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Monitoring and control of the output yield of steel in a steelmaking shop plays a critical role in steel
industry. The yield of steel determines how much percentage of hot metal, scrap, and iron ore are being
converted into steel ingots. It represents the operational efficiency of the steelmaking shop and is consid-
ered as an important performance measure for producing a specific quantity of steel. Due to complexity
of the steelmaking process and nonlinear relationship between the process parameters, modeling the
input–output process parameters and accurately predicting the output yield in the steelmaking shop is
very difficult and has been a major research issue. Statistical models and artificial neural networks
(ANN) have been extensively studied by researchers and practitioners to model a variety of complex pro-
cesses. In the present study, we consider random forests (RF), ANN, dynamic evolving neuro-fuzzy infer-
ence system (DENFIS) and support vector regression (SVR) as competitive learning tools to verify the
suitability of applications of these approaches and investigate their comparative predictive ability. In
the present investigation, 0.00001 of MSE is set as a goal of learning during modeling. Based on real-life
data, the computational results depict that the training and testing MSE values of SVR and DENFIS are
close to 0.00001 indicating that they have higher prediction ability than ANN and RF. Also, mean absolute
percentage prediction errors of the proposed models confirm that the predicted yield based on each
method is in good agreement with the testing datasets. Overall, SVR performs best and DENFIS the next
best followed by ANN and RF methods respectively. The results suggest that the prediction precision
given by SVR can meet the requirement for the actual production of steel.

� 2015 Elsevier Ltd. All rights reserved.
1. Introduction

Monitoring and control of the output yield of steel of a steel-
making shop plays a critical role in steel industry. The yield of steel
determines how much percentage of raw material hot metal, scrap,
and the iron ore are being converted into steel ingots. It represents
the operational efficiency of the steelmaking shop and is consid-
ered as an important performance measure for producing a specific
quantity of steel. Due to the complexity of the heat and mass trans-
fer along with a large number of chemical reactions involved in the
steelmaking process, the nature of relationship between the input
and output parameters in the process is complex and highly non-
linear and also the process data for these parameters collected
from the steelmaking shop are quite noisy. Therefore, modeling
the input–output process parameters and accurately predicting
the output yield of steel in the steelmaking shop is very difficult
and has been a major research issue.

For the purpose of modeling and predicting the output of a pro-
cess, a considerable group of authors have used different method-
ologies such as multiple linear regression model, response surface
methodology (RSM), and artificial intelligence approaches in a
wide variety of complex processes such as ironmaking process
(Tang, Zhuang, & Jiang, 2009), metal cutting process (Mukherjee
& Routroy, 2012; Tsai, Li, & Chen, 2008; Pontes, de Paiva,
Balestrassi, Ferreira, & da Silva, 2012), molding process
(Erzurumlu & Oktem, 2007) and medicinal chemistry (Jalali-
Heravi, Asadollahi-Baboli, & Shahbazikhah, 2008) to name a few.
These studies reveal that artificial neural networks (ANN) have
been shown to perform nonlinear data well and has better predic-
tive quality as compared to multiple linear regression model and
RSM due to its good learning ability while they suffer from a num-
ber of weaknesses such as unexplainable nature of relationships
among the input and output parameters of the process, requiring
much higher computational times and often tendency of
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overfitting leading to poor performance. Apart from modeling
using ANN, recently some additional machine learning methods
have emerged as alternative competitive learning tools such as
random forest (RF), adaptive neuro-fuzzy inference system
(ANFIS), dynamic evolving neural-fuzzy inference system (DENFIS)
and support vector machine (SVM). A considerable number of
studies have focused on developing prediction based modeling
using RF, ANFIS, DENFIS and SVM in a variety of complex processes
(e.g., Aich & Banerjee, 2014; Azadeh, Saberi, Gitiforouz, & Saberi,
2009; Kara, Boyacioglu, & Baykan, 2011; Kavousi-Fard, Samet, &
Marzbani, 2014; Lariviere & Van den Poel, 2005; Oliveira, Oehler,
San-Miguel-Ayanz, Camia, & Pereira, 2012; Sanchez Lasheras,
Garcia Nieto, de Cos Juez, & Vilan Vilan, 2014; Zhou, Wu, Chan, &
Tontiwachwuthikul, 2011).

Neuro-fuzzy modeling approaches such as ANFIS, DENFIS,
which are combination of ANN and fuzzy system are preferred in
order to explicate relationship between the parameters identified
in ANN and based on fuzzy inference systems, membership func-
tion and fuzzy rules. There have been several studies applying
ANFIS, DENFIS and ANN, demonstrating the superiority of ANFIS
and DENFIS over ANN with respect to accuracy levels and effective
interpretation of the relationship among the parameters of the pro-
cess (Azadeh et al., 2009; Talei, Chua, & Quek, 2010; Zhou et al.,
2011). As an alternative learning strategy and pattern recognition
method, RF has recently attracted growing interest of researchers.
It is a nonparametric approach based on combination of Classifica-
tion and Regression Trees (CART). This method has been applied in
various processes such as in forest management (Oliveira et al.,
2012), customer relationship management (Lariviere & Van den
Poel, 2005) involving complex interaction between input and out-
put variables. These studies have investigated the potential appli-
cations of RF and multiple linear regression demonstrated that
RF has a higher predictive performance and the generalization abil-
ity than multiple linear regression. However, it has a drawback of
behaving as a black box like ANN, i.e., the relationship between
input and output variables are not explainable because in this case
the individual trees cannot be examined separately. Recently, SVM
has been also successfully employed for its good predictability
ability in complex processes. It is a global optimization model for
classification and regression (SVR) has grown a great research
interest to various research and industrial process applications
since the development of SVM (Cortes & Vapnik, 1995). SVM per-
forms superior prediction mainly due to the use of structural risk
minimization principle instead of empirical risk minimization
principle as is used in ANN modeling, resulting in improved gener-
alization ability than ANN Tang et al., 2009; Yuvaraj, Murty, Iyer,
Sekar, & Samui, 2013).

Although there have been several studies on the applications of
RF, ANN, DENFIS and SVM for modeling the input–output para-
meters of different complex processes, modeling using these tech-
niques especially on prediction of output yield of the steelmaking
process was not reported in the literature. However, there are
some literature on ANN modeling of a steelmaking process to pre-
dict output parameters, like temperature of the liquid metal and
the volume of necessary oxygen blow (Falkus, Pietrzkiewicz,
Pietrzyk, & Kusiak, 2003), metallurgical length, shell thickness at
the end of the mould and billet surface temperature (Gresovnik,
Kodelja, Vertnik, & Sarler, 2012), percentage of phosphorus in the
final composition of steel (Monteiro & Sant’Anna, 2012; Shukla &
Deo, 2007). A comprehensive description of modern steelmaking
processes along with physical and mathematical modeling and
solution methodologies based on AI-based techniques, especially
ANN, GA, CFD, and FLUENT software is provided by Mazumdar
and Evans (2009). Therefore, this research is motivated to verify
the suitability of potential applications of RF, ANN, DENFIS and
SVM to investigate the comparative performances of these
approaches for modeling the input–output process parameters,
especially on minimizing the error of prediction of the output yield
in the steelmaking process.

Inspired by this motivation, this paper first provides the basic
principles of RF, ANN, DENFIS and SVM algorithms to model and
predict the steelmaking process parameters and then, verify the
predictability of the output yield using these techniques based on
real-life data set. The present study is carried out using the data
for the input and output parameters of an open hearth process in
steelmaking industry. The process data was collected from a steel-
making shop, located in Eastern India. The production data was col-
lected on a monthly basis due to non-availability of daily-basis data.

The remaining of the paper is organized as follows. Section 2
gives a brief description of literature review of machine learning
techniques. Section 3 presents the input and output variables of
the steelmaking process under investigation. Section 4 provides
the details of the methodologies of RF, ANN, DENFIS and SVR.
The experimental settings and discussion of the results are report-
ed in Section 5. In Section 6, we draw the conclusions, research
limitation and future scope of work.
2. Previous work

Recently, there have been growing number of studies on predic-
tion based modeling applied to a variety of complex processes that
are frequently encountered in many industries and real-life situa-
tions. Prediction modeling of these complex processes due to their
complex characteristics and practical importance have long
received attention of researchers and practitioners. In the following
section, we focus on the review of the previous studies on modeling
complex processes using four effective machine learning tech-
niques: random forests, artificial neural networks, dynamic evolv-
ing neuro-fuzzy inference system, and support vector machines.
2.1. Random forests (RF)

Since the introduction of random forests proposed by Breiman
(2001), it has been increasingly gaining popularity due to its con-
sistent, robust performance results and easy to implement. It is a
nonparametric technique based on ensemble of CART. It has been
successfully applied in a wide range of fields such as data classifi-
cation (Liu, Wang, Wang, & Li, 2013), customer relationship man-
agement (Lariviere & Van den Poel, 2005), chemical mixtures
(Cooper et al., 2014), medical data classification (Seera & Lim,
2014), customer churn prediction in banks (Xie, Li, Ngai, & Ying,
2009), forest management and (Oliveira et al., 2012). Liu et al.
(2013) compared RF, SVM and ANN for electronic tongue data clas-
sification in order to recognize orange beverage and Chinese vine-
gar and have demonstrated that RF may be a promising method
among them. Lariviere and Van den Poel (2005) employed random
forests and regression forests in customer relationship manage-
ment for predicting customer retention and profitability as mea-
sures of customer outcome and demonstrated that both these
techniques provide better fit for the estimation and validation
sample than ordinary linear regression and logistic regression
models. Cooper et al. (2014) used RF to accurately predict the con-
centration of different hydrocarbons in water based on the sensor
array responses and showed that the accuracy of this technique
was not unduly affected by increasing mixture complexity. Seera
and Lim (2014) proposed a hybrid algorithm combining RF, fuzzy
min–max neural network and CART for solving medical data clas-
sification problem. RF is exploited to build diverse CART models so
that the best tree can be selected for classification and rule
extraction purposes. Oliveira et al. (2012) fist identified the main
structural variables that seem to influence fire occurrence in
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Mediterranean Europe and then applied multiple regression and RF
models to evaluate the spatial distribution of fire occurrence like-
lihood as well as their predictive ability. It is seen that RF model
has a higher predictive ability than multiple linear regression.
Xie et al. (2009) proposed an improved balanced RF after studying
a variant of RF models in predicting customer churn in banks and
demonstrated the superiority of their algorithm over ANN, decision
tree and class-weighted SVM.

2.2. Artificial neural networks (ANN)

There exists numerous studies on applications of ANN for data
classification, pattern recognition, and simulation of various com-
plex systems (Jalali-Heravi et al., 2008). Also, this tool has been
considered for the accurate prediction of mechanical behavior of
materials, and response parameters of various complex processes
(Falkus et al., 2003; Erzurumlu and Oktem, 2007; Bezerra et al.,
2007; Karnik, Gaitonde, Campos Rubio, & Abrão, 2008;
Mukherjee & Routroy, 2012; Pal, Pal, & Samantaray, 2008; Tsai
et al., 2008). Erzurumlu and Oktem (2007) proposed a model using
response surface methodology and ANN for prediction of surface
roughness in mold surfaces and have shown that ANN performs
slightly better than RSM, however at the cost of much higher com-
putational times. Karnik et al. (2008) used a multilayer feed for-
ward backpropagation ANN to model and analyze the effects of
drilling process parameters on the delamination factor. Pal et al.
(2008) developed a multilayer ANN model to predict the ultimate
tensile stress of welded plates and compared with the multiple
regression analysis, it was found that the welding strength using
the reported model is better than that using multiple regression
analysis. Bezerra et al. (2007) used ANN perceptron architecture
to predict the shear stress–strain behavior from carbon fiber/epoxy
and glass fiber/epoxy composites and showed that the predictive
quality of the network improved with increasing number of neu-
rons in the hidden layers and the number of training instances.
Apart from using most common gradient descent training algo-
rithm in ANN to provide promising results in predictability analy-
sis, there have been some studies by Mukherjee and Routroy
(2012), Tsai et al. (2008) and Jalali-Heravi et al. (2008) on success-
fully implementation of the Levenberg–Marquardt backpropaga-
tion algorithm on modeling of nonlinear multiple response
process behavior in manufacturing and other industries.

2.3. Dynamic evolving neuro-fuzzy inference system (DENFIS)

Recently, neuro-fuzzy models such as adaptive neuro-fuzzy
inference system (ANFIS) and DENFIS have been applied to various
complex processes showing a higher prediction and generalization
ability than ANN. Caydas, Hascalik, and Ekici (2009) developed an
ANFIS for the prediction of white layer thickness and average sur-
face roughness of a wire electrical discharge machined component.
Azadeh et al. (2009) presented a hybrid ANFIS in combination with
simulation to predict electricity consumption estimation and have
reported that the performance of their proposed algorithm is better
than those of time series, GA and ANN. Talei et al. (2010) applied an
ANFIS in event-based rainfall–runoff modeling to evaluate the
capabilities of the proposed method for a sub-catchment in the
Kranji reservoir, Singapore and have concluded that ANFIS per-
forms better than storm water management model I terms of peak
flow estimation, however these are comparable in terms of good-
ness-of-fit. Rizal, Ghani, Nuawi, and Haron (2013) proposed an
online tool wear monitoring and used an ANFIS model to predict
the tool wear in a turning process considering cutting speed, depth
of cut, fuel rate and I-kaz coefficient from the signals of each turn-
ing operation as the inputs and the flank wear of the cutting edge
as the output. Zhou et al. (2011) proposed ANN and ANFIS models
for predicting the CO2 production rate and demonstrated ANFIS has
been able to achieve higher prediction accuracy than ANN. Han and
Liu (2014) applied extreme learning machine adaptively adjusted
by the evolutionary membrane algorithm to predict the endpoint
parameters of the molten steel in steelmaking and demonstrated
that the simulation results demonstrate the superiority of the
model with good prediction accuracy and robustness in the actual
data of basic oxygen furnace steelmaking.
2.4. Support vector machines (SVM)

SVM as an alternative machine learning technique has emerged
as a powerful learning machine algorithm and achieved accurate
prediction results in many areas (Sanchez Lasheras et al., 2014;
Slavkovic, Jugovic, Dragicevic, Jovicic, & Slavkovic, 2013; Lee
et al., 2007; Aich & Banerjee, 2014; Kara et al., 2011; Kavousi-
Fard et al., 2014; Tang et al., 2009; Yuvaraj et al., 2013).
Slavkovic et al. (2013) proposed two machine learning techniques
based on SVM for predicting wear rate of floatation balls made of
white iron casting with low chromium content. Sanchez Lasheras
et al. (2014) used an evolutionary SVR algorithm combining SVM
and evolutionary algorithm to predict the thickness of the chromi-
um layer in a hard chromium plating process. They compared the
results of their techniques with those obtained by a model based
on ANN. Lee et al. (2007) proposed SVR and ANN for predicting
the concrete strength based on its mix proportion data and have
shown that SVR attains a higher accuracy level in a shorter time
than ANN. Tang et al. (2009) proposed a prediction model of silicon
content in hot metal using SVR whose optimal parameters were
selected based on particle swarm optimization. Yuvaraj et al.
(2013) studied the prediction of the fracture characteristics of high
strength and ultra high strength concrete beams using four SVR
models and the predicted values from SVR confirm good agree-
ment with those of experimental values. Aich and Banerjee
(2014) applied SVM to model the responses of the electrical dis-
charge machining. In this study, they used particle swarm opti-
mization to optimize the parameters of SVM model. Kavousi-Fard
et al. (2014) developed a hybrid algorithm comprising SVR and
firefly algorithm to provide an accurate electrical load prediction.
They considered firefly algorithm to select the optimal SVR para-
meters in order to obtain accurate and effective prediction. Kara
et al. (2011) applied ANN and SVM models for the prediction of
stock price index movement. For this study, they considered ten
input variables of the proposed models and have shown that the
average performance of ANN is slightly better than that of SVM
model.
3. Important process parameters in steelmaking process

Although the open-hearth steelmaking process has been almost
dominated by the basic oxygen process in most of the steel indus-
tries due to its high productivity and economy in both capital and
recurring costs, and high operational efficiency, it accounts for
about one-sixth of steel production worldwide. Owing to the slow-
er method of purification, superior quality steel is produced
because the removal of phosphorus is under control and then, sili-
con, although not under control, is partly eliminated and finally,
the steel does not contain much dissolved oxides and the nitrogen
content is considerably low, resulting in less strain ageing.

� The output yield of steel in the steelmaking process determines
the operational efficiency of the steelmaking process, i.e., it
determines how much percentage of hot metal, scrap, and the
iron ore are being converted into steel ingots having desirable
compositions. It is the management objective to maintain a high
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Fig. 1. Schematic structure of a multi-layer feed forward ANN.
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percentage of the yield. The term yield can be defined in differ-
ent ways. One way to define yield is on the basis of iron content
in the output and input of the furnace. The yield is defined in
this paper are the ratio of tonnage of the steel ingot and the ton-
nage of the hot metal, the scrap, and the iron ore, taking into
consideration of data on the weekly or monthly basis. The fol-
lowing input variables of the steelmaking process considered
based on a priori reasoning are briefly described.
� Fuel rate (FLRT) – if FLRT is increased, the temperature of the

molten mass in the furnace will be high. In general, the oxida-
tion of iron will be high that leads to losses in the form of vapor
and slag. So, there will be an adverse effect of the FLRT on the
yield. The unit of FLRT in SI unit is kJ/kg mol. However, the unit
of FLRT commonly used in steel industry is Mkcal/ton.
� Hot metal rate (HMRT) – if charging of HMRT is increased, car-

bon and other impurities will go to the slag and also some iron
in the slag reducing the magnitude of the yield. It is expressed
in kg/ton of steel.
� Heat time (HTTM) – if HTTM is increased then during the time

all reactions will be continued and even after oxidation of all
impurities in the pig iron, iron will be started oxidizing with
excess oxygen. Also due to vaporization there will be some
losses in iron. So, the yield will decrease. It is expressed in
hours.
� Scrap charged (SCH) – for melting, the scrap takes long time.

There is a possibility for iron to get oxidized and will go to
the slag. Part of it straightway reacts with hot metal resulting
excessive boiling, which will lead to fume formation. Hence,
there will be losses in iron. It is expressed in kg/ton of steel.
� Oxygen rate (XRT) – when amount of oxygen lancing is

increased, there is a heavy formation of fume and as a result,
iron gets vaporized and gets lost in the atmosphere. Due to high
temperature there is extensive carbon oxidation reaction during
melting and also during refining time resulting the fume forma-
tion and thus decreases the yield. It is expressed in Nm/ton of
steel.
� Production (PRDN) – apart from supplying raw materials pro-

duction generally increases due to the increase in the heat input
and the oxygen input. It is expressed in ton/month.
� Mould sticker (MS) – some metals get stuck in the mould. If

there is increase in loss in mould sticker the yield will be
decreased. It is expressed in ton/month.
� Metal lost (MLT) – increase in metal loss leads to decrease in the

yield. Depending on the FLRT, the temperature of the molten
mass in the furnace will be high. As a result, the oxidation of
iron will be high that leads to losses in the form of vapor and
slag. It is expressed in ton/month.
� Ore rate (ORT) – reduction of iron is a high exothermic reaction.

So, all the concerned reactions are slowed down and more time
is needed, resulting in a huge loss in iron either in the form of
slag or fumes. It is expressed in kg/ton of steel.
� Heat size (HSZ) – it depends upon the amount of hot metal and

scrap. So, depending upon the hot metal scrap ratio, HSZ will be
affected. Here, ‘‘heat size’’ means that each heat is of 3.5–4 h
duration in the open-hearth process and the capacity of the
hot metal in the vessel is about 200 tons and 100 tons respec-
tively. Heat is measured in kJ/kg of steel. It is expressed in
ton/heat.

4. Machine learning methods

In this study we consider some modern machine learning meth-
ods, namely, RF, SVM, DENFIS, and ANN for predicting the steel-
making process. A brief description of these methods is given
below.
4.1. Random forest

Random forest (RF) proposed by Breiman (2001) is considered
to be one of the most accurate general-purpose machine learning
tools. There is a growing interest due to their accurate predictions
and practical importance. RF is a scheme based on the principle
that a set of decision tree and each tree grows in randomly selected
subspaces data. They are fast, easy to implement, produce highly
accurate solution quality and can handle a very large number of
input variables without overfitting (Biau, 2012). Genuer, Poggi,
and Tuleau-Malot (2008) provided a comprehensive survey of ran-
dom forests methodologies. Following the procedure of Breiman
(2001), each tree in the ensembles is first selected randomly at
each node, a small group of input variables to split on and second-
ly, by determining the best split based on these variables in the
training set. The tree is grown using Classification and Regression
Tree (CART) (Breiman, Friedman, Olshen, & Stone, 1984) tool. It is
a classical machine learning tool. The idea is to use binary tree
structure to classify a testing data by making decisions at every
node until it reaches a leaf node. CART is easy to understand and
insensitive to missing data. Random tree is a variation to CART
which introduce some randomness to the decision making process
in the nodes. In CART, the nodes use all features to decide the opti-
mal splitting point whereas in random tree, the nodes randomly
select some features for splitting.

A collection of random trees is literally RF (Breiman, 2001).
However, RF introduces bootstrap aggregation (Bagging)
(Breiman, 1996) for ensemble learning. Bagging is to randomly
sample with replacement the training data to for a collection of
sub-training sets which has the same number of samples as the
original training set but with duplicates. These sub-training sets
are used for random tree training and the final decision is aggregat-
ed by voting (for classification) or averaging (for regression). For
the RF model, we considered the number of trees as 100, and the
number of variables randomly sampled as candidates at each split
was 3.

4.2. Artificial neural network

The ANN being inspired by the biological nerve system is a tool
of artificial intelligence used for data classification, pattern recog-
nition, and simulation of various complex systems. The schematic
structure of a multi-layer feed forward NN model is shown in
Fig. 1. The most popular learning algorithm for the ANN training
is gradient descent algorithm. However, due to its slow conver-
gence results in a local minimum during training. To overcome this

https://www.researchgate.net/publication/45915330_Analysis_of_a_Random_Forests_Model?el=1_x_8&enrichId=rgreq-4d1121cf-e78b-4c5f-b695-dc4d7c182eba&enrichSource=Y292ZXJQYWdlOzI3MTY0MzExMTtBUzoyMDcyOTI2NzU5NTY3MzZAMTQyNjQzMzgzMzY0OQ==
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disadvantage, some improved algorithms have been found effec-
tive in the literature, such as quasi-Newton algorithm, scaled con-
jugate gradient algorithm, and LM algorithm. A quasi-Newton
method attains faster convergence near a local or global optimum,
but it is not as sensitive to accuracy as the conjugate-gradient
method. The LM method bridges the gap between these two tech-
niques, resulting in improved performance, convergence and pre-
dicting values in many experimental studies (Jalali-Heravi et al.,
2008; Tsai et al., 2008). We use the notations given in Table 1 for
the subsequent sections. In this paper, we considered the hidden
layer size as 10 and the learning algorithm as LM. The basic princi-
ple of the LM algorithm is briefly presented as follows.

Like the quasi-Newton method and the conjugate-gradient
methods, the LM algorithm avoids using the Hessian matrix
(Hagan & Menhaj, 1994; Haykin, 2009; Marquardt, 1963). It is a
combination of gradient descent search and Gauss–Newton based
search techniques. When the NN has a MLP with a single output
neuron, it is trained by minimizing the cost function, Cav(w), in
the form of mean square error given as:

CavðwÞ ¼
1

2N

XN

i¼1

e2
i ðwÞ ¼

1
2N

XN

i¼1

½dðiÞ � oðiÞ�2

¼ 1
2N

XN

i¼1

½dðiÞ � FðxðiÞ;wÞ�2 ð1Þ

Using the LM algorithm, the adjustment of the weight error (Dw) is
computed as:

Dw ¼ ½H þ lI��1gðwÞ ð2Þ

The Hessian matrix and the gradient vector of the cost function
Cav(w), are defined as:

gðwÞ ¼ @CavðwÞ
@w

¼ JT eðwÞ ð3Þ

HðwÞ ¼ @
2CavðwÞ
@w2 ð4Þ

However, due to the complexity difficulty of Equation (4), especially
when the dimension of the weight vector (w) is high, the Hessian
matrix can be approximated as:

HðwÞ � JT J ð5Þ

The use of the approximation of the Hessian matrix in equation (5)
is justified when the LM algorithm is applied in close proximity of a
local optimum. Hence, the LM algorithm due to this approximation
is a first-order optimization problem and is suitable for nonlinear
least-squares. The regularizing or loading parameter l in Equation
(2) is a critical factor in operating the LM method. If we set l equal
Table 1
Nomenclature for the ANN model.

�w Synaptic weight vector of the network
k Scalar factor
Cav(w) Cost function
F Input–output mapping function realized by ANN
x(i) Input value for the ith training sample
x Input vector of the network
d(i) Desired output for the ith training sample
o(i) Actual output for the ith training sample
N Number of training samples
Dw Change in the weight error vector
e(w) Error vector of the weight
J Jacobean matrix containing the first order derivatives of the network

errors
H Hessian matrix of the cost function Cav(w)
g Gradient vector of the cost function Cav(w)
l Marquardt parameter
I Identity matrix
to zero, this method becomes Gauss–Newton’ method. On the other
hand, if we consider large value of l so that the value lI is much
larger than the H in Equation (2), then it functions as a gradient des-
cent method. From these two special cases, it follows that at each
iteration of this method, the value of l should be such that the
matrix (H + lI) will be positive definite.

All of the synaptic weights of the links of the neurons between
the layers are initialized by assigning small random values to all
the links. We assume a uni-polar sigmoid transfer function and
the input and output of jth neuron in the hidden and the output
layer is given as:

oj ¼
1

1þ e�kinpj
ð6Þ

where: inpj ¼WT X.
We determine the synaptic weights that are required to pro-

duce the desired output for the kpth pattern based on the weight
update function, Fn, using LM algorithm in order to minimize the
sum of the squared error (SSE) for N-number of output neurons,
given as:

Fnþ1 ¼ Fnþ / DwjðnÞ ð7Þ

SSE ¼ 1
2

XN

i¼1

ðdip � oipÞ2 ð8Þ

Fo ¼ �go ð9Þ

Fn ¼ �½JMT � JM þ lI��1 � JMT � e ð10Þ

In the LM algorithm, the update function, Fn, can be computed using
Eqs. (7)–(10). The parameter l should be multiplied by some factor,
usually a scalar b when a tentative step would increase the perfor-
mance function Cav(w). On the other hand, when the step decreases
the function Cav(w), l is divided by b.

4.3. Dynamic evolving neural-fuzzy inference system

Dynamic evolving neural-fuzzy inference system (DENFIS)
(Kasabov & Song, 2002) is a combination of neural network and
fuzzy system. It has remarkable features such as online and offline
learning, supervised and unsupervised learning and first-order and
higher-order fuzzy inference functions. It is a modified version of
evolving fuzzy neural network (EFuNN) where a fuzzy inference
system is formed based on m-most activated fuzzy rules selected
dynamically from a set of fuzzy rules.

As a neural-fuzzy system, it generally has five-layer structures:
input layer, fuzzification (fuzzy input) layer, rule-base layer, de-
fuzzification (fuzzy output) layer and output layer. The schematic
structure of a DENFIS model is shown in Fig. 2. The parameters
of the membership function are determined by an evolving maxi-
mum distance-based clustering method (ECM) for online mode
or a constrained ECM (ECMc) for offline mode. The rule-base
employs Takagi–Sugeno–Kang (TSK) type fuzzy inference engine
(Takagi & Sugeno, 1985). The output is a weighted average of each
rule’s output.

Take 1st order offline DENFIS as an example, the first step is to
use ECMc to cluster the input space into r cluster centers, which
correspond to r rules. The next step is to create r triangular mem-
bership functions (MF) based on the previously created rules. Then
the coefficients of the TSK fuzzy output function b is calculated
based on the training data xt: = m � n by weighted linear least
square estimator (LSE).

b ¼ ATwA
� ��1

ATwxt ð11Þ
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where: A = [1|xt], w is diag(|x1 � c1|, . . . , |xm � cm|), xm is a training
data and cm is the corresponding cluster center.

Finally the output is calculated as:

y ¼ b� xt ð12Þ

For online DENFIS and first-order offline DENFIS, the output func-
tion is a linear function with respect to the inputs and therefore
the learning objective it to fit the coefficients of the first order linear
function. A simple method is linear LSE but the authors used
weighted LSE in DENFIS (recursive weighted LSE for actual imple-
mentation), where the weight matrix contains the distance between
an input and the corresponding cluster centre. For higher-order off-
line DENFIS, a multi-layer perceptron (MLP) is used for learning.

4.4. Support vector machine

Support vector machine (SVM) (Cortes & Vapnik, 1995) is a
global optimization model for classification and regression (SVR).
SVM classifiers consist of two-step procedure. First, the sample
data are mapped to a high-dimensional space, which is normally
significantly larger than the original data space. Then, the learning
algorithm determines a separating hyperplane in the high-dimen-
sional space. Likewise, SVR (Basak, Pal, & Patranabis, 2007) is to
find an optimal regression function f ðxÞ ¼ wTxþ b for the data
mapped in a higher-order feature space with maximal flatness
and minimal error. However, for real-world cases, there should
be some tolerance for the regression function and also allow some
error (slacks). Therefore, the optimization is:

min
1
2
jwj2 þ C

X
i

ðni þ n�i Þ ð13Þ

Subject to:

yi �wTxi � b 6 �þ ni

wTxi þ b� yi 6 �þ n�i

nð�Þi 6 0

To solve this optimization function, Lagrange multiplier method fol-
lowed by quadratic programming optimization can be used. How-
ever in the literature, a faster way to solve the Lagrange dual
form (Smola & Scholkopf, 2003) to solve for the Lagrange multipli-
ers followed by sequential minimization optimization (SMO) to
solve for the intercept is usually reported. After solving the dual
form, the regression function becomes:
Fig. 2. Schematic structure of a DENFIS.
f ðxÞ ¼
X

i

ðai � a�i ÞxT
i xþ b ð14Þ

where, að�Þi is the Lagrange multipliers and xi are the support vectors
when ai � a�i –0.

A kernel function Kðxi; xÞ can be used in SVR to replace the xT
i x

term without the prior knowledge of the mapping function.

f ðxÞ ¼
X

i

ðai � a�i ÞKðxi; xÞ þ b ð15Þ

Kernel functions should fulfill the Mercer’s Theorem. The SVM algo-
rithm usually depends on several parameters (Chapelle, Vapnik,
Bousquet, & Mukherjee, 2002). A popular kernel function is called
Radial Basis Function (RBF) kernel with one parameter c to be
tuned.

Kðxi; xÞRBF ¼ exp � jx� xij2

2r2

 !
¼ expðcjx� xij2Þ ð16Þ

Together with the regularization parameter C, there are in total
three parameters to be tuned in the training stage. The parameter
C determines the trade-off between margin maximization and error
minimization. The third parameter is e-insensitive loss function.
The value of e controls the number of support vectors used to build
the regression function. If e is increased, less number of support
vectors are selected. e = 0 means least-modulus loss function. The
parameters are estimated following the experimental setup given
in Ratsch, Onoda, and Miller (2001).
5. Computational results

We used Matlab R2010b (7.11.0) with neural network toolbox
Version 7.0 for ANN modeling, Libsvm-3.11 (Chang & Lin, 2011),
a library for support vector machines, Matlab ECOS toolbox for
DENFIS offline model with batch mode training (Song, 2011;
Song & Kasabov, 2000) and random-forest Matlab for random for-
ests modeling (Jaiantilal, 2009).

5.1. Experimental settings

In the present study, we considered ten input variables with the
corresponding output yield and fifty-four input–output data pat-
terns for the steelmaking process. In a standard regression experi-
ment, a dataset is partitioned into two subsets: a training set and a
testing set. If the models are trained only by the training set to
achieve the optimal performance, then the performance of the
trained models are superior for the training set but may drop dra-
matically for the testing set (known as over-fitting). In order to
avoid over-fitting, a 5-fold CV is implemented for SVR, RF, ANN
and DENFIS. A 5-fold Cross Validation is used for parameter tuning
based on each of the 5 training datasets. The 5-fold CV firstly par-
titions the entire training set into 5 equal-sized subsets and uses 4
subsets for training and the remaining subset for validation to
evaluate the accuracy of the CV, and this process repeats for 5
times (folds). As the dataset used for validation in each fold is
unknown to the model, it is a good benchmark for the model after
training and thus avoids over-fitting. It may be noted that in order
to make the learning process fair for all, we modified the code to
implement 5-fold CV for SVR, ANN and DENFIS. Therefore, there
is no need to report validation dataset, since it is automatically
implemented with 5-fold CV. However, RFs use Out-of-Bag (OOB)
sets for validation which is as good as CV. Bagging select roughly
67% data from the original dataset and the remaining 23% data
are used for validation. As for each sub-set, the corresponding
OOB set is randomly selected as well; there is less chance of
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over-fitting (superior performance during training but poor perfor-
mance for testing).

For the RF model, we considered the number of trees as 100,
and the number of variables randomly sampled as candidates at
each split was 3. In this paper, a three-layer feed forward ANN with
backpropagation Levenberg–Marquardt training algorithm and
log-sigmoid transfer function was selected. The proper number of
neurons in the hidden layer is problem specific for successful train-
ing of the network and was obtained by varying different number
of neurons in the hidden layer using trial and error method. If there
are too few neurons, it can result in under-fitting whereas too
many neurons lead to over-fitting (Karnik et al., 2008). Also, pro-
longed training exceeding certain epochs has the tendency of
memorizing the input–output data patterns resulting in poor gen-
eralization ability. Therefore, in this study, maximum 100 epochs
are to be completed or a MSE of 0.00001 was set as stopping crite-
rion. The ANN is trained in batch training mode. The training pro-
cess was stopped either by the MSE goal or the maximum number
of training epochs, depending on which is reached earlier. Fig. 3
presents the box plot of all the input–output parameters of the
steelmaking process. The value of l is taken as 0.01 as a starting
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Fig. 3. Box plot for various input–output p

Table 2
Parameters for the SVR performing 50 trials for the training datasets.

Trial 1 2 3 4 5

C 0.3536 0.25 0.25 1.4142 0.3536
e 3E�6 0.0032 1E�5 0.00032 3E�6
c 0.1 0.1 0.1 0.1 0.1

Trial 11 12 13 14 15

C 0.25 1 0.25 2.8284 1
e 0.0001 0.0032 0.00032 0.001 0.001
c 0.1 0.1 0.1 0.1 0.1

Trial 21 22 23 24 25

C 0.25 0.3536 0.707107 2 4
e 0.001 0.00033 0.001 0.001 0.0003
c 0.1 0.1 0.1 0.1 0.1

Trial 31 32 33 34 35

C 0.5 0.3536 0.5 0.25 0.3536
e 0.001 0.0001 3.1E�5 3E�6 3E�6
c 0.1 0.1 0.1 0.1 0.1

Trial 41 42 43 44 45

C 0.5 0.25 2 0.7071 2.8284
e 0.001 1E�5 0.00032 0.0032 0.0003
c 0.1 0.1 0.1 0.1 0.1
point, with b = 10 for this study. In case of DENFIS, first order off-
line model is used and the training also undergoes a 5-fold CV.
For DENFIS, the training mode was taken as 1st order offline mode,
the cluster radius threshold as 0.1, and the number of rules in a
dynamic fuzzy inference system as 1. For the SVR model, its para-
meters C, e, and c were selected for performing each trial during
the training stage are reported in Table 2. Also, for the SVR model
we considered the kernel as Gaussian RBF. We consider the mean
square error (MSE) and the absolute percentage error (APE) as error
performance measure. MSE is expressed as:

MSE ¼ 1
N

XN

t¼1

YactðtÞ � YpredðtÞ
� �2 ð17Þ

And APE is calculated as:

APE ¼ Yact � Ypred

Yact

����
����� 100% ð18Þ

where Yact and Ypred are the actual and predicted values of the out-
put yield for a particular dataset respectively and N is the total
number of data patterns. The mean absolute percentage error
Y_actXGRTSCHPRDNORRTST

arameters of the steelmaking process.

6 7 8 9 10

0.25 0.25 0.25 0.5 0.1768
0.0032 0.001 0.0001 0.00032 0.001
0.1 0.1 0.1 0.1 0.1

16 17 18 19 20

0.25 0.5 0.125 0.5 0.25
1E�5 1E�5 0.001 0.001 0.0001
0.1 0.1 0.1 0.1 0.1

26 27 28 29 30

0.5 2.8284 0.3536 0.25 0.25
3 0.001 1E�5 0.0001 0.0032 1E�6

0.1 0.1 0.1 0.1 0.1

36 37 38 39 40

1.4142 0.7071 0.25 1 0.5
0.001 0.001 3E�6 0.0032 0.001
0.1 0.1 0.1 0.1 0.1

46 47 48 49 50

0.3536 0.3536 0.3536 0.7071 1.4142
2 0.00001 0.001 0.0032 1E�5 0.001

0.1 0.1 0.1 0.1 0.1



Table 3
MSE of the CV for each method performing 50 trials for the training datasets.

MSE RF ANN SVR DENFIS

Max 0.000339 0.000134 0.0000871 0.00000919
Min 0.000234 0.0000312 0.0000297 0.0000329
Mean 0.000292 0.0000693 0.0000513 0.0000554

Table 4
MSE for each method performing 50 trials for the testing datasets.

MSE RF ANN SVR DENFIS

Mean 0.000285 0.000110 0.000058 0.000059
Median 0.000269 0.000075 0.000050 0.000050
Min 0.000075 0.000013 0.000013 0
Max 0.000600 0.000388 0.000288 0.000225
Standard deviation 0.000136 0.000082 0.000043 0.000039

Table 5
MAPE for each method performing 50 trials for the testing datasets.

MAPE (%) RF ANN SVR DENFIS

Mean 1.5895382 0.8348379 0.5777849 0.5987885
Median 1.6528003 0.7543936 0.5981619 0.5955293
Min 0.5971591 0.1453488 0.1453488 0
Max 2.762486 1.801150 1.290621 1.459977
Standard deviation 0.4985421 0.3604030 0.2256388 0.2794257

Fig. 4. Ape profiles for

Table 6
t-Test Statistics of MSE, t is the t statistic, DoF is the degree of freedom and p is the
p-value.

p t/DoF

RF ANN SVR DENFIS

RF – 7.84/80.4 11.27/58.7 11.33/57.2
ANN 8E�12 – 3.92/74.2 3.96/70.6
SVR 0 9E�05 – �0.06/97.2
DENFIS 0 8E�05 0.5241 –

Table 7
t-Test Statistics of MAPE, t is the t statistic, DoF is the degree of freedom and p is the
p-value.

p t/DoF

RF ANN SVR DENFIS

RF – 8.67/89.2 13.07/68.3 12.26/77.0
ANN 8E�14 – 4.27/82.3 3.66/92.3
SVR 0 2E�5 – �0.41/93.8
DENFIS 0 2E�4 0.66 –
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(MAPE) is the average of sum of APEs over the testing sample con-
sisting of a number of datasets.

MAPE ¼ 1
N

XN

t¼1

YactðtÞ � YpredðtÞ
YactðtÞ

����
����� 100% ð19Þ
5.2. Discussion of results

The 5-fold CV was applied for training the four methods and the
CV accuracy was reported in Table 3. It is shown that ANN, DENFIS
and SVR had smaller MSE than RF but the difference among ANN,
SVR and DENFIS are marginal.

Tables 4 and 5 summarized the testing MSE and MAPE values in
terms of mean, maximum, minimum and standard deviation using
RF, ANN, SVR and DENFIS, respectively. Since the actual yield val-
ues provided in the dataset were rounded to 2 decimal points,
our calculation also rounds the predicted yield values to 2 decimal
points. From the comparative results of Tables 4 and 5 considering
50 trials for the training datasets, it is evident that SVR provides
most accurate prediction accuracy with its mean MSE of
0.000058 which is close to 0.00001 of MSE as the goal of learning,
followed by DENFIS, ANN and RF respectively. For MAPE, the
results showed that SVR had a smaller average MAPE value and
smaller standard deviation than the other three methods.

t-Tests were implemented to check the significance of improve-
ment among the four methods. Table 6 showed the t statistics of
MSE. It is shown that DENFIS and SVR significantly outperformed
(95% confidence interval) RF and ANN but there is no strong confi-
dence to show that the performance of DENFIS and SVR differ in
terms of MSE. Similarly, t-test on MAPE given in Table 7 show that
DENFIS and SVR had significant better performance than the other
two but there is not enough confidence to differ between DENFIS
and SVR.

The t-tests also showed that RF had the worst performance
among the four methods based on both MSE and MAPE statistics.
Notice that the null hypothesis for the t-tests is that there is no sig-
nificant difference on the means of the two methods’ MSE/MAPE
and the alternative hypothesis for the t-tests is that the method
on the row dimension has bigger MSE/MAPE than the method on
the column dimension. Smaller p-value strongly rejects the null
hypothesis and vise versa.

The MSE and APE plots of different algorithms for 50 trials dur-
ing training and testing are shown in Figs. 4 and 5 respectively.

Alternatively, we can verify the predicted and the correspond-
ing actual results using a regression analysis. We used a polynomi-
al curve to best fit in the regression analysis and the results of R2
the test patterns.



Fig. 5. MSE profiles for different trials during training.

Table 8
R2 values for each method performing 50 trials for the testing datasets.

R2 RF ANN SVR DENFIS

Max 0.656487 0.958428 0.981789 0.980357
Min �0.31606 0.046101 0.292717 0.233858
Mean 0.373867 0.762812 0.821138 0.841952

Table 9
CPU time for each method performing 50 trials for the training datasets.

Time (s) RF ANN SVR DENFIS

Max 0.036249974 1.964092639 0.482922903 1.720499317
Min 0.026482284 1.42086336 0.323337876 1.353960714
Mean 0.029120132 1.557803559 0.370283631 1.473774888

Table 10
t-Test Statistics of CPU Time, t is the t statistic, DoF is the degree of freedom and p is
the p-value.

p t/DoF

RF ANN SVR DENFIS

RF – �93.73/49.3 �83.12/49.5 �124.92/49.1
ANN 0 – 70.63/55.2 4.2/88.3
SVR 0 1 – �89.98/61.1
DENFIS 0 1 0 –
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values for each method during testing are shown in Table 8. As
expected, the mean values of R2 for the SVR and DENFIS over 50 tri-
als of the testing datasets are close to 1, which indicate better pre-
dictability of the DENFIS and SVR models than those of RF and
ANN.

The mean, maximum and minimum values of CPU times (in sec-
onds) required for each method performing 50 trials for the train-
ing datasets are reported in Table 9. From the table, it is found that
RF is the fastest of the four methods and ANN is the slowest. t-Test
(Table 10) on CPU time showed that there is significant confidence
to distinguish among the four methods and the rank of the CPU
time in ascending order is:

RF < SVR < ANN < DENFIS.

However, as the differences of the computational times are so
small, it is unlikely that the CPU times will be a deciding factor
for selecting any of the four methods.

Based on the analysis of the results, we can find that DENFIS and
SVR had better performance in terms of accuracy than RF and ANN.
It is because that RF is decision tree based, which is superior for
discrete valued tasks such as ranking and classification but for con-
tinuous valued regression, RF may lack of accuracy. ANN, as dis-
cusses, maybe easily trapped in local minima, causing inaccurate
generalization. On the other hand, SVR is a global optimization
method and can map low-dimensional input space to high-dimen-
sional feature space for regression, thus is more advantageous than
RF and ANN. DENFIS, which combines the advantage of evolving
fuzzy system for generalization and ANN for training capability,
can overcome the limitations of ANN but with a sacrifice in compu-
tational time.

In terms of computational time, DENFIS and ANN are slow
because of the training procedure. RF is the fastest because the
training does not require much parameter tuning. Therefore, we
can conclude that SVR is the best performed method for steel mak-
ing yield prediction among the four methods.
6. Conclusion

In the present study, we applied RF, ANN, DENFIS and SVR to
predict yield of steel of the open-hearth steelmaking process. A
comparative experiment was carried out based on real-life data
set. The results show that SVR has been found best performed
method among the four learning algorithms and can serve superior
learning machine alternatives for existing prediction methods. It
can be also seen from the computational results that the prediction
model of SVR is faster than DENFIS and overcomes the shortcom-
ings of RF and ANN such as unexplainable nature of relationships
among the input and output parameters of the process, trapping
in the local optimum and often tendency of overfitting leading to
poor performance. So, SVR may be considered promising machine
learning tools for modeling complex processes involving the inter-
ferences of noisy real-life data sets and nonlinear relationship
between the input and output parameters in the processes.

There are some limitations of this research worth to mention.
First, we have adopted ten input variables of the steelmaking pro-
cess based on a priori reasoning. In addition to these input vari-
ables, some other factors like suitable charging material can be
used as the inputs of the proposed models. Next, we investigated
the prediction performance of the models based on fifty-four
input–output data patterns. Nevertheless the data sets considered
here proved that they are useful in predicting the yield of steel.
However, a larger number of data sets once these are available,
especially on daily-basis could be used to investigate a more com-
prehensive and precision prediction performance of the yield.

Several issues are worthy of future research suggestions. First,
similar to open-hearth steelmaking process, SVR model can be
used in modeling blast furnace process which plays a critical role
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in ferrous metallurgy industry and also in oxygen steelmaking con-
verter which is currently producing aggregate approximately 80%
of total world steel market. Second, efforts will be made to estab-
lish effective and efficient prediction precision model of SVR whose
optimal parameters can be selected using suitable soft computing
tools. Third, it would be interesting to investigate the prediction
performance for on-line models as well. Finally, we also need to
develop a more accurate prediction model on large samples of
real-life data sets. As an alternative to existing learning algorithms,
extreme learning machine has also great potential for developing
efficient and accurate modeling in different applications.
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