S 0.004 0.025 40% 0.006 0.006 0.037 45% 0.008 
Sn 0.002 0.009 41% 0.002 0.003 0.017 70% 0.006 
Yield 1.0* 90.6* 52%* 1.5* 0.4** 90.6** 72%** 0.8**

kWh/t 
(liquid)

9* 479* 50%* 12* 6** 431** 46%** 8**

kWh 
(scrap) 

19 439 37% 24 17 390 13% 18 

* Calculated on a series of heats between emptying of the EAF (approximately 20 heats) 
** Moving average for the 20 latest heats 

Table 14 – Prediction results for Sandvik Materials Technology and Fundia Armering AS. 

 Sandvik Materials Technology Fundia Armering AS 
 RMSEE Mean R2 Std.dev RMSEE Mean R2 Std.dev
As         
C 0.13 1.16 93% 0.47 0.028 0.111 10% 0.030 
Co 0.01 0.06 85% 0.03     
Cr 0.71 15.74 99% 6.63 0.027 0.118 23% 0.031 
Cu 0.03 0.20 94% 0.13 0.041 0.359 50% 0.058 
Mn 0.16 0.85 97% 0.94 0.027 0.104 15% 0.029 
Mo 0.10 1.05 99% 1.10 0.005 0.026 28% 0.006 
Ni 0.55 7.42 99% 6.02 0.025 0.168 12% 0.027 
P 0.002 0.021 93% 0.008 0.005 0.018 36% 0.006 
S 0.003 0.013 47% 0.005 0.005 0.043 47% 0.006 
Sn     0.005 0.017 32% 0.006 



 46 

The number of decimals for analysis of elements in table 13 and 14 has been set to the same 
precision that can be found in the historical databases at the meltshops. In the case of calculated 
variables, like specific energy consumption and yield, the precision has been calculated based on 
the precision of included original variables (formula 21 was used). 

Generally R2 and RMSEE for impurity elements (like As, Cu, Sn, P, S) is similar for the different 
meltshops. This indicates that the variations in scrap quality (in terms of impurity elements) are 
similar for all investigated meltshops. There are some exceptions; R2 for Sn at Fundia Special Bar is 
very high, and so is R2 for P at Sandvik Materials Technology. 

For the Sn issue at Fundia Special Bar, the high R2 can be explained by the use of a special scrap 
grade consisting of shredded tin cans. The high R2 at Sandvik Materials Technology can be 
explained thermodynamically by the use of high-P containing ferro-alloys in the charge material 
mix, in combination with slag-reduction practice. Almost all of the charged P (in scrap and ferro-
alloys) will end up in the steel, while without slag reduction a significant, and varying, amount of 
the P will be captured by the slag. 

For elements that are used as alloys in the final product the degree of explained variance is higher 
than for impurity elements. The effect is very high if alloy elements or ferro-alloys are part of the 
charge material mix (like Cr, Ni and Mo at Sandvik Materials Technology). The effect is smaller 
but still noticeable if the alloy elements are only present in the alloyed internal scrap grades (like 
Cr, Ni and Mo at Ovako Steel). 

Another explanation for the high R2’s at Sandvik is the wide range of chemical composition on the 
final products. There is more variance to explain than in the other meltshops and most of this 
variance can be explained by the added alloys and the internal scrap grades (that have well known 
composition). The high R2 for alloy elements does not mean that the models are better for Sandvik 
than for the other meltshops. In fact, for most of the alloy elements the mean prediction error is 
higher at Sandvik than at the other meltshops. 

Some examples of observed vs. predicted values for the prediction models described above are 
given in figures 14 to 17. 
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Prediction of electrical energy consumption 
(Ovako Steel)
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Prediction of metallic yield (Ovako Steel)
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Prediction errors are not only depending on the level of correlation between the predicted variable 
and the in-data. Measurement errors also play a significant role. The prediction error can be thought 
of as a combination of three different entities: Measurement error in the predicted variable 
(chemical analysis, energy consumption, and yield), measurement error in the predictors (material 
weights, consumption figures, etc.) and lack of correlation between predicted variables and 
predictors. 

As discussed in the data quality section, many of the measurements from EAFs are uncertain, 
However, the level of uncertainty is not well known. Some approximations have to be done, and 
they have been made in co-operation with process engineers and measurement technicians at the 
participating meltshops.  
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Chapter 7 

ESTIMATION OF SCRAP PROPERTIES 
Scrap properties are estimated by allowing the prediction models to calculate the chemical 
composition, electrical energy consumption and yield for hypothetical “pure” heats. A pure heat is a 
heat with scrap mix containing 100 % of the scrap grade whose properties are to be estimated, and 0 
% of all other scrap grades. All process parameters are set to their mean values. 

An example of the estimated Cu-content for various scrap grades at Ovako Steel AB is shown in 
figure 18. 

Estimated Cu content in scrap grades
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Figure 18 – Estimated copper content in scrap grades at Ovako Steel (March 2003). 

Scrap management personnel at Ovako Steel have found these estimations to concur rather well 
with commonly assumed chemical analysis. 

There is a potential problem with this strategy, however, which is that the models are forced to 
work outside of their calibration region since there are no “pure” heats in the data used to develop 
the statistical models. This problem occurs for all types of statistical models fitted on normal 
production data. 

In the case of multivariate projection models (such as PLS models), it is possible to analyse the 
effect of this deviation from normal conditions by looking at the estimates of the X-variables (scrap 
grade portion of total scrap load). Estimates of X-variables are calculated with formula 14, and they 
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may be thought of as back-transformation of the latent X-variables (T-scores) to the original 
variable space. 

If the estimated value for the investigated scrap grade is close to 100 % while the values for other 
scrap grades are close to 0% then the prediction can be trusted to represent the chemical analysis of 
a pure heat. If not, the estimate made by the model can be considered to be unreliable. In such 
cases, experimental heats with unusually large portions of the scrap grade are needed to estimate its 
properties.

Examples of estimated scrap mix for pure heat simulations with two scrap grades at Ovako Steel 
(S10X and S603) are given in figure 19. 

Estimated scrap mix for pure heats
(Scrap ID S603 and S10X at Ovako Steel)
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Figure 19 – Estimated scrap mix for pure heat simulations for scrap grade S603 (white bars) and 
S10X (black bars) at Ovako Steel. 

Ideally all bars should be 0 except the one being tested in the pure heat simulation that should be 1 
(100 % of total scrap load). 

From figure 19 it is clear that the estimated properties of scrap grade S603 would be unreliable 
since the estimated scrap load portion of S603 in the S603 pure heat simulation (the white bars) is 
low and not significantly different than any other estimated scrap load portion. 

However, for scrap grade S10X the situation is much better. The pure heat simulation of this scrap 
grade (the black bars) gives an estimated portion of total scrap load for S10X close to 1 and low 
estimations of all other scrap grades. In this case it is very likely that the scrap properties estimated 
by pure heat simulation are correct. 
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Chapter 8 

INDUSTRIAL APPLICATIONS 
In all the proposed applications described in this section it is assumed that the prediction models are 
continuously updated (refitted on at least 500 new heats) every two months to compensate for the 
dynamic variations in scrap properties. 

8.1 Preliminary prediction of steel analysis 
The objective for this application is to give the operator information about how to load the second 
and higher order baskets based on the composition of the previously loaded baskets. 

A prediction of steel analysis is made based on actually loaded scrap weights in basket 1, and the 
scrap weights in the second basket are estimated as the standard scrap mix (for each steel-grade). 
Other process parameters (like oxygen consumption, slag former addition, coal and oil) are set to 
average values. This gives a prediction of how the steel analysis would be if the heat would proceed 
normally from here on. 

The preliminary prediction of steel analysis is compared with the quality limits for the current steel-
grade. Under the assumption that the prediction errors are normally distributed the risk of breaking 
any analysis limits can be calculated. If the risk exceeds a limit value a warning is issued to the 
operator. 

If a warning is made then the operator can make adjustments to the standard scrap mix recipe in the 
following baskets of the heat to compensate for irregular loading in previous baskets. The method 
can also be used by the scrap recipe management personnel to try new recipes for different steel-
grades and see how it will affect the steel analysis. 

If the proposed scrap recipes are outside of the models calibration region (abnormal co-variance) a 
warning is issued to the operator informing them that the calculated steel analysis may be 
inaccurate. 

The effectiveness of this application depends on the prediction accuracy of each element that is 
monitored. Higher prediction accuracy will give higher selectivity (less percentage of false alarms). 
The higher the selectivity the lower the warning limit for analysis failure can be set without risking 
too many false alarms. 

Individual threshold values for percentage of false alarms must be set for each individual element, 
and also a threshold for total percentage of false alarms. One way of doing this is to try different 
risk limits and compare the number of false and proper alarms during a period of time. Such tests 
have been done on data from Fundia Special Bar (3800 heats), see figure 20 and 21. 
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Alarm limits for Cu-analysis
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Figure 20 – False and proper alarms for high Cu-content given by the scrap management 
application for primary prediction of steel analysis. 
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Figure 21 – False and proper alarms for Sn-content given by the scrap management application for 
primary prediction of steel analysis. 

Looking at figure 20 and 21 it can be concluded that if the limit for false alarms is set to 50 % for 
individual elements (a reasonable compromise between false and proper alarms, according to 
engineers at Fundia), a warning limit at 60 % risk of analysis failure for Cu and 50 % for Sn is 
appropriate. The total percentage of false alarms is then also within acceptable limits (47 of 3800 
heats, about 1.2 %). 



 53 

Another factor influencing the number of alarms from this application is the safety margins for 
chemical composition. If the final chemical composition always is far from the limits, the number 
of alarms from this application would obviously be quite low. Also, the percentage of false alarms 
would increase, since the few analysis failures that do occur would be due to melting of extremely 
deviant pieces of scrap (like large copper blocks and batteries) that can not be detected by statistical 
models.

8.2 Monitoring of scrap quality 
The objective of this application is to give the scrap manager the possibility to follow trends in 
scrap quality. Deviations can be detected by monitoring the prediction errors with normal control 
charts (like Shewart charts). 

The most common reason for alarms for change in scrap quality is that scrap is taken from the 
bottom of a pile at the scrap yard. It is commonly known fact that the scrap quality is lower for 
scrap at the bottom of piles. This is usually compensated for by using more “clean” scrap when 
finishing off the last part of a pile. The prediction error will still be higher than normal though and 
the effect of the decreased scrap quality can be estimated. 

After each heat is finished several statistical tests are performed on the previous 20 heats to 
determine if the scrap quality has changed since the statistical prediction models were fitted. In all 
tests it is assumed that the prediction errors are normally distributed. These tests that are conducted 
are now discussed. 

8.2.1 Mean-value test (M-test) 

A test to determine if the mean value of the scrap property has changed. If the M-test is positive (i.e. 
the mean prediction error is different from zero) the mean content of the element that caused the 
alarm has changed in at least one of the scrap grades that were used in the period. By checking 
whether the mean prediction error is negative or positive it can be determined if the mean content 
has increased or decreased. 

Unfortunately, this test does not reveal which of the scrap grades have changed. This has to be 
determined by manual inspection of the scrap loading protocols from the relevant period. Some 
general guidelines are presented below: 

• Check if any of the scrap grades have been used more than normal in the period. If so, it is 
likely that one or some of those scrap grades are responsible for the change in mean content 
of the investigated element. 

• If no scrap grade can be considered to have been used more than normal, check which scrap 
grades have the highest total consumption during the period. The ones with high 
consumption are likely to have caused the alarm. 

A positive M-test should be followed up by actions from the scrap management department. 

• The application for preliminary prediction of steel analysis should be turned off since the 
prediction model is no longer valid. It can be turned on again when the M-test shows zero 
mean prediction errors again. 

• The suspected scrap grades should be visually inspected at the scrap yard to see if the 
change in quality can be linked to a specific delivery of scrap. 
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• If the M-test gives repeated alarms, the chemical composition of the suspected scrap grades 
should be investigated by spot analysis or test heats.  

8.2.2 Variance test (S-test) 

A test to determine if the variance of the scrap property has changed. The same guidelines for 
identifying the responsible scrap grades as for M-tests also apply. A positive S-test should initiate 
the following actions: 

• The frequency of false alarms and the percentage of undetected analysis failures for the 
preliminary prediction of steel analysis will increase. A warning about this should be 
presented to the scrap loader. 

• The piles of the suspected scrap grades should be visually inspected at the scrap yard to see 
if the scrap pieces with deviating analysis can be identified. 

• If the S-test gives repeated alarms, the chemical composition of the suspected scrap grades 
should be investigated by spot analysis. Test heats are not applicable since the mean content 
has not changed, unless the M-test for the period is also positive. 

8.2.3 Co-variance test (D-test) 

A test to determine if the “normal operation mode” of the furnace has changed. This includes both 
the scrap loading and the process settings. The D-test is performed on a specific prediction model. 
In multivariate prediction terminology the D-test is equivalent to a combined SPEX and T2 test. It is 
recommended that a positive D-test should initiate the following actions: 

• Investigate what has caused the deviation from normal operation. This can be performed 
using standard multivariate statistical routines. 

• If the problem is linked to the scrap mix, investigations about why the deviations from the 
standard scrap recipes are higher than normal should be made. The cause may be that some 
scrap grades are not used at all as a response to a positive M-test or S-test, or that some 
scrap grades are out of stock. 

• If the problem is located to the process settings, investigations into deviations from the 
standard heating profile should be made. The cause may be faulty or badly calibrated 
process equipment, problems in the process logging or measuring systems, changes in 
process control strategy, etc. 

• Repeated alarms indicate a stable change of process conditions. All scrap management 
applications based on prediction models should be turned off until the problem is corrected 
or new prediction models are fitted on data collected after the change. 

The effectiveness of all the statistical tests depends on the accuracy of the prediction models. For 
elements with low degree of explained variance, the predictions will always be close to the mean 
value, regardless of the scrap mix and process settings.  

This means that the selectivity of the M-test and the S-test will decrease. Alarms for changed levels 
(or spread) of elements in scrap would be given every time the mean (or standard deviation) of the 
investigated element is significantly different from the reference period, regardless of which scrap 
grades are used during the investigated period. 
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8.3 Monitoring of scrap properties 
By logging regression coefficients or estimated scrap properties for expired models (older than 2 
months) variations in scrap properties for long periods of time can be monitored. The scrap 
properties for each month are estimated by pure heat simulations with the model fitted on data from 
the previous two months of production. An example of this is given in figure 22. 

Estimation of Cu-content in scrap grade 402 
(Ovako Steel AB, 2003)
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Figure 22 - Variation in estimated copper content in scrap grade 402 during 2003 at Ovako Steel 
AB.

The validity of the estimated scrap properties depend on the prediction accuracy of the statistical 
models but also on the variance and co-variance of the scrap grade weights. The properties for scrap 
grades that were rarely used (or used in almost constant amount from heat to heat) in the training 
data are uncertain and may vary significantly from model to model. 

If there are strong correlations between certain scrap grades PLS models will have difficulties in 
distinguishing between their properties. For example, if there is a linear relationship between scrap 
grade Y and X (Y=a+bX) their estimated properties will be similar even though the actual 
properties can be very different. 

8.4 Optimisation of scrap recipes 
The estimated scrap properties (yield, specific energy consumption) may also be used to calculate 
“value in use” for each scrap grade. If the prediction models are continuously updated a new “value 
in use” may be calculated every two months. Together with the estimation of chemical analysis of 
each scrap grade, this will enable “dynamic” (time-variant) scrap recipes. 
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The safety margins in scrap recipes depend on the mean prediction errors for the elements. Dynamic 
scrap recipes will reduce the prediction errors and the safety margins, thereby increasing the 
blending options and allow for increased use of “dirty” scrap grades. 
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Chapter 9 

CONCLUSIONS 
Current results show that multivariate prediction models for chemical analysis based on normal 
process measurements and charge material weights can be used for improved scrap management. 
Among the tested prediction methods (MLR, PCR, PLS), PLS was found to give superior results.  

PLS prediction models can explain 40-70 % of the variation in content of impurity elements (Cu, 
Sn, As, S) and 70 % to almost 100 % of the variation in content of alloy elements (Cr, Ni, Mo). 
Electrical energy consumption, yield, content of oxidisable and refinable elements (C, Si, Mn, P) 
are more difficult to predict (degree of explained variance below 30 %).  

However, degree of explained variance is not the only prediction quality measurement to consider. 
Root mean square error of estimate (RMSEE) is of equal or even greater importance, since it sets 
the limits for how well the scrap mix can be optimised to meet certain quality restrictions regarding 
chemical composition for the liquid steel. Results indicate that, in general, RMSEE for As, Sn, Cu, 
Cr, S and Ni are small enough to improve the existing scrap optimisation programmes with regard 
to residual levels of these elements. 

Estimations of levels of tramp elements and alloy elements in scrap grades and ferro-alloys can be 
made for every 500 heats (about two months), if the number of commonly used materials in the 
charge material mix does not exceed 25. This enables more narrow safety margins on the steel 
analysis and/or fewer melts out of analysis limits, possibilities to use more cheap scrap and long 
term quality monitoring of scrap grades. 

Short term deviations (within two months or 500 heats) in the general scrap quality can be detected 
by looking at SPC-charts (e.g. Shewart charts) for prediction errors. Statistical tests may give hints 
to the source of the deviation (responsible scrap grades), but visual inspection of the scrap yard or 
spot checks of the scrap lots are needed to confirm the suspicions. 

Regarding prediction of yield and energy consumption, no reliable prediction models could be 
developed for on-line prediction of individual melts. The most probable reason for this is the 
variations in hot heel weight and absence of dynamical process data (continuous measurements of 
oxygen- and gas-flow, temperature and electrical parameters). 

The moving average or melt series approaches described above have reduced the interference by the 
hot heel so that  estimations of average values for specific energy consumption and yield 
coefficients for individual scrap-types could be calculated. 

The accuracy of all predictions (especially prediction of energy consumption, yield, oxidisable 
elements and refinable elements) could increase if dynamic process data were included in the 
models (this model type is called PLS-Batch). 
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Chapter 10 

FUTURE WORK 
The next logical step is the on-line implementation of the proposed scrap management applications, 
and the evaluation of their performance. Pilot installations of “Preliminary prediction of steel 
analysis” and “Monitoring of scrap quality” are under development and scheduled for on-line 
implementation at Ovako Steel and Fundia Special Bar during the year 2005. 

After successful implementations, the scrap mix could be optimised dynamically based on current 
scrap quality. When periods of changed scrap quality are detected, inspections of the piles at the 
scrap yard could reveal important information about links between visual appearances of scrap and 
scrap quality. In time a system for automatic detection of changed scrap quality based on visual 
surveillance could be developed. 

More investigations about the mean errors of the logged parameters need to be done. If the errors 
are known, their effect on the prediction accuracy may be estimated by the use of formula 21. It 
could then be determined which parameters that need improved measurement accuracy to further 
increase the prediction accuracy of the developed models. 

The multiway model for prediction of total energy consumption for the first basket could be 
improved. The current structure of the batch-level model, with averaged values of estimated total 
energy consumption for four different time periods as in-data, does not involve full unfolding of the 
original 3-dimension matrix. Better prediction accuracy could be expected if a more traditional 
unfolding technique was used (see the multiway modelling section of chapter 3 – Statistical 
methods).

A proper multiway PLS model predicting total batch maturity as well as maturity for different 
process phases (like melting of basket 1, melting of basket 2, refining period) could be used for 
general condition monitoring of the EAF process and optimisation of 

• Time to charge the second scrap basket 
• Time to start tapping 
• Time for steel and temperature sampling 
• Slag foaming 
• Post combustion 

In addition to batch maturity, other end conditions can also be predicted with a multiway PLS 
model. Examples of such end-conditions are content of oxidisable and refinable elements in the 
steel (primarily C, Mn, Cr, P and S would be of interest), steel temperature, yield and amount and 
composition of slag and dust. Continuous off-gas analysis and more frequent sampling of slag and 
dust would be required for fitting of prediction models for some of these end-conditions. 

More frequent analysis of slag and dust would enable monitoring of scrap quality in terms of 
elements like Si, Al, Mn, P, S and Zn. The strategy would be to develop prediction models for 



 60 

composition of slag and dust in the same way as for composition of the steel which has been 
described in detail in this thesis. Total amount of slag and dust, or yield coefficients for slag and 
dust, would also have to be measured and predicted. Total content of each element in each scrap 
grade could be estimated by adding estimated amounts in steel, slag and dust obtained by “pure 
heat” simulations (see chapter 7 – Estimation of scrap properties). 
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APPENDIX 1 – ABBREVIATION INDEX 
Abbreviation Explanation Comment 
ANN Artificial Neural Networks  
BOF Basic Oxygen Furnace A.K.A. Oxygen Converter 
DRI Direct Reduced Iron A.K.A. Sponge Iron 
EAF Electric Arc Furnace  
ECSC European Coal and Steel 

Community 
ESGS European Scrap Grading System  
HBI Hot Briquetted Iron Compressed DRI 
LF Ladle Furnace  
LV Latent Variable T-scores in a PLS model 
MLR Multiple Linear Regression A.K.A. OLS 
MPCA Multiway Principal Component 

Analysis 
MPLS Multiway Partial Least Squares  
MSPC Multivariate Statistical Process 

Control 
MVDA MultiVariate Data Analysis Generic term for statistical tools like PCA, PCR, PLS, 

MPCA, MPLS 
NIPALS Nonlinear Iterative PArtial Least 

Squares 
Algorithm for calculation of loading vectors for PCA and 
PLS 

OLS Ordinary Least Squares A.K.A. MLR 
PC Principal Component T-scores in a PCA or PCR model 
PCA Principal Component Analysis  
PCR Principal Component Regression  
PLS Partial Least Squares A.K.A. Projection on Latent Structures 
PRESS Prediction Error Sum of Squares  
R2 Degree of explained variance Goodness of fit 
RMSEE Root Mean Square Error of 

Estimate 
SPC Statistical Process Control  
SPEX Square Prediction Error for X-

variables 
UV Unit Variance  








