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Abstract

Machine learning models have proven to be valid tools for improving
prediction models in various steel industry processes. In this thesis, the
machine learning model, multilayer perceptron (MLP), was investigated as
means to enhance the end-point temperature prediction model in an electric
arc furnace (EAF). The focus was to apply this method to EAFs producing
stainless steel as opposed to previous research applying the method to EAFs
producing carbon steel.

A thorough data pipe-line methodology was presented and used as a
framework for preparing the EAF data for the MLP model. Following
the data-pipeline, 1296 distinct MLP models were created, each of which
was evaluated based on their respective error values. Five of those models
exceedingly outperformed the established energy model despite the many
unfavorable assumptions and conditions preceding the model creation. Two
of those conditions were the immense variance in the data and differing data
characteristics due to the production of different types of stainless steel and
due to varying production behavior. This indicates not only that there
exists a lot of potential to further improve the MLP model, but also that
the current MLP model can be used to enhance the established temperature
prediction model. It was also found that more input variables contributes
to better model performance. This is in accordance with previous research
but also wanted due to current development of new measurement techniques
for the EAF.
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List of Abbreviations

EAF Electric arc furnace

ANN Artificial neural network

MLP Multilayer perceptron

SLP Single layer perceptron

AC Alternating current

ELM Extreme learning machine

SLFN Single hidden layer feedforward network

RBFNN Radial basis function neural networks

RBF Radial basis function

RNN Recurrent neural network

SVM Support vector machine

AOD Argon oxygen decarburization

BPNN Backpropagation neural network

HBI Hot briquetted iron

PCA Principal component analysis

CV Cross-validation

SNNS Stuttgart neural network simulator

RSNNS R wrapper to Stuttgart neural network simulator

R The programming language R

SSE Sum of squared errors

NA Non-available

CPU Central processing unit

IDE Integrated development environment

LOESS Locally weighted scatterplot smoothing

Duo Refers to the network topology with two hidden layers
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Hecht Refers to the network topology based on the
Hecht-Kolmogorov rule

LogT Refers to the network topology based on log2 number
of input data
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List of Symbols

FeO Iron oxide

CN Number of regions in a classification case

a(x) Activation function

s(x) Logistic (sigmoid) activation function

c Logistic (sigmoid) activation function constant

tanh(x) Tangens hyperbolicus function

I(x̂) Node integration function

xi Neural network input vector

xi Input value stream i for a neural network node

wi Weight for input stream xi

θ Neural network node bias value

pi Predicted output value for data instance i

ti The true output value for data instance i

E Error function

∇E Derivative of the error function with respect to all
network weights

∆wi Weight update increment for input stream i

γ Network learning rate constant

α Network momentum term constant

δj Backpropagated error value for node j

oc Output value of node c

wcs Weight used in the connection between node p and
node c

wi
cs Weight value for iteration i in the connection between

node p and node c

xnorm Normalized data x
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xrobust Robust normalization of data x

xmedian Median of data x

µ Mean value

σ Standard deviation

Q1 First quantile

Q3 Third quantile
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1 Introduction
In steel manufacturing plants, many processes are modeled using linear
and analytic methodologies based on physical and chemical characteristics.
However, these processes are also very non-linear, which limits how well these
models are able to model the processes. Another limitation is that a majority
of steel plant processes are performed in temperature ranges 1000-1700◦C,
which severely restricts the number of possible approaches to accurately
measure important characteristics. One approach is to develop novel
measurement methods based on cutting-edge research findings. Another
approach, which is the one that this thesis is based upon, is to analyze
steel-plant data in order create models with better accuracy than existing
analytic models. However, the latter approach is based on the former in the
sense that it uses data from on-site measurement devices. Nevertheless, the
data-driven approach opens up the possibility to do more with what you
already have, i.e. to get leverage on already existing data.

The purpose of the project is to evaluate the machine learning paradigm
Artificial Neural Networks (ANN) as a means to predict the end-point
temperature in the Electric Arc Furnace (EAF) process at Outokumpu
Stainless in Avesta, Sweden. ANN has proven to be a valid tool for modeling
various processes in the steel industry[1][2][3][4][5][6][7]. More specifically,
the ANN-type multi-layer perceptron (MLP) will be evaluated. Two studies
has already been conducted applying MLP as a means to predict the
end-point temperature in the EAF [6][7]. The approach used in the two
studies will be the basis of the investigation conducted in this thesis. Thus,
the main goal of the thesis is to successfully construct and use an MLP
model to better predict the end-point temperature in the EAF. Furthermore,
additional investigations will be conducted regarding the usage of different
tuning parameters available for the MLP. Another goal is thus to evaluate
which tuning parameters is the most optimal for the present problem. The
relevancy in using various number of input variables will also be investigated.

Another aim of this study is also to mediate the experience and approach
used in the investigation. This is to provide the steel industry, especially
Outokumpu Stainless AB, with a framework and guideline of what is possible
to do with current in-house data management technology. As the data
pre-treatment approach is very similar for many machine learning models,
the study will also act as a foundation for future implementations of machine
learning algorithms in the steel industry. Furthermore, the study also aims
to give an overview of previous studies that used ANN to model various
steel-plant processes.
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2 Background
2.1 The Electric Arc Furnace process
Producing steel using an EAF as the main source of input energy is a
widespread technique. It stood for 29% of the total crude steel production
worldwide in 2011[8] and almost 32% of the Swedish steel production in 2014
[9].

The EAF process tap-to-tap time is often less than an hour and the amount
of steel melted in each charge commonly ranges from around 100 to 300
metric tonnes [10] [11]. As the theoretical energy required to melt steel scrap
is about 380kWh/metric tonne[12], the electric energy output during the
melting cycle is very intense. However, a substantial amount of the energy
input is chemical, which is released from carbon combustion. The carbon
comes from various sources such as recycled carbonaceous materials, natural
gas and the steel scrap. The combustion is often triggered from oxygen
lancing into the melt or achieved directly through burning with natural gas
[8].

The injection of carbon and oxygen into the process also have another
important purpose, which is to initialize the foaming slag process and
increase the foaming slag to a sufficient level. The foaming slag acts to
protect the lining from direct exposure to the electrodes thus reducing the
wear of the lining. Furthermore, the slag also enables arc stability, which
ensures less noise, and thermal insulation. Another important factor for a
good foaming slag is the slag basicity value, which should not be more than
1.5 and the FeO content should be optimized, i.e. neither too high nor too
low [8].

The sources of slag formers in the EAF process are lime, oxides in the
scrap, oxidation products created during the process, ash from carbonaceous
additions, various oxides from the refractory walls, and slag from the
previous tap-to-tap cycle.

2.1.1 Adjacent processes

One of the processes prior to the EAF is the scrap pre-heater. The
scrap pre-heater removes moisture from the scrap which reduces the risk
of explosions during the initial stage of the electric arc furnace process.
Furthermore, the pre-heating also ensures shorter melting times, lower
electrode consumption, and utilization of the heat content in the off-gasses
from the EAF [12].
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The role of the EAF is to ensure that the molten steel is at the right
temperature level when the ladle reaches the subsequent decarburization
step. The target tapping temperature is generally set at approximately
1600◦C for the electric arc furnace [13]. As the decarburization step
decreases the carbon content in the steel by oxidation, the temperature
also increases. This means that there is an important opportunity to save
energy by not overshooting the steel temperature before tapping in the EAF.
However, if the steel temperature during tapping is too low, additional
means to increase the temperature has to be taken in the subsequent
processing steps. This may be more complicated and costly depending on
the setup and procedures in the steel plant. Attaining the right temperature
in the decarburization step is also important for retaining alloying elements
in the steel.

2.1.2 The steelwork of study

The steel plant of study in this thesis is Outokumpu Stainless AB in Avesta,
Sweden. The production output is approximately 5000 charges per year in
the EAF, which is of AC type, and only produces stainless steel[14]. A
difference between producing carbon steel and stainless steel is the difficulty
in creating foaming slag. It is known to be very hard to facilitate foaming
slag in stainless steel production due to high chromium-oxide content and
low iron-oxide content in the slag[15]. As the energy model used in
Outokumpu is of proprietary ownership, it is not possible to state specifically
what it accounts for. However, it can be said that it takes into account
various measurements in the process to calculate various energy inputs and
losses that are related to the steel temperature. Furthermore, temperature
measurements with a robot is also conducted. These measurement is taken
as the true values and will act as the the ultimate benchmark for both the
established energy model and the MLP models.

2.2 Machine Learning
Machine Learning is the field which is concerned with creating computer
programs that automatically improves with experience[16]. This is
done through analyzing data to find important patterns and trends[17].
Examples of applications are computer vision, speech recognition, signal
processing, robotics[18], industrial optimization[1], fraud detection[17],
credit evaluation[19], and finance [20].

To apply machine learning models to a specific domain, it is often important
to have domain-expertise present to evaluate the robustness of the model[21].
After all, most machine learning models used in industrial settings are based
on statistical data. This means that it is created to predict similar patterns
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as it has been trained for. An example related to the steel industry could
be the training of a model to predict the ductility of a certain steel goods.
If the outliers in the data are omitted, e.g. steel goods with unusually high
sulphur content, the consequences of implementing such a model could be
fatal due to the model’s unawareness of features that are scientifically proven
to cause brittleness in steel. Another aspect is the large amount of training
data needed to ensure that the model can correctly predict outliers, which
always occur infrequently. Therefore, the domain-expert takes the role of
ensuring that the input data is complete and relevant for the task, and that
the outliers are checked separately by the domain-expert if needed[22].

Machine learning algorithms and techniques can be broadly classified
into three categories: Supervised learning, unsupervised learning, and
reinforcement learning [23]. Each category is described briefly in the
following subsections.

2.2.1 Supervised Learning

The supervised learning models are seen as supervised because each instance
of input data during training has a known output data point. This means
that the correct value is known to the model which makes it possible for it to
learn, which is also called training. The ultimate goal during training is to
make the model generalize, i.e. to make it correctly map freshly introduced
input data to their respective correct output values [18]. To evaluate the
performance of a machine learning model during training, it is common to
divide the data sets into training and validation sets [18]. There is a lot
of different techniques to undertake but the general idea is to evaluate the
sensitivity of the model with regards to the sampling of the training data.
Lastly, never before seen data, also known as test data, is introduced to
the model. The prediction ratio on the test data is considered the proof of
performance for the machine learning model.

Supervised learning models can be further categorized by taking into account
two different types of preferred output spaces. These are classification and
regression. In classification, the input data are mapped onto a discrete
output space, which consists of an arbitrary number of unique classes. The
class values can be numerical or labeled as a descriptive text, which of course
has to be translated into numerical values in order for the model to be able
to use the data. A simple example is the classification of hand-written
digits. The goal of the classifier is to classify each image of hand-written
digits to one and only one digit from 0-9. The input space could be 80
variables, corresponding to an image of 8x10 pixels. Each variable indicates
the grey-scale value of each pixel. The output variables adopt one of the
digits from 0-9. Regression, on the other hand, is used when the output
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space of interest is continuous, which could be temperature that can adopt
values in the range 100-240◦C[18].

2.2.2 Unsupervised Learning

Unsupervised learning differs from the other categories in the sense that
the input data does not have corresponding labeled output data. One
of the applications of unsupervised learning algorithms is thus to reveal
patterns and hidden structures in the data, a process which is known as
clustering. One problem with data is that it is often high-dimensional.
Furthermore, unsupervised learning algorithms can facilitate visualization
on high-dimensional data by projecting the data down to two or three
dimensional space[18].

2.2.3 Reinforcement Learning

Reinforcement learning differs from both supervised and unsupervised
learning in the sense that the models are not given optimal output data
for corresponding input data. Instead, the models are forced to find the
optimal output by trial-and-error. To facilitate improvement of the model,
certain reward techniques are implemented to encourage solutions that gives
more wanted results and to penalize solutions that gives unwanted results.
The challenge in the reinforcement learning paradigm is thus to find a
balance between exploration, which is finding more optimal solutions, and
exploitation, which is holding on to existing solutions yielding satisfactory
rewards[18].

2.2.4 The curse of dimensionality

As the number of variables in a data set increases, so does the number
of dimensions. When the number of dimensions increases, the available
volume in hyperspace also increases. The phenomenon is best illustrated
with the following example; Consider dividing a line into 4 regions, each
representing the shared properties of all points in that region. Augmenting
the example into two dimensions would make the surface divided into 16
regions. Similarly, for three dimensions, the volume would be divided into 64
regions. For an arbitrary classification case with C classes and N dimensions,
the number of regions is CN .

The problem regarding data of high dimensions is clear; the number of
unique regions for the data to fill grows exponentially with the number
of dimensions. Put differently, the data gets very separated in larger
dimensions. In a machine learning setting this means that the amount of
training data needed to fill all these unique spaces also grow exponentially,
an amount that is not always readily available [18]. One approach
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to combat the curse of dimensionality is by undertaking dimensionality
reduction techniques. These methods represent high-dimensional data in
lower dimensions while still keeping the properties that the data represent
unharmed. This means that it is possible to simplify the machine learning
problem by still preserving the most important characteristics of the data.
In the ideal case, the number of dimensions after the reduction should be
equal to the intrinsic dimension of the data, which is the minimum number
of variables needed for the data to represent all observed properties[24].

2.2.5 Overfitting and underfitting models
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Figure 1: (a) Linear regression. (b) Linear regression with additional data points. (c) Polynomial
regression. (d) Polynomial regression with additional data points.

Model overfitting occurs when the model captures the noise and variance in
the data which it is trained upon. In simple terms, the model gets so used to
the training data that it cannot infer new data correctly that has different
values because of noise and variance. Therefore, the goal of making the
machine model generalize on new data will fail. A very basic example of this
is the problem of fitting a curve to a set of data-points. If one uses a 6th-order
polynomial to fit 7 points, the curve will go through all points and thus
produce zero training error. See Figure 1c. However, if new data is revealed,
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the model will fail to generalize on new data due to the models large variance.
See Figure 1d. On the other hand, if a regression line is used, the problem
of underfitting will occur. See Figure 1a-b. The model will thus have low
variance but large bias instead. This is also called the bias-variance trade-off,
which can be proved mathematically through statistical fundamentals. One
can also interpret the overfitting and underfitting to be the cause of model
complexity. The 6th-order polynomial would in context be a very complex
model compared to the regression line. Therefore, the goal is always to find
the optimal model complexity so that the mutual bias-variance relation is
as low as possible[25].

2.3 Artificial Neural Networks (ANN)
The amount of different neural network types is almost a non-exhaustive list.
In this chapter, the most relevant neural networks in steel-plant applications
will be thoroughly explained. Some other neural network types will be
explained briefly. Furthermore, only supervised variants of neural networks
will considered.

2.3.1 The computing units of neural networks

Artificial Neural Networks resembles the neural complexity of a biological
brain by consisting of an arbitrary number of nodes, each representing a
biological neuron. Each node has an arbitrary number of input and output
data-streams, both of which connects the node to other nodes in the neural
network. The data-streams can be seen as the neural fibers of the neural
network. Every node contains one activation function that calculates a new
value to be sent to adjacent neurons. This is equivalent to the electric
transmission of its biological counterpart[26]. Furthermore, the node also
contains an integration function that transforms the number of input values
into a single value. This value is then fed into the activation function.

Common activation functions are the hyperbolic tangent(tanh) function and
the logistic sigmoid shown in Equation 2 and Equation 1, respectively. The
value of the constant c in the sigmoid function decides the steepness. When
c → ∞, the sigmoid function becomes a step-function. A commonly used
integration function is shown in Equation 3, which uses a weighted sum of
the input values. The weight wi decides how much of input value xi should
be considered. θ is the bias value of the node and ultimately decides where
the maximum steepness is located on the activation function. Hence, it is
possible to alter the learning behavior of the neural network.

a(x) = tanh(x) =
e2x − 1

e2x + 1
(1)
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s(x) =
1

1 + e−cx
(2)

I(x̂) =

n∑
i=1

wixi − θ (3)

In the following subchapters, some supervised neural network models will
be described.

2.3.2 Feedforward neural networks

Feedforward neural networks processes signals unidirectional throughout the
network from the input layer to the output layer. See Figure 2. This means
that the activation signals, in each training iteration, will always progress
forward and never revisit nodes that they have encountered before[27]
Furthermore, by using feedforward neural networks it is assumed that all
input data instances are independent of one another, i.e. that each training
data-point is treated independently of other training data-points. This is
considered an assumption because the current steel batch is affected by the
mass and temperature of left-over steel from the previous batch.

In the following paragraphs, three feedforward neural networks will be
described. These are the Single-layer perceptron (SLP), Multi-layer
perceptron (MLP), and Extreme learning machine (ELM).

• SLP consists of only one input layer and one output layer. Graphically,
the hidden layer in Figure 2 is omitted which makes the perceptron
only able to learn linear problems. However, the SLP is relevant
because it is the building-block for MLP due to their similar structure.
Learning with SLP consists of assigning random weights to the input
nodes and then iterate towards a solution by changing the values of
the weights [28]. The weight-updates, as always, aims to reduce the
error of the predictions.

• MLP consists of one or more hidden layers between the input and
output layers. Figure 2 represents a MLP with one hidden layer.
Hence, the MLP is able to learn non-linear problems[28]. However, the
complexity of the model also means that the weight-update procedure
gets more complicated. An effective weight-update technique is called
the back-propagation algorithm. It will be explained thoroughly in
Section 2.3.3.
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Figure 2: MLP with one hidden layer.

• ELM is a type of learning scheme for a single hidden layer feedforward
network (SLFN). The ELM approach randomly assigns weight and
bias values to the input and hidden nodes. Then it analytically
determines the output weights by using the least square method.
This means that the process is completed through one iteration
which can make the learning procedure a lot faster than the
back-propagation algorithm[29]. The ELM approach has better
generalization performance and tend to not overfit or get stuck in local
minima, both of which is common issues with the back-propagation
algorithm[30].

2.3.3 The back-propagation algorithm

The back-propagation algorithm enables the MLP to update all its weights
with the condition of minimizing the output error. A commonly defined
error function is the sum of squared errors shown in Equation 4.

E =
1

2

n∑
i=1

||pi − ti||2 (4)

where pi is the predicted output value and ti is the target output value of
the training set instance i.

Because the error function, E, is dependent on a complex series of activation
functions, the derivation procedure can be found by the chain rules of
differential calculus. This holds only if the activation functions are
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continuous and differentiable. By computing the gradient in Equation 5
for all weights, l, in the network, it is possible to find a minimum of the
error function by enabling ∇E = 0[26].

∇E = (
∂E

∂w1
,
∂E

∂w2
, ...,

∂E

∂wl
) (5)

Each weight, wi, is then updated using the increment shown in Equation 6.

∆wi = −γ
∂E

∂wi
(6)

The constant, γ, is the learning rate which decides the step length towards
the minimum for each iteration. By adjusting the learning rate constant it is
possible to decide how fast the network should converge towards a solution,
i.e. an error minimum. If the error-space is very unsmooth, a small learning
rate constant is beneficial over a large learning constant[26].

The formulation of the back-propagation algorithm for an MLP is presented
below[26]..

1. Feed-forward computation: An input vector xi with an arbitrary
number of values(dimensions) is presented to the input layer. The
activation function and its derivatives, with respect to each input
value, are evaluated at each input layer node and at each of the
following nodes in the hidden layers. The derivatives and output
values of each node are stored. The derivatives and output values
enables the network to correctly calculate the weight changes in the
back-propagation step.

2. Back-propagation to the output layer: The back-propagation is
initiated by sending the constant 1 to the output nodes. A
multiplication by unity does not manipulate the derivative values in
the first back-propagation calculation step. The network is then run
backwards using the stored derivatives in the output nodes. This
procedure is done for each output node and each node, j, calculates a
backpropagated error value, δj .

3. Back-propagation to the hidden layers: Each hidden node in the
current layer is connected to nodes both in the successor layer and
in the predecessor layer. See Figure 3.
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Figure 3: Feed-forward and back-propagation illustration. The outgoing edges of the predecessor
node and the ingoing edges of the successor node has been omitted for better illustration. Same
goes for the current node.

Here, s denotes the successor node, c denotes the current node,
and p denotes the predecessor node. The backpropagated error for
each hidden layer must be computed taking into account all the
backpropagated error values from the successor nodes, δs. Hence, for
current node c, the backpropagated error is calculated as

δc = oc(1− oc)

S∑
s=1

wcsδs (7)

where oc is the output value of the current node evaluated in the
feed-forward step. The weight, wcs, is the weight used in the
connection between the successor node, s, and the current node, c.
By using the backpropagated error, δc, the partial derivatives can be
calculated as

∂E

∂wpc
= δcop (8)

where op is the input value received from the predecessor node, p,
which is also the output value of the same predecessor node.

4. Weight updates: After the backpropagated error values have been
calculated for all the nodes, the weights are updated in the negative
gradient direction.

wi+1
pc = wi

pc − γδcop (9)

It is important that the weights are updated after all backpropagated
error values has been calculated. Otherwise, the weight updates does
not follow the gradient direction of the current iteration.
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5. Stopping criterion: When the difference between the previous and the
current error value is smaller than some pre-specified value.

It is often the case that the network has to be trained using more than
one training data point (a.k.a pattern). Two strategies will be explained
on how to update the weights properly when more than one training data
point is available. The first strategy is called on-line training in which
the weight updates are performed after presenting each training data point
to the network. With increasing number of training data, the number of
combinations of these increases rapidly. Therefore, the training data points
are presented randomly to the network. The thought behind this is that
the gradient direction of the error function will, on average, find the correct
path to the minimum. The second strategy is called batch or off-line training.
In this case, each training data point is presented to the network and the
corresponding increments of the weight updates are calculated. After all
training data points has been presented, weighted sums of the weight update
increments are calculated. Each weight is then updated using Equation 9. A
motivation behind using on-line training is that the computational workload
is a lot less than for off-line training[26].

Equation 9 describes the update expression for the standard
back-propagation algorithm. Simple modifications to the standard
back-propagation algorithm can increase the convergence, i.e. learning,
speed of the network considerably. One such modification is to add a
momentum term to Equation 9. The modified weight update expression is
shown in Equation 10.

wi+1
pc = wi

pc − γδcop + αwi
pc (10)

α is the momentum term constant and decides how much the previous weight
value affect the current weight update. The addition of the momentum term
enables less oscillation in areas where the gradient values are similar in many
directions. Hence, the convergence speed can be increased[26]. It is also
possible to add a constant to Equation 10. This constant is called flat spot
elimination value and enables the back-propagation algorithm to get out of
plateaus in error space, which are areas where the gradient values is very
small in all directions[27].

Even though the back-propagation algorithm and its modifications are
widely implemented for solving neural network convergence problems, it
still suffers from two major shortcomings. The first is slow convergence
to minimum points. The second is convergence to local minima [31]. The
convergence to local minima can be seen as the worst because the ambition
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of any machine learning model is for it find the best solution to the given
problem.

2.3.4 Radial basis function neural networks (RBFNN)

The major difference between RBFNN and other types of neural networks
is that it uses radial basis functions (RBF) as activation functions in the
hidden layer. Due to the non-linear approximation properties of radial basis
functions, the RBFNN are able to model complex mappings. This means
that the RBFNN only needs one hidden layer to model complex problems
as opposed to the MLP that needs multiple intermediary layers. Hence,
the RBFNN consists of one input layer and one output layer. There is
an extensive amount of learning algorithms for training RBFNN, one of
those being the back-propagation algorithm. RBFNN has proved effective
in solving tasks in a wide range of fields such as telecommunications, signal
and image processing, and computer vision [32].

2.3.5 Recurrent neural networks

In a recurrent neural network (RNN), the nodes are connected in a way that
makes the system recurrent, i.e. network activations are able to travel to the
same node during one iteration. This is the major difference compared to
the feedforward neural network in which the activations flows unidirectional
from the input nodes to output nodes. This behavior enables RNN to treat
sequential data, which is data that has input data points dependent of each
other rather than independent. Thus, the main uses for recurrent neural
networks are in natural language processing, speech recognition, and in
describing images [33].

2.3.6 Overfitting and underfitting neural networks

In the context of Artificial Neural Networks(ANN), the issue of overfitting
occurs the network either have too many nodes and layers in the network or
when you present the data to the network too many times[35]. However, one
can easily see when the model starts to overfit by plotting the error of the
test data, i.e. validation set, against the number of times the training data
has been presented to the network. The optimum number of iterations is
the number where the inflection-point of the validation set curve is present.
See Figure 4. This is also known as the early stopping point.

On the contrary, underfitting, in the context of ANN, occurs when there are
too few nodes or layers to accurately map the input-data to its corresponding
output-data[35].
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Figure 4: Illustration of error from training and test sets with increasing number of iterations[34].

2.4 Artificial Neural Networks as a means of temperature
prediction in steel plant processes

2.4.1 Ladle Furnace

One study by Huixin Tian et al used data from 200 ladle furnaces á 300t
each combined with a genetic algorithm to create a neural network with the
back-propagation algorithm. The genetic algorithms ensured that the weight
and bias values, which were used to train the network, were optimized so that
the back-propagation algorithm could find the global optimum effectively.
A momentum factor was added to the weight change equation in order to
prevent the network from falling into a local minimum. These combined
factors ensured that the neural networks was trained in a fast manner while
still achieving satisfying accuracy. The process parameters used was refining
power consumption, initial temperature, ladle state, amount of used argon
gas, weight of molten steel, absorbed and released heat of the alloying
elements and slag, and lastly, the refining time [11]. The neural network
managed to predict the end-point temperature of the refining step with an
accuracy of 85% accuracy within an error margin of ±5◦C [11].

In another research paper, Huixin Tian et al presented an improved version
of the AdaBoost.RT algorithm[2]. The basic Adaboost algorithm uses an
aggregation of models, each of which votes for or against a particular
solution. Each model in the aggregation of models is based upon the
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Table 3: Predictive accuracies of the two ELM models and the BPNN-Generic Algorithm model[2].

Model Accuracy RMSE
(%) ◦C

Ensemble ELM 87.5 3.33
Genetic Algorithm neural network 82.5 4.30
Single ELM 80 5.10

knowledge of the previous models. The prediction by the Adaboost
algorithm is thus a result of an ’election’ where the contribution of each
model is dependent on how well it knows the particular problem[17]. The
idea behind the algorithm is that the collective knowledge of the masses
typically exceeds that of a few experts. Using the Adaboost.RT algorithm,
a set of ELM (called ensemble ELM) was trained. Each subsequent ELM
was updated with an improved threshold value calculated from the previous
ELM. This was done ten times. The ensemble ELM model used seven types
of input values which consisted of electricity consumption during refining,
the initial temperature, the ladle state, the heat effects of additions, the
volume of argon purging, the weight of molten steel, and refining time. The
model used 16 nodes in the hidden layer and one output value, which was
the steel temperature. The single ELM model used the same node-setup
as the ensemble model and both models used data from 200 batches á 300
metric tonnes each [2]. Both of the ELM models was compared with the
previously mentioned neural network with the genetic algorithm model, see
Table 3.

There has also been studies on determining the practical aspect of
incorporating an ELM model to predict the steel temperature. Lv Wu et al
used a forgetting factor to accommodate for the variation of the input data
during the production process. The model proved successful during on-line
testing not only due to the relative low calculation time of 0.002 seconds,
but also due to outperforming SVM (regression type) and back-propagation
neural network predictors [3].

2.4.2 Argon Oxygen Decarburization (AOD) furnace

Hai-tao Ma et al trained an RBFNN using data from 50 production batches.
The input data was the amount and the input temperature of molten steel,
the carbon and silicon content of the molten steel, scrap weight, intensity
of oxygen blowing, lime weight, fluorspar weight, and the measured molten
steel temperature in the furnace. The neural network consisted of 9 input
nodes, 16 hidden nodes, and one output node, which is the predicted
end-point temperature of the steel in the AOD furnace. The trained RBFNN
model achieved 82.4% accuracy with an error of ±12◦C [5].
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2.4.3 Temperature prediction in various subsequent process
sections

Fei He et al combined a mathematical moodel and a BPNN in order to
predict the steel temperature in various subsequent process sections[4]. The
mathematical model, called thermal tracking model, categorized the ladles
using non-numerical variables and was based on the ladle heat status using
factors such as on-line ladle preheating time, cooling time, off-line preheating
time and lining wear. The BPNN was trained on history data from a steel
plant. The reason to combine these models is to get the best out of two
models. On one hand, an analytic mathematical equation cannot accurately
predict a complex non-linear system as the temperature variations in the
different processes of a steel plant. On the other hand, a model based
solely on a numerical ANN will lack the significant impact that ladle heat
status has on the steel temperature prediction [4]. Using these models, an
adjusted steel temperature could be calculated by combining the predicted
steel temperature from the ANN and the compensation temperature from
the ladle heat status. The flow chart of the combined model is presented in
Figure 5.

Figure 5: The flow chart of the combined model (forward and backward prediction model) [4].

This model was then used to train a forward prediction models and
a backward prediction model, each consisting of five sub-models. The
flowchart of the models are shown in Figure 6 and Figure 7, and the
prediction ratios are shown in Table 4.
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Figure 6: Data flow for the backward prediction model[4].

Figure 7: Data flow for the forward prediction model[4].
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Table 4: Prediction ratios of all sub-models for various error ranges[4].

Error range (◦C) ±5 ±7 ±10 ±15 ±20

BPM-1 70.0% 82.6% 95.7% – –
BPM-2 75.4% 88.3% 97.0% – –
BPM-3 63.9% 81.3% 95.1% – –
BPM-4 – – 73.7% 88.7% 96.1%
BPM-5 – – 71.1% 87.0% 94.6%
FPM-1 – – 72.1% 89.9% 96.8%
FPM-2 – – 69.5% 88.0% 95.4%
FPM-3 64.5% 84.5% 96.9% – –
FPM-4 73.9% 86.0% 95.7% – –
FPM-5 81.3% 93.2% 97.7% – –

The study clearly shows that it is practically possible to use predicted results
from ANN models and use those as input variables to ANNs modelling
subsequent sub-processes. This implies that an integrated neural network
system might be able to predict all relevant process variables continuously
and throughout the steel-plant value chain, thus giving operators improved
ability to take relevant actions.

2.4.4 Applications on the Electric Arc Furnace process
Two studies, by J.M. Mesa et al and J.M.M Fernández et al, created five
different neural network models using selected variables from the EAF
process determined through statistical correlation techniques and other
data preparation tasks[6][7]. The variables was from measurements of
temperature, oxygen and carbon content in the scrap, types and weights
of slag, continuous sampling of various process variables, input data and
endpoint values of the process. The first model used only the variables
from the Köhle model and the subsequent models were improved by adding
more data types. More specifically, the second model added data from
melting time, empty-handed time, electric power consumption and amount
of injected oxygen during the refining phase, and the ratio of injected
oxygen and carbon. The third model added data on slag quantities,
limestone and dolomite. The fourth model added sound and vibration
data from the EAF. The last model used a neural-fuzzy model to more
accurately predict the endpoint temperature. The neural-fuzzy model had
the predicted temperature as a continuous value but enhanced the prediction
by categorizing the predicted temperature into four different classes[6]. The
prediction accuracies of the models are presented in Table 5.
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Table 5: Prediction ratio of the test data for the models compared with the prediction ratio of
the Köhle model[6].

Absolute error Köhle Model Model 1 Model 2 Model 3 Model4 Model5
(◦C) (%) (%) (%) (%) (%) (%)

5 8 16 25 26 26 26
10 14 34 34 46 47 47
15 20 50 50 64 66 66
20 23 63 62 77 79 80
25 27 73 76 84 87 89

Data points 2992 2992 1928 1840 1788 1788

It is clearly seen that the ANN approach improved the prediction accuracy
by a factor of over 2.5 for an absolute error of 25◦C compared with the
analytic Köhle model, both using the same data. This is of huge importance
regarding the potential of modeling complex industrial processes using the
ANN approach. The simplicity stands for itself because the only thing
needed to improve the accuracy was to use a machine learning model instead
of an analytic model. Another important aspect of the models presented in
Table 5 is the possibility to improve the neural network model by adding
more data types. In fact, by considering the sound emissions from the
EAF, the accuracy could be improved by 3 percentages for an absolute
error of 25◦C[6]. Though the sound frequencies’ dependency on the process
state is one possibility of improving accuracy, one could further extend the
neural network models to also include variables from novel techniques such
as optical measurements[36].
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3 Method and practice
3.1 Data-pipeline overview
An overview of the data preparation and the first model screening process is
presented in Figure 8. In short and greatly simplified, the data-pipeline does
the following. First, it gathers data, calculates input variables, and splits
the data into training and validation sets. Secondly, it trains the model on
the training data and then evaluates using the validation set. This is done
50 times in order to create a statistically valid representation. Lastly, it
saves the model performance results for subsequent evaluation. Details on
all steps in the data-pipeline is presented in the following subsections.
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Figure 8: Flow-chart for the data preparation and evaluation of the all models, each with unique
tuning parameters.
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3.2 Data preparation
3.2.1 Model variables
Input data was categorized into three different batches. The first batch
consists of corresponding input variables that were used by J.M.M.
Fernández et al and is shown in Table 6 [7]. The variables were scaled and
assigned appropriate physical units according to the data that was provided
by Outokumpu. However, some of the variables used by J.M.M Fernández et
al could not be interpreted from the data provided by Outokumpu Stainless
AB. For example, hot briquetted iron (HBI) is not used by Outokumpu
in the electric arc furnace process. In addition, the idle time could not
be interpreted in a consistent way using the logged events provided by
Outokumpu. Furthermore, the mean amplitudes of sound in the frequency
ranges 2116-2248 Hz and 10252-10436 Hz is not currently available. J.M.M
Fernández et al also introduces a variable called ’Injected oxygen and carbon
rate’ without specifying what it intends to describe or what process data it
uses.

Table 6: Input variables inferred from J.M.M. Fernández et al [7].
Variable Unit Description
Total time (s) The interval from when the electrodes

gets powered on to when tapping is
conducted.

Melting time (s) The interval from when the electrodes
gets powered on to when refining
starts.

Refining time (s) The interval from when refining starts
to when tapping starts.

Scrap weight (kg) The sum of mass from raw materials
not being pure alloying elements, slag,
carbides, lime, or dolomite.

Lime weight (kg) The sum of added dolomite mass.
Dolomite weight (kg) The sum of added dolomite mass.
Total injected oxygen (Nm3) Total accumulated volume of injected

oxygen.
Injected oxygen at refining (Nm3) Total accumulated volume of injected

oxygen during refining.
Total injected carbon (kg) Total accumulated mass of carbon

injected through lance.
Total electric energy (MW) Total electric energy input from the

electrodes.
Electric energy during refining (MW) Electric energy input during refining.
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Lastly, all variables provided by J.M.M. Fernández et al do not have
corresponding physical units or a clear description what they intend to
describe. To work around this issue, an interpretation of what the variables
could intend to describe was conducted. The details about each variable
can be seen in the corresponding ’description’ column in Table 6.

The second batch of variables consisted of additional static energy variables
and are listed in Table 7. The variables are calculated by Outokumpu’s
proprietary energy model and retrieved from the database for use in this
project. The variables were chosen because the energy model is used to
continuously predict the steel temperature in the EAF and can thus be used
to potentially improve the machine learning model.

Table 7: Additional static energy variables [37].
Variable Unit Description
O2-energy (kWh) Calculated energy gain by forming of

different types of slag and gases.
Cooling-water energy (kWh) Calculated energy loss through the

cooling water.
Energy from electrical losses (kWh) Calculated energy loss from the EAF

electrical system.
Energy from the pre-heater (kWh) Calculated energy absorbed by the

scrap in the pre-heater.
Effective energy (kWh) Calculated net energy in the steel

based on a number of separately
calculated energy gains and energy
losses.

Off-gas energy (kWh) Calculated energy loss through
off-gases.

Lime energy (kWh) Calculated energy loss through
addition of lime.
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The third batch of variables consisted of time interval variables which are
described in Table 8. These variables were added to see if the input of
electrical energy, carbon, and oxygen, in the latter stages of the process
improves the accuracy of model, i.e. increases the accuracy predicting the
end-point temperature. The variable for the amount of injected oxygen 2
minutes before tapping, and the two variables for the amount of carbon
added 2 and 5 minutes before tapping was excluded. This was because the
variables could not be interpreted by the PCA as they contained too many
zero values.

Table 8: Time interval variables before tapping.
Variable Unit Description
Electric energy at temperature
measurement

(MW) Total amount of electric energy
added to the system at the time of
temperature measurement with robot.

Electric energy 2, 5, 10, and 15
minutes before tapping

(MW) Electric energy input from 2,5, 10 and
15 minutes before tapping.

Injected oxygen 5, 10, and 15
minutes before tapping

(Nm3) Injected oxygen from the time
intervals 5, 10, and 15 minutes before
tapping.

Injected carbon 10 and 15
minutes before tapping

(kg) Injected carbon from the time interval
10 and 15 minutes before tapping.

When creating the different neural network models, the data was composed
into three different input-data batches. The first batch consisted of all the
variables in Table 6, the second consisted of the variables in both Table
6 and Table 7. The third batch consisted of the variables in Table 6, 7,
and 8. The total number of input-data points used in the models was 439
which was split into 351 training data points and 88 test data points. The
439 data-points was calculated using raw-data from Outokumpu’s database
between early June and early August 2015. Thus, it is important to consider
the fact that the process behavior may change from month to month. This
is not only because of seasonal climate changes such as average humidity
increases in the autumn or below zero centigrade temperature levels in
the winter, but also because scrap characteristics change depending on
deliveries[38]. Researchers in the field of ANN has also demonstrated that
seasonal variations in data has significant impact on the performance on
neural networks. It is possible to get rid of this problem by using time-series
analysis [39]. However, time-series analysis is an approach that will not be
conducted in this study. The method of evaluating the possible effect of the
process changes is discussed in Section 3.2.5.
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3.2.2 Elimination of outliers

A rough procedure of eliminating outliers was conducted. The specific
procedure was not based on any sources other than knowing that it is of
importance for attaining good model accuracy. Because of this, outliers was
removed in order of which data points seemed realistic. This was mainly
done for input variables that appeared to have very extreme values. The
list below presents the outlier removal process based on values of the input
variables.

• The total time of the process should be between 30-120 minutes

• Total input weight should be between 30-150 metric tonnes

• Total electrical energy input during refining should be 150000 kWh at
maximum.

• Removed those batches that had temperature differences over 50◦C
between first and last measurement.

3.2.3 Normalization

Normalization was conducted on each variable in order to both enable
principal component analysis (PCA), which is sensitive to the relative scaling
of the data it transforms[40], and enable the artificial neural network model
to predict each input data consistently. It is known that non-normalized
data will bias the updates of the network due to the values, on average,
are far away from zero. This will slow down learning as the bias will favor
specific directions in the search for the global minimum in error space[41].

The normalizing method used is a type of Gaussian normalization except
for that the mean value has been replaced by the median and that the
denominator is the difference between the third and first quantile of the
data instead of the standard deviation of the data. The median, as opposed
to the mean, is more robust towards data that contains unusually large
or small values, i.e. extreme values, relative to the overall data[42]. The
difference between the first and the third quantile is also more robust towards
extreme values compared to the standard deviation[42]. The equations for
the standard normalization equation and the one used for normalizing the
data in this project are shown in Equation 11 and 12, respectively.

xnorm =
x− µ

σ
(11)

xrobust =
x− xmedian

Q3−Q1
(12)
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xmedian is the median of all values in x, µ is the mean of all values in x, σ is
the standard deviation of x, and Q1 and Q3 are the first and third quantiles
of x, respectively.

The normalization values for the 351 training data-points is used for all
subsequent data-normalizations. This means that the training data is taken
as representative of the complete sample space. It is possible to calculate
new normalization parameters for each new data-batch but the consistency
of the model evaluation would be lost. One can see it as a reference that
has to be maintained in order to statistically evaluate the model.

3.2.4 Principal Component Analysis (PCA)

To combat the threat of the curse of dimensionality and to reduce the
complexity of the model to be created, a relevant transformation has
to be conducted. The transformation chosen was PCA, which is an
invertible linear transformation, motivated by a study by Y.LeCun et al[41].
The PCA finds the rotation that minimizes the correlations between the
variables, i.e. maximizing the non-correlation, by creating eigenvectors
called principal components [19]. As eigenvectors are perpendicular per
definition, non-correlation follows. Intuitively, if two or more variables are
correlated, one does not need to include all of the variables to describe
a certain phenomena. The strength of the principal component analysis
is that it gives the minimum number of variables while still keeping the
properties of the data similar. The similarity is given by the cumulative
variance, i.e.how much each principal component contributes to the variance
of the original data set. By setting an upper bound for the cumulative
variance, one can decide how many principal components is enough to
represent the data. For the data used in this project, the upper bound
was set to 92%. As the upper bound is set as a specific value, the
principal component exceeding the upper bound will be cut off. For this
reason, the cumulative variance for the three data batches was 88.7%,
91.4% and 91.7%, respectively, corresponding to 5, 10, and 12 principal
components. Details about the three data-batches is seen in Table 9.
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Table 9: Variable batches used for creating the models.

Batch name Number
of original
variables

Number of
principal
components

Percent of
cumulative
variance

Article variables 12 5 88.7
Static energy variables 19 10 91.4
Static energy and time
variables

29 12 91.7

For the same reason as with the normalization parameters, the PCA rotation
matrix was calculated using the 351 training data-points. In fact, PCA needs
normalized parameters to function properly[19].

3.2.5 Cross-validation

Cross-validation was introduced as a method to evaluate the differences in
prediction error depending on which subset of the training data was used
during training. This is related to how well the model performs on an
unseen data-set and thus also related to model overfitting, which occurs
when the model gets too familiar with the training data. Recall Section
2.2.5. Statistically, if all data points in the training data set comes from
the same distribution and if the data set is large enough, the sampling of
the training set will not influence the prediction error. However, as the
training data consists of around 351 data-points which comes from different
production months, a cross-validation is a wise investigation method for
this problem. The cross-validation conducted was of 5-fold type which
means that the training data was divided into 5 parts, so called folds.
The training session was then conducted on 4 out of 5 of these folds
and validated, i.e. tested, using the last fold. This process was repeated
5 times to account for all the combinations of training and validation
sets, see Figure 9 . The performance of the model was finally evaluated
by taking the average of the prediction errors for the five models [17].
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Figure 9: 5-fold Cross-validation. The orange folds are the test-data and the blue folds are the
training data.

The cross-validation was repeated 10 times using the same five folds for all
repeats. The prediction error for the total of 50 models was evaluated for
each iteration using the minimum and mean values of the prediction error
spread. This procedure was done to more precisely evaluate the variance of
each model as more data-points corresponds to a more statistically certain
evaluation.

3.2.6 Bootstrapping

The model created by J.M.M. Fernández et al was trained with between
1788-2992 unique input-data points[7] as compared to 280, e g 80% of
351, unique data-points for training the models in this project. 280 unique
data-points is considered low in contrast to the number of input variables.
This is because the number of points will not enable the neural network to
capture enough of the relevant properties of the data. Therefore, a technique
called bootstrapping was conducted to increase the number of input-data
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points. In bootstrapping, new training data is created by sampling, with
replacement, from the original training data. Sampling with replacement
means that after each new sampled data point, the sampled data point is
not removed from the available data points to sample from[17]. Thus, one
is able to increase the number of total training samples only by making the
assumption that subsequent observations have the same bias and variance
as the current training set. The number of samples after the bootstrapping
was 2800, thus increasing the sample size by a factor 10. It is important
to point out that the newly created samples are based on the assumption
that the following 2520 heats from the EAF will have the same outcome
on sample space. This is an assumption that goes against the fact that the
process behavior changes. See section 3.2.1.

3.3 Model building and evaluation of parameters
3.3.1 The SNNS multi-layer perceptron

The MLP machine learning model used in this project is available from
the Stuttgart Neural Network Simulator (SNNS). An important remark
is that the bias value at each node is not introduced by a separate
’off-network’-node, a method which is common in other neural network
simulators. The SNNS has the bias value incorporated in the nodes of the
network and determines the location of the steepest area in the activation
function, i.e. where the highest derivative is located. The SNNS also updates
the bias of the node like the weights during the training phase [27]. The
available tuning parameters of the SNNS MLP is presented in Table 10.

Table 10: Model specific parameters available for tuning in the SNNS Multi-layer
perceptron[27][43].

Name Abbreviation Explanation
Input training
data

x Takes the input data as a matrix
where the column are variables and
the rows are data points of the
training data.

Output training
data

y Takes the output data as a vector
which is used as a comparison to the
output values of the network, i.e. the
predicted values.

Network topology size Takes integers as input values. Each
integer indicates the number of hidden
nodes in the corresponding layer.
The number of integers indicates the
number of hidden layers.
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Table 10: (Continued)

Name Abbreviation Explanation
Maximum number
of iterations

maxit Sets the maximum number of
iterations before the training phase
is over. In each iteration, all of
the input-data is presented to the
network.

Initiation function initFunc Sets the initial parameters of the
system. For example, what values the
initial weights of all the nodes should
have.

Parameters for the
initiation function

initFuncParams Gives the ability to further tune the
initiation function with assigning
parameters that gives certain
properties of the initiation function.

Learning function learnFunc Gives the type of learning function to
use for updating the weights in the
neural network.

Parameters for the
learning function

learnFuncParams Enables further tuning of the learning
function by assigning values to its
parameters.

Update method updateFunc Decides in which order to update the
nodes in the network.

Activation
function in the
hidden layers

hiddenActFunc Enables the choice of activation
functions for the hidden layers.

Shuffle the data shuffleParams Decides whether or not to randomly
shuffle the input-data.

Output function linOut Decides if the output value should
be evaluated in regression or in
classification.

Pruning function pruneFunc Decides in what manner the network
should be pruned. Pruning is a
method of reducing the network
complexity while improving or
keeping the same performance.

Parameters for the
pruning function

pruneFuncParams Enables the choice of parameters for
the chosen pruning function.

Input test-data inputsTest Similar to ’Input training data’ but
is used for testing the model. It is
essentially the validation set during
the training phase.
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Table 10: (Continued)

Name Abbreviation Explanation
Output test-data targetsTest Similar to ’Output training data’

but is a separate data-set that is
used together with input test-data to
calculate the test error of the neural
network.

The equations for calculating the iterative training and test error of the
SNNS MLP are not stated explicitly. The documentation of the neural
network states that the iterative error is the sum of squared errors (SSE)
of all patterns, i.e. all input points presented to the network. However, if
the SSE is calculated on the test set, i.e. validation set in this case, then
the error value is weighted to take into account the different patterns in the
sets. This means that the algorithm takes into account both the training
and test errors when calculating the iterative test error values [43].

3.3.2 Tuning parameters used for model evaluation

To limit the scope of the investigation of optimal tuning parameters of the
multi-layer perceptron, some of the available tuning parameters were always
fixed. The fixed parameters are presented and explained in the list below.

• J.M. Mesa et al used their MLP neural network both as a classifier
and a regressor. For this investigation, the output function was set to
regression type. The decision was made based on the results from the
investigation done by J.M. Mesa et al where the classification neural
network combined with a subsequent fuzzy logic algorithm performed
only 2 percentages better [6].

• The maximum number of iterations was set to 10000 which is valid
due to that the iterative training and test error are calculated for each
iteration. Hence, it is possible to see at which iteration interval it is
most likely that the model will start to overfit. Recall section 2.2.5.

• The update method chosen was in topological order which means that
the activations of the network are calculated in the order; input layer,
hidden layers, and output layer [27].

• The chosen initiation function is called randomized weights which
assigns random values from a predefined interval, [−x, x], to the bias
and the weights of each node [27].

• Shuffling of the data was done for all models. This is irrelevant in our
case as the SNNS MLP uses batch learning, i.e. presents all input data
in one go [41] [27].
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• Network pruning was not used in any model.

• The training data and test data was always according to the
cross-validation mentioned in section 3.2.5.

• The learning function used is called ’BackpropMomentum’ which is
a modification of the standard backpropagation algorithm in that it
uses learning rate, momentum, flat spot elimination, and max ignored
error. This should enable the backpropagation algorithm to easier find
the global minimum, i.e. to find the optimum values of the weights
to minimize the prediction error. See Section 2.3.3 for more details.
The max ignored error was set to zero for all the models created which
means that the model will not tolerate a difference between predicted
values and their corresponding output values. Setting non-zero value
would reduce the risk of overfitting the model. However, as the
iterative test error will be plotted, the optimum number of iterations
will be seen from the error curve. This is the reason behind setting
the max ignored error value to zero.

The choice of tuning parameters for neural networks using back-propagation
is not at all straightforward and is heavily dependent on data and the
problem setting[41]. The tuned parameters are presented in the list below
with an explanation to why they were chosen.

• The input values to the randomized weights initiation function was
chosen in the intervals [-0.1, 0.1], [-0.3, 0.3], [-0.7, 0.7], and [-1.1, 1.1].
The second interval was interpreted from the article by J.M. Mesa et
al. It is known that very small weight values inhibit learning as the
activated value will be too small to initialize activation in subsequent
nodes. However, very large values can also inhibit learning as the
nodes quickly become saturated, thus getting stuck at plateaus in
error space [26]. Furthermore, empirical studies have been made to
find optimal intervals for initial weight values. The main problem is
that these investigations are using a limited number of examples as
proof . However, the results do indicate that there is not a single
interval that is best but rather a range of intervals that could make
the network converge to a optimum in error space [26]. To enable
optimum performance, the weights for each node should be randomly
drawn from a distribution, for example an uniform distribution, with
mean zero and standard deviation of the square root of the number
of input values to each node [41]. As the input values to the hidden
nodes vary, value assignments to weights has to be done for each node
separately. This is not possible using the chosen initiation function.
Based on these sources, the other three random weights intervals were
chosen.
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• The network topology can be made very complex. However, if a neural
network has too many hidden layers and nodes, the model will most
likely overfit the data. On the other hand, if the neural network has
too few nodes, the model may not be able to catch all the important
aspects of the data which will make the model underfit [44]. For
the model evaluation, three different network topologies were used.
J.M. Mesa et al used the Hecht-Kolmogorov rule which states that the
number of nodes in the single hidden layer should be 2n + 1 where n
is the number of input nodes [6]. While the rule has worked for the
specific data set in the article by J.M. Mesa, the rule is mainly for a
specific class of activation functions and not for any class of activation
functions[45]. As the neural network in this study used the logistic
activation function, just as J.M. Mesa et al, one of the topologies
also used the Hecht-Kolmogorov rule. This topology is called Hecht.
The second hidden layer topology, called LogT, used log2 of the total
number of training data as the number of hidden layer nodes [46]. The
third hidden layer topology, called Duo, used a number corresponding
to 1/2 of the input nodes in the first layer and 1/4 of the number of
input nodes in the second. This topology was not chosen based on a
specific reference but rather chosen to investigate if two hidden layers
can provide better performance of the neural network for the data
used.

• Two activation function were chosen for investigation. The first is the
logistic sigmoid function, used by J.M. Mesa et al, and the second is
the tanh function. The tanh function often converges faster [41], but
the main reason why it was chosen was because the logistic activation
function tended to give just several unique temperature values rather
than a continuous distribution.

• The momentum values chosen were 0.0, 0.5, and 0.8. The momentum
value of 0.5 was interpreted from J.M. Mesa et al while the other values
were chosen based on the SNNS manual, which recommends values
between 0-0.99 [27]. The main point was to see if the momentum
value plays a significant role in finding the global minimum in error
space.

• Learning rates of 0.2, interpreted from J.M. Mesa et al, 0.7, and 1.5,
were chosen. While it is recommended to have adaptive learning rates,
i.e. that each weight has its own learning rate, it is not possible using
the chosen learning function. The learning rates of 0.7 and 1.5, taken
from the interval recommended by the SNNS Manual, were chosen to
investigate if an increased learning rates can increase the convergence
to the global minimum of the error space.
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• Flat spot elimination values were chosen as 0.0 and 0.1 to investigate
if the neural network can easier converge to the global minimum by
allowing it to jump a 0.1 step in the error space. According to the
SNNS manual, 0.1 is often used [27].

• Lastly, all of the three variable batches will be investigated using the
above tuning parameters.

By combing all variables batches and tuning parameters, one is left with a
total of 1296 models with unique parameters. As mentioned in section 3.2.5,
each model were repeated 50 times thus accounting for a total of 64800
trained model instances. The method used for this large computational
requirement is explained in section 3.4.

3.3.3 Model evaluation

Model evaluation was conducted using the minimum and mean values of the
iterative test error for the 50 repeats of each unique model. Models that
had over 30% non-available (NA) values in the iterative test error results
were omitted completely. It is not stated in the documentation how NA
values are created. However, NA values can be considered as values that
the neural network cannot interpret. Out of the remaining models, the
ones that had at least one iterative test error value below 20 was taken for
further evaluation. Out of these remaining models, 5 was chosen for further
evaluation. The choice was based on two factors. The first was how well
the model was able keep its iterative test error low for a coherent range of
iterations. The second factor was how low the iterative test error value was
for this conglomerate of points. For each of these five models, both the mean
and minimum of the iterative test error plots was evaluated. This was to
investigate their differences with respect to the ’common’ test-error curve in
machine learning model evaluation.

The successive evaluation of the five models was based on their respective
performance using an iteration value in the interval that gave lowest iterative
test error values. To yield a correct statistical performance representation,
100 model instances was created for each of the five models. This was
done for both non-randomized and randomized data-splits on the 439
data-points corresponding to the training and test data. The reason was
to investigate if seasonal variations in the training and test data affects
the model performance as 80% of the data was taken from June and July
and the last 20% was taken from early August. The prediction from these
models was also done on new data, which was taken from late August and
early September. The performance on the new data will ultimately give
indication to how well the models will perform in the long run.
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Furthermore, instances of the five models were computed in an iterative
manner in order to get as good predictions as possible. This was done
because the iterative test error did not represent a trustworthy measurement
on how well the model could predict on new data. The conditions for
accepting the model instance was that it should be able to predict both
the test-data from the 439 data-points and new data points with above
35% accuracy. The performance of each of the five models on the new
data from late August and early September was then evaluated against the
performance of the current energy model.

3.4 Software used
The programming language used throughout this project was R.
For convenience, R-studio was chosen as the integrated development
environment (IDE) of the project. The main reason was that R-studio
provides smooth handling of projects containing large data-sets and many
scripts. The package used for creating the actual MLP in R is called RSNNS,
which is a R-wrapper for the SNNS. This means that one can use the SNNS
functions, which is coded in C++, by using the functions in the RSNNS
package.

To facilitate computational efficiency, the scripts were loaded into two
computers aimed specifically for heavy calculations. As R is programmed
for single core CPUs, the 1296 models was split into 27 scripts to utilize
more than one CPU.
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4 Results
4.1 Evaluation of models
Out of the 1296 models created, only 440 models passed the below 30% NA
value limit. Out of the 440 models, 89 was taken for further evaluation.
A comparison between the occurrence of the tuning parameters for 440
models and the 89 resulting models is shown in Table 12. Notice especially
the difference in occurrence of the learning rate parameter, topology, and
the variable batches. Clearly, the number of input variables increases
the performance of the models. The variable batches ’Article’ and ’Static
Energy’ decreases from 32% to 10% and 42% to 35%, respectively, while
the variable batch ’Static Energy and Time’ increases from 26% to 55%.
Out of the 89 models, five was chosen for in-depth evaluation. The tuning
parameters for these can be found in Table 11. Interestingly, the flat spot
elimination value, learning rate, and momentum value were the same for all
5 models. A substantial majority of the models has the logistic activation
function.

Table 11: Tuning parameters for models 1-5. The flat spot elimination value, learning rate, and
momentum value were the same for all models, i.e. 0.1, 0.2, and 0.0, respectively.

Model
number

Activation
Function

Topology Random
weights

1 TanH Duo 0.7
2 Logistic Duo 0.7
3 Logistic LogT 0.3
4 Logistic LogT 0.7
5 Logistic LogT 1.1
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Table 12: Percentages for the occurrence of the tuning parameters for the 440 models passing the
first criteria and the resulting 89 models. The momentum value was always 0.0 and is not shown
here.

Parameter and value All 440 models (% of
total)

Resulting 89 models
(% of total)

Activation Function
Logistic 66% 58%
TanH 44% 42%
Topology
Duo 77% 60%
Hecht 7% 3%
LogT 16% 37%
Variable batch
Article 32% 10%
Static Energy 42% 35%
Static Energy and
Time

26% 55%

Learning rate
0.2 55% 100%
0.7 25% 0%
1.5 20% 0%
Random Weights
0.1 25% 22%
0.3 25% 24%
0.7 25% 25%
1.1 25% 29%
Flat spot
elimination
0.0 51% 40%
0.1 49% 60%
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4.2 Performance of the chosen models
The results for respective data-splits, i.e. randomized and non-randomized,
are presented in Table 13 and Table 14. Notice the prediction decrease of
over 10 percentages on the test data using non-randomized data instead of
randomized data. Furthermore, for both data-splits, the prediction on the
new data drops substantially compared with the prediction on the test data.

Table 13: Mean accuracy at ±25◦C for 100 trained models using model parameters for model 1-5
with randomized data. The accuracy is for the initial 20% test data and the 103 new data points.

Model Mean accuracy
on test data

Mean accuracy
on new data

1 40.8% 25.1%
2 43.4% 29.3%
3 41.8% 24.6%
4 37.6% 24.4%
5 40.5% 26.2%

Table 14: Mean accuracy for ±25◦C for 100 trained models using model parameters for model 1-5
with non-randomized data. The accuracy is for the initial 20% test data and the 103 new data
points.

Model Mean accuracy
on test data

Mean accuracy
on new data

1 30.7% 24.7%
2 30.1% 23.7%
3 30.8% 22.8%
4 27.5% 22.8%
5 30.4% 22.8%
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The predictions on the intervals ±25◦C and ±100◦C by Models 1-5 and
the current energy model is shown in Table 15. It is evident that all MLP
models outperforms the current energy model on the interval ±25◦C. More
specifically, model 1, 2, and 4 more than doubled the prediction accuracy
compared with the current energy model. However, no model managed to,
with 100% certainty, predict all temperatures within the interval ±100◦C.
Nevertheless, all MLP models performed better than the current energy
model predicting temperature within the interval of ±100◦C.

Table 15: Predictions for the 103 data points from model 1-5 based on the 35% accuracy criteria
and from the current energy model.

Model ±25◦C ±100◦C
Current energy
model

22.3% 88.3%

Model 1 47.6% 97.1%
Model 2 45.6% 98.1%
Model 3 39.8% 98.1%
Model 4 47.6% 93.2%
Model 5 40.8% 93.2%

Predictions for the five models versus the energy model in the range
±25◦C are shown in Figures 10-14. The middle black dashed line are
the temperature measurement. The adjacent black dashed lines are the
temperature measurement ±25◦C respectively. One very noticeable remark
is that all models managed to change the trend towards a positive correlation
between the measured and predicted temperature values as opposed to the
energy model.
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Figure 10 shows that model 1 produces a lot of prediction values in the
a narrow range between 1580-1650◦C regardless of the measured value.
Nevertheless, model 1 still outperforms the energy model by over 25
percentages.

Figure 10: Prediction for model 1 versus the prediction for the current energy model.
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The prediction result of model 2, shown in Figure 11, is rather unwanted.
Even though the model achieved an accuracy of 45.6% it is not flexible
enough to account for varieties of input values. This means that
regardless of measured temperature value, which corresponds to varying
input data values, the model will predict the same value almost every time.
Nevertheless, model 2 managed to provide a positive correlation between
the measured and the predicted value as opposed to the energy model.

Figure 11: Prediction for model 2 versus the prediction for the current energy model.
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As seen in Figure 12, the spread of prediction points for model 3 is
somewhere inbetween that of model 1 and model 2. One can also see that
the model predicts the majority of values between 1580-1680◦C.

Figure 12: Prediction for model 3 versus the prediction for the current energy model.

The prediction results for model 4 and model 5 are shown in Figure 13
and 14, respectively. These two models are rather similar when it comes
to the behavior of the prediction points. Both models overshoots the
temperature compared to the measured temperature in the majority of cases.
Furthermore, the prediction regression lines are more positively correlated
with the measured temperature line for these two models.
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Figure 13: Prediction for model 4 versus the prediction for the current energy model.

Figure 14: Prediction for model 5 versus the prediction for the current energy model.
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4.3 Temperature measurement interval
Figure 15 displays the number of temperature measurements for the 439
data-points in five equidistant intervals between 1400◦C and 1900◦C. One
can clearly see that a substantial majority of temperature measurements
are conducted between 1500-1800◦C and very few below 1500◦C or above
1800◦C.
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Figure 15: The distribution over temperature measurements (◦C) for the 439 data points used
during training and testing.

48



4.4 Accuracy and iterative test error
Figures 16-21 presents the accuracy for all 100 trained instances of each of
the five models against their corresponding iterative test errors. Especially,
note the wide spread of iterative test error for the same accuracy. The blue
line represents the least squares regression on the data points. Strangely, the
accuracy, according to the linear regression, is correlated with iterative test
error in Figure 16. This essentially means, for model 1 with non-randomized
data-split, that the accuracy increases the more erroneous the model is.

Figure 16: Accuracy and corresponding iterative test error for 100 instances of model 1 using
non-randomized data split.
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Figure 17 shows model 1 with a randomized data-split. The trend is now
correlated in a more logical way, i.e. the error decreases the accuracy.

Figure 17: Accuracy and corresponding iterative test error for 100 instances of model 1 using
randomized data split.

One can barely see a correlation at all between the iterative test error and
the accuracy in Figure 18, which shows model 2 with a non-randomized
data-split. The regression line is almost horizontal which implies an almost
nonexistent change in accuracy with increasing iterative test error

Figure 18: Accuracy and corresponding iterative test error for 100 instances of model 2 using
non-randomized data split.
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Similar horizontal regression lines can be seen in Figure 19 and Figure 20,
which are for model 2 (randomized data) and model 5 (non-randomized)
data, respectively.

Figure 19: Accuracy and corresponding iterative test error for 100 instances of model 2 using
randomized data split.

Figure 20: Accuracy and corresponding iterative test error for 100 instances of model 5 using
non-randomized data split.
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Figure 21 presents the most anti-correlated regression line, which is
something that is wanted. Indeed, the accuracy shall decrease with
increasing iterative test error. Due to similarity, the rest of the accuracy vs
iterative test error plots is shown in Appendix A.

Figure 21: Accuracy and corresponding iterative test error for 100 instances of model 5 using
randomized data split.

For all the shown plots, i.e. Figure 16-21, the spread of points is also very
prominent. This means that it is not possible to specify a specific accuracy
value if the iterative test error is known. For example, observing Figure 19
one can clearly see that if the iterative test error is around 28, the accuracy
could be either 35% or 50%.
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4.5 Iterative test error and number of iterations
Iterative test error means against their corresponding number of iterations
for models 1-5 are shown in Figures 22-26. The blue line was created using
locally weighted scatterplot smoothing (LOESS) to give a more dynamical
representation compared to a simple regression line. Notice, for the mean
plots, that the curves are rather different from what is usually common when
evaluating optimum tuning parameter values and avoiding over-fitting. See
Figure 4 in Section 2.3.6 for the common validation curve.

Figure 22 shows the iterative test error for model one for each iteration
between 1 and 10000. Even though the trend line goes downwards, just
as for Figure 4, there is no visible inflection point. Furthermore, the
points are spread out and it is not possible to distinguish a clear pattern
without the LOESS curve. Remember that each point is the mean of 50
iterative test error values for that iteration. One should therefore expect
some clear clustering of the points making up a distinguishable pattern.

Figure 22: Mean iterative test error vs the number of iterations for model 1.

Figure 23 shows the same type of plot for model 2. Here, there is a more
prominent trend line due to that points are more clustered. However, the
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plot does not display a clear inflection point. Rather, the LOESS curve
is very horizontal. From the first 500 iterations it is possible to see that
the iterative test error fluctuates a lot. It goes from 29 to 33 rapidly and
then approaches an average interval thereafter. Clearly, it is evident that
using over 500 iterations does not improve the performance of model 2.

Figure 23: Mean iterative test error vs the number of iterations for model 2.
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The plots for models 3, 4, and 5 are shown in Figures 24, 25, and 26. These
plots look similar. However, one interesting aspect is that the iterative test
error is small for the first 100 iterations relative to those from 100-10000
iterations. Furthermore, the inflection point is also not present for the above
mentioned models. Instead, the iterative test error increases abruptly in
the first few hundred iterations and decreases in a steady manner in the
subsequent iterations.

Figure 24: Mean iterative test error vs the number of iterations for model 3.
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Figure 25: Mean iterative test error vs the number of iterations for model 4.

Figure 26: Mean iterative test error vs the number of iterations for model 5.
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5 Discussion
Models 1,2, and 4 more than doubled the accuracy and models 3 and 5
both increased the accuracy with more than 75% within the error range
±25◦C. See Table 15. This was despite the rough outlier removal, the
large variance in each data set, the differing characteristics between data
sets, and the bootstrapping. The choice of the feedforward neural network
type, MLP, also assumes that each data point is independent of previous
data points. This is most likely not the case because steel from previous
batches often remains in the ladle. Hence, the mass and temperature of
the remaining steel affects the outcome of the next steel batch. All of
these assumptions and data-related flaws goes against what makes a model
predict well. Furthermore, all five models managed to push the prediction
trend-line to positive inclination as opposed to the current energy model,
which has a negative inclination. This result is of importance because the
ultimate goal is to approach the prediction accuracy of the temperature
measurement robot, i.e. the center black-dashed line in Figures 10-14, which
is considered as the true values. By observing Figure 11, one can see that
model 2 is predicting the same output value for the majority of the cases. It
is difficult to zero in on a possible cause to this unwanted behavior. It could
be that the back-propagation algorithm gets stuck in the same area of the
error-space for a majority of the input examples and therefore predicts the
same temperature value. By observing Figure 10, one can clearly see that
the prediction values of model 1 are more distinct compared to model 2. The
difference between model 1 and model 2 is only their activation functions.
Model 1 uses tanh and model 2 uses the logistic sigmoid. Therefore, the
most sensible explanation is that the activation function plays an important
role for this specific setup of tuning parameters. For model 3-5, however,
the temperature predictions are a lot more distinct compared to model 1
and 2. Nevertheless, the accuracy for each model in the range ±25◦C is not
correlated with how distinctively the model assigns temperature values. See
Table 15. This makes it difficult to conclude which of the five models is the
best. Naturally, it is preferred to have a model that can predict distinct
temperature values as well as predicting with high accuracy.

Even though all models have better accuracy than the current energy model,
the models did not manage to come close to 80-90% accuracy, i.e. the
performance of the models by J.M. Mesa et al. This could be due to
several reasons. The steel-plant that J.M. Mesa et al gathered data from
most likely produces carbon steel as opposed to stainless steel, which is the
type of steel that Outokumpu produces. This implies that the steel-scrap
types varies tremendously between these steel-plants which naturally has
large effect on the number of relevant parameters to accurately predict the
end-point temperature. Scrap characteristics such as total surface, volume,
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weight, composition, and moisture content, affect the variables used in this
study and in the study done by J.M. Mesa et al. As scrap characteristics
has not been available, the uncertainty regarding the effect becomes a
natural opportunity for improvement. Furthermore, the production process
of these two steel-plants is most likely completely different, thus affecting
the outcome of the results. The data pre-treatment, if done properly, yields
high-quality data and could be another factor that enabled J.M. Mesa et
al to attain very high model accuracy. In this investigation, the data
pre-treatment has not been the core focus, which is apparent from the
outlier removal process described in Section 3.2.2. J.M. Mesa et al also had
more unique data-points at their disposal, 1788 compared to 439. Thus,
the data used by J.M. Mesa et al is more representative of the production
process which affects the accuracy of the model to the better. As mentioned
in Section 2.2, domain-expertise is of importance when creating specific
domain-related machine learning models. The articles from J.M. Mesa and
J.M.M. Fernández do not state to what extent domain-expertise influenced
their data pre-treatment process or specific model choice. However, the
domain-expertise has been somewhat limited in this project. Even though
the metallurgical background of the contributors has been sufficient, there
are still many parameters that are specific for the steel-plant of study. These
parameters are only known by the employees and experts that have worked
in the steel-plant for many years.

The accuracy and iterative test error plots, Figures 16-21, are all more or
less counter-intuitive. Naturally, one should expect some variance as real
data is always subjected to randomness. However, all models have a rather
large spread in accuracy for a given interval of iterative test error values.
Even though some of the trend lines indicate that an increase in iterative
test error gives lower accuracy, two approximately similar accuracy values
can have vastly different iterative test error values. The difference was
over 20 percentages for some models. Furthermore, considering Figure 16,
the accuracy clearly increases as the iterative test error increases. This is
extremely counter-intuitive and should not happen at all. An explanation
to all of these counter-intuitive and bizarre results could be that the sum
of squared error algorithm breaks down due to the extremely large variance
in the data. Hence, the iterative test error algorithm, as provided in the
RSNNS package, is unable to give a trustworthy measurement of the model
accuracy. The variance of the data, mentioned in Section 3.2.1, is most
likely due to variations in scrap characteristics and climatic conditions.
Furthermore, ANN-models have been proven to be sensitive to seasonal
variations in the data. See Section 3.2.1.
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The discussion about how well the sum of squared error indicates model
accuracy can be furthered by observing the plots for mean iterative test
error plots for each model. See Figures 22, 23, 24, 25, and 26. One has
to bear in mind that each point represents the mean of 50 instances of the
iterative test error for each iteration. Thus, one should expect the points to
be more coherent and compose an apparent trend line. As one can see, this
is not at all the case for model 1 which has consistent mean iterative test
error values from 35.0 to 41.0. One should expect that a solid statistical
tool such as the mean over 50 instances should highlight an apparent trend.
This implies, straightforwardly, that the data has very large variance. Of
course, one could obviously get a more coherent trend line if one continues to
take the mean of the mean etc. But, by doing so, the interpretability of the
results gets diminished. For models 2-5, the mean points are more coherent
and but only models 3-5 have wanted trend lines, i.e. clearly decreasing
iterative test error with increasing number of iterations. Hence, it could
be possible to get better results by iterating beyond 10000. However, for
models 3-5, the smallest iterative test errors between 1-10000 are clearly
those in the range 1-100 iterations. By observing the blue LOESS curves for
each model in Figures 22-26, there are no similarities between those and the
ideal ’Validation Set’ curve in Figure 4, which represents what one should
expect when taking the mean of 50 instances of a model with certain tuning
parameters. This means that there are limitations to the approach used in
this study when it comes to finding the optimum number of iterations to
reduce the iterative test error, i.e. avoid over-fitting. Frankly, out of the
89 plots that was analyzed, there was not any curve that was similar to the
’Validation Set’ curve in Figure 4.

The choice of sampling method for the training and test data-batches
had a large impact on the accuracy of all models. By comparing model
performance using randomized data, Table 13, with using non-randomized
data, Table 14, one can indeed spot severe differences. The mean accuracy
of the randomized data-split was, for all five models on the test data,
around 10 percentages better than for the non-randomized data-split. By
not randomizing the data, the training batch for each model will consist
of data-points gathered mainly from June and July, and the test batch
from data-points from early August. Due to this, the model gets trained
on data that are characteristic for the properties of the scrap, climate, and
production procedures during those specific months. Then, the model gets
tested on data that will have different characteristics and thus, consequently,
gives lower accuracy. By randomizing all data-points from June to August,
the model gets a better representation of the characteristics of the overall
data. Thus, the accuracy naturally increases. By observing the accuracy
of the new data points in Tables 13-14, one can easily see that all models
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performed worse regardless of randomized or non-randomized data-splits in
the training and test phases. This implies, yet again, that the characteristics
of the data have been changed drastically compared to previous months or
weeks. Indeed, the new data-points was from late August and beginning of
September and was used in the same manner for all models. However, the
randomized data-split favored the accuracy of the models as it contributed
to a higher accuracy compared to when using non-randomized data-split.

As mentioned in Section 3.3.3, the issue regarding the low accuracy on new
data was bypassed by conditioning an accuracy threshold of 35% on both
the test data-set and the new data-set. However, when more data-sets are
created from the steel-plant processes, each with its own characteristics,
the method of conditioning accuracy thresholds on each data-set gets very
intractable. This is the case because the sheer number of models that has
to be created in order find a model instance that satisfies every condition
becomes increasingly numerous for every new data-set. Creating a model
with high accuracy, with the current approach, is thus mainly a matter of
how many instances of the model you have to create.

Furthermore, the temperature measurements by the robot has for the
majority of cases been conducted between 1500-1700◦C. See Figure 15.
From a metallurgical perspective, one is only interested in everything that
happens before tapping, i.e. when the molten steel temperature is around
1620◦C and below. By doing temperature measurements below 1500◦C and
training a model on that data, the model should be able to predict the steel
temperature continuously and long before tapping. Indeed, the limitations
of all machine learning models is that the accuracy is a direct result of what
data the model is trained on.

6 Conclusions and recommendations
The performances of the five chosen models are undeniably better than
the current energy model as all of them improved the prediction accuracy
between ±25◦C by over 75%. Out of the five models, model 5 is the
best model. This is with regards to its ability to predict temperatures
distinctively and its mean accuracy of 100 model instances. Nevertheless,
one should be cautious of concluding which model is the best model. The
variance in the data, supported by Figures 16-21 and Figures 22-26, makes
the whole evaluation procedure uncertain which means that models which
have adjacent tuning parameters might be equally as valid. This is because
creating a model with high accuracy, with the current approach, is mainly
a matter of how many instances of the model you have to create and not
mainly based on the model parameters.
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Despite the rough assumptions and the differing data characteristics, the
result of the machine learning models in this study gives a clear indication
that machine learning models could be part of future prediction models in
the electric arc furnace. Indeed, machine learning models are software based
and does not need hardware engagement to function. In favor for machine
learning models, hardware related engagements are often often complicated
and expensive due to production stops and expensive equipment. The
step from the current stage to the situation where the model is used by
Outokumpu is not at all large. The only missing component is to code
a script that can continuously read data from the database, calculate
the relevant variables, and perform the temperature prediction. Due to
the relative simplicity of implementing machine learning models, the steel
industry should implement the framework presented in this report to enable
the machine learning algorithms as an enhancing add-on to existing analytic
models.

However, as of today, models 1-5 will not be able to consistently predict
future data-batches with the same accuracy as for those data-batches that
it was evaluated on. This is due to the differing characteristics of the
data from month to month. In order for the Outokumpu to extract the
full potential of machine learning models, there are several strategies to
undertake. The advantage of this is that each of these approaches uses
the procedures outlined in Section 3, only with slight modifications. The
strategies are presented below:

1. One solution is to create one model for each monthly batch. The model
should then be used for that month for subsequent years. However,
this approach has limitations because any change in the process chain
will affect the data and thus make the models predict awfully.

2. Another solution is to train a model with as many data-points as
possible. By doing so it is possible to attain a model that predicts
well on a wide range of data-sets, each with their own characteristics.
The disadvantage with this solution is that it will need a lot of data
to function satisfactory.

3. A third solution is to train models on specific steel grades. This would
demarcate the data characteristics and thus make the model predict
well on data from those steel grades. The disadvantage is that some
steel grades may get very good prediction rates while the other steel
grade models lags behind. This is because some steel grades may be
produced very seldom and thus have too small amount of data for the
model to be trained properly.
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However, changing the approach on how to train the models affects the
accuracy independently of the data that is available. In order to improve
the models beyond the potential of the model itself, more data is needed.
Outokumpu must therefore:

1. Conduct more temperature measurements to get a more representative
data-set for when it is the optimal time to tap the steel. This would
naturally increase the accuracy of the model.

2. Measure the temperature have to be taken long before tapping. As
seen in Figure 15, most of the temperature measurements today are
taken in the range 1500-1700◦C. If successful, the result would be a
model that can give continuous temperature predictions long before
tapping and hence also better control of the process.

3. Introduce new variables to the machine learning model.
Recommendations does not only point towards introducing relevant
variables from already existing processes but also to introduce
variables from novel measurements techniques. Recall Section 2.4.4,
where vibrations and optical measurement systems was presented.
By introducing these novel measurements as variables in the
machine learning model, the performance might increase by several
percentages. For J.M. Mesa et al, the introduction of vibration
frequency variables increased the performance from 84% to 87%. An
important note is that the model has to be trained from scratch if
one decides to use a new setup of variables. The major negative
aspect of this is that the previous data will be rendered useless for
training the new model as that data does not contain corresponding
measurements of the new variables. Therefore, the new measurement
variables cannot be expected to pay-off in the short run as a new
model will have to be trained from future data in order to be reliable
enough for the operators.

To ensure that the above strategies gets executed as well as possible, it is
required that in-house domain-experts and machine learning specialists work
closely together. The in-house domain-experts knows the steel-plant very
well and can thus point out areas that are able to give the most probable
improvements. The role for the machine learning specialists are to provide
a machine learning model that works well for the specific task that the
in-house experts wants solved.

Throughout the course of the thesis, countless of hours has been spent on
practices such as concatenating the data into relevant formats and getting
rid of ambiguous data names. To ensure smoothness of similar projects,
relevant data should be saved and stored in a consistent manner. This
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means that steel plants that wish to create machine learning models should
introduce in-house standards, or policies, on how to save data and what
data to save. If the stored data is known to be of rather high quality, the
machine learning models created with that data will be of higher quality.
This ensures that the machine learning model is reliable, which is a key
metric in industrial processes. As of today, thoroughly removing data points
that might be faulty is not something that are prioritized. If the industry
can manage to create databases with data of high quality, the performance
of future machine learning models applied on steel processes will be even
greater. In practice, saving huge amount of data can become intractable if
the steel-plant does not have a database with large memory. However, as
the variables for the model can be calculated directly after a steel-batch is
processed, the need of a database with large memory is redundant. Hence,
the approach used in this study is practically feasible.

By observing Table 11 and Table 12, one an conclude the following regarding
training of the MLP model.

• One should use as many metallurgical validated variables as possible
because the five models were all based on the variable batch with the
most variables.

• The choice between tanh or logistic sigmoid activation function is
not specifically important. However, the logistic sigmoid activation
function is present in 4 out of the 5 chosen models and could thus
be more favorable than the tanh activation function. Nevertheless, a
more thorough analysis must be done in order to verify this.

• The topology based on the Hecht-Kolmogorov rule is not favorable.
Double-layer or log(T) topologies are preferred.

• The learning rate should be kept at around 0.2.

• The choice of initial random weight does not have any substantial
effect on the performance.

• The flat spot elimination value should be kept between 0 and 0.1.

• The momentum value should be removed, i.e kept at value 0.0.

• The training and test data should be randomized to attain better
consistent model accuracy.
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7 Further work
Interesting areas to delve further into on this specific machine learning
approach is presented below:

• Investigate if the model accuracy converges or if it drops steadily with
time. This would essentially prove if the model is valid for predicting
the end-point temperature for a longer period of time.

• Apply a fuzzy logic algorithm subsequent to the MLP algorithm similar
to the approach by J.M. Mesa et al.

• Iterate beyond 10000 iterations to see if the iterative test error
gets reduced beyond the current lowest values and to see if the
characteristic inflection point appears.

• Investigate the effect dimension-reduction techniques, other than
PCA.

• Implementing time-series analysis to potentially get rid of the negative
effect of data-batches from different periods. Recall Section 3.2.1.

This study is merely just a sample of what might be possible to do with
machine learning algorithms as it has only investigated one machine learning
model in one large sub-category of machine learning models. There exists
countless of machine learning models that might be a better candidate for
predicting the end-point temperature in the electric arc furnace. Therefore,
further work on machine learning models applied on the electric arc furnace,
or on other steel-plant processes, should not only focus on artificial neural
networks.
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Appendices
A:
Error and accuracy plots

Figure 27: Accuracy and corresponding iterative test error for 100 instances of model 3 using
non-randomized data split.

Figure 28: Accuracy and corresponding iterative test error for 100 instances of model 3 using
randomized data split.
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Figure 29: Accuracy and corresponding iterative test error for 100 instances of model 4 using
non-randomized data split.

Figure 30: Accuracy and corresponding iterative test error for 100 instances of model 4 using
randomized data split.
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