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ABSTRACT

The indgde of ablast furnace processis very complicated and impossible to modd
mathematicaly. A new gpproach in thisfield rlies on usng artificid neura networks which
have proven successful in dealing with complex systems that involve many varigbles. One of the
most important parameters to modd is the hot meta temperature - the temperature the output of
the blast furnace, pig iron. Thisthes's presents a multi-layer perceptron neura network which
predicts hot meta temperature based on 11 input variables and the actuad output vaue from the
previous time period. The best result achieved was a mean squared error of 0.0086 between
the predicted hot metad temperature and the actua hot meta temperature.
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1.0 Introduction

Iron working dates back to approximately 1700 B.C. in Europe. The preparation of iron
remained the same from the time of the Hittites to the end of the Middle Ages. dternating layers
of ore and wood (or charcod) were heated until a mass of molten ore was obtained. The
molten ore was then hammered while hot in order to remove the impurities - and thereby obtain
the raw iron, ready to be forged. The forge was set up afew steps away from the hearth where
the metal was prepared. Originaly asmple conicd hole in the ground, the hearth evolved into a
furnace, and was gradudly perfected. The quantity of the iron produced from the furnace was a
few kilograms at firgt, and then increased to 50 to 60 kilograms by the Middle Ages[1]. From
the beginning, smal quantities of sed, i.e., iron enriched with carbon, were manufactured. Sted

proved to be both harder and more resstant than iron.

Iron production involves a series of complex chemica and thermd reactions aswdl asintricate
mechanica operations. Many variables areinvolved in the process. Because of the complexity,
exact mathematica modeing of these processes has proven to be a difficult, in some instances,
amost impossbletask. Asaresult, iron manufacturers often ded with incomplete and uncertain

data by relying on the experience of individua experts. Many iron-makers worldwide now use



techniques such as expert systems, fuzzy logic, and neurd netsto improve quaity and efficiency

of their iron production [2].

A crucid processiniron production is the use of a blast furnace, which evolved from the
traditiond furnace. A blast furnace mets down ore and coke. Then, through series of chemica
reductions, it outputs pig iron. Although a number of newer technologies have been introduced
for this process, most iron oreis still converted to iron using ablast furnace. More than twenty
gtories high, the temperature insde a blast furnace can reach as high as two thousand degrees
Cdsus[3]. Dueto the coexistence of severd phases and the complex flow conditions with
mass and heet trandfer indde, ablast furnace is very difficult to model. For many years, blast
furnace operators have been aware of the fact that there are no universaly accepted methods

for accuratdly controlling blast furnace operation and predicting the outcome.

The performance of the blast furnace is based on pig iron analys's, its temperature and the
condition of the dag. The conditions of these output parameters can be influenced, in various

degrees, by any of the many variablesinvolved in the blast furnace operations[3].

In order to optimize the operations of the blast furnace, one needs amodd that can
automaticaly predict pig iron contents, its temperature, and the condition of the dag. There
have been severa neura network applicationsin thisfield [4] [5] [6]. Based on thisinformation
and the critical need for amore accurate mode for one of its blast furnaces, Tatalron and Stedl

Company (TISCO) in Jamshedpur, India, sponsored a research project at MIT. Our task isto



develop a predictive model which exhibits close proximity to the operations of a particular blast

furnace a TISCO. The mode uses data mining techniques, particularly neurd networks.

The neura network technology to date is still an art, rather than an exact science. There are few
st rulesto follow and it is very difficult to foresee what kind of mode would work well for the
given st of data Thisthesis focuses on how our team at MIT managed to overcome these

difficulties, through as much trid and error as deliberate planning and methodical execution.



2.0 Background

2.1 Data Mining

Datamining isthe process of intdligently extracting hidden trends and information from
corporate and industry databases. In the case of the TISCO data too, it becomes very difficult
to find underlying trends using mathematical modeling and conventiona OLAP. The use of new
techniques can help TISCO to learn more about their blast furnace and help their operators

automaticaly predict the output.

2.1.1 Tasks

Data mining can be used to tackle five types of tasks: classfication, prediction, estimation,
clustering, and association. Most business and industry problems can be phrased in terms of
one or more of thefive types of tasks. Each task is performed using one or more underlying
techniques. In commercid products, whether or not a technique can perform dl thetasksit is

capable of depends on the actua implementation.

Classfication is defined as examining the features of a newly presented object and assigning it to
one of a predefined set of classes[7]. An example of classfication iswhen banks classfy each
loan gpplicant as low, medium or high risk. Decison trees, neurd nets, genetic agorithms and

memory-based reasoning are techniques well suited for thistask. Link analysis can adso gpply in



certain cases. Data mining companies usualy mean classfication when they use terms such as
customer profiling, targeted marketing, and churn andysis.

Prediction, sometimes cdled time- series forecagting, is Smilar to classfication or estimation
except that the records are classified according to some predicted future behavior or estimated
future value [7]. The emphasis here is the dependence of these vadues on time. Market basket
andyd's, memory based reasoning, decison trees, and neurd nets are dl suitable for usein

predictionoriented gpplications.

Egtimation deds with continuoudy vaued outcomes wheress classfication only deals with
discrete outcomes. Given some inputs, estimation outputs vaues for some unknown continuous
vaiables. For example, estimating the income of a particular family. Neurd nets are well suited

for estimation tasks.

Clugtering is the task of segmenting heterogeneous population into a number of more

homogeneous subgroups, or clusters[7]. Clustering does not depend on predefined classes,
which differentiates it from classfication and prediction. Clugtering can be implemented using
market basket analys's, memory-based reasoning, cluster detection, decision trees and neural

agorithms.

Associaion, sometimes called affinity grouping, involves items that occur together in agiven
event. A rulesuch as: if item A is part of an event, then x percent of the time, item B is part of

the event. Sequence association dso fadlsinto this category. (If surgica procedure X is



performed, then x percent of the time infection Y will occur.) Market basket analys's, memory-
based reasoning, and link andysis are often used to perform association tasks.

The techniques used in data mining are not new. They are borrowed and adapted from other
disciplines such as Al (atificid intdligence), graph theory, probability and satistics, and even
genetics. Every data mining product incorporates one or more techniques, depending on the
leve of sophistication of the product. Often, the more techniques a product incorporates, the

greater its cgpability and flexibility, and the higher the price.

2.1.2 Neural Nets

Artificd neurd network is one of the oldest and most frequently used techniques in data mining.
The strengths of neurd netsinclude their broad flexibility (they can handle awide range of

problems), and their ability to handle both categorical and continuous variables.

Even though a neurd net arguably offers the most advanced data mining power, it has severd
weaknesses. The most serious weakness isthat it lacks explicitness - the processis often not
explained. It isdmogt asif the pattern discovery process is handled within a“black box”
procedure. The interesting aspect isthat aneura net’s wesknessis dso its strongest asset. The
difficulty that liesin explaining the process means that the results are often new and non-intuitive.
They have never been thought of before, so the results could potentidly lead to aradica change

of view or the birth of arevolutionary new idea.



2.1.3 Decision Trees

Decison trees are borrowed from Al and atistics. The decision trees agorithms commonly
used are CART?, CHAID?, and C4.5°. CART can only build binary trees and it grows the full
tree before pruning it, causing over-fitting®. C4.5 is similar to CART except that it can produce
varying numbers of branches per node. While CART and C4.5 can accept both categorica
and continuous values, CHAID isredtricted to categorica variables. Continuous variables will
have to be broken down into categories when using CHAID. Unlike CART and C4.5, CHAID

does pruning while it builds the tree so that over-fitting does not occur.

There are severd mgjor advantages as well as disadvantagesin using decison trees. Decision
trees generate understandable rules no matter how complicated the inputs are. It isgenerdly
easy to follow any one path through the tree, so explaining the decisons dong the way is essy.
Computation cost for each plit isinexpengve. In practice, dgorithms tend to produce decison
trees with alow branching factor with smple tests a each node. The tree does not grow out of
hand and these tests trandate into Smple Boolean and integer operations that are fast and
inexpendve. Usng decison trees, the fidld which isthe best a solitting the training records can
be singled out for andyss. This enables the user to figure out which varigble influences higher

data the most.

! CART stands for classification and regression trees. The method was published in 1984

2 CHAID stands for chi-squared automatic interaction detection. |t was published in 1975

¥ C45is successor to 1D3.

* Over-fitting occurs when the information is too detailed. For example, some road maps are very detailed,
including every street in arelatively small area. Other maps are more general, covering the mgjor roadsin
alarger area. Which isthe better map to use? If we need to travel alarge distance, it may be difficult to
figure out the best path from a patchwork of detailed maps. The detailed map overfits the information.
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Even though decison trees are very good at classfying data, they are not appropriate for
esimation. It isdso hard to use decison treesfor problems involving time series dataunless a

lot of effort is put into presenting the datain such away that trends are made visble,

2.1.4 Memory-based reasoning

Memory-based reasoning (MBR) is dso known as nearest neighbors. Like decision trees and
neura nets, the idea came from Al. MBR looks for the nearest neighbors in the known

ingtances and combines their values to assign classification or prediction vaues.

Because MBR generates alist of the nearest neighbors, the results produced can be readily
understood. MBR is gpplicable to arbitrary data types, even nontrelationa data since the
technique does not depend on the underlying representation of the data. The performance of
MBR does not depend on the number of fields in the records, which makes it practical to use

when other techniques such as neura nets do not perform well.

However, MBR requires costly computation to perform when doing classfication and

prediction snce finding the nearest neighbors involves gpplying the distance function to dl the

fiddsin therecord and al the recordsin the training set.
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2.1.5 Genetic Algorithms

Genetic agorithms apply the mechanics of genetics and naturad selection to perform a search
used for finding the optima sets of parameters that describe a predictive function.
Genetic dgorithms are frequently employed to train neurd nets. Many neura nets package

incorporate genetic agorithms as an option for the training phase.

Genetic agorithms produce results that are explainable. The results can be easily applied
because they take the form of parametersin the fitness functions. In many cases, genetic
agorithms are used for finding optima values. They are not limited to the types of input data -

as long as the data can be represented as a string of bits of afixed length.

Even though genetic algorithms are suitable in optimization, they do not guarantee optimdity.
They may strike aloca optimaand never find the best solution (globa optima). Genetic
agorithms can be quite computationaly intensive; therefore products incorporating them tend to

be enterprise-leve products that run on powerful servers.

2.1.6 Link Analysis

Link andyssis sometimes referred to as association andyss. The technique originated from the
field of graph theory. Link analyss follows relationships between records to develop modds

based on patternsin the relationships. 1t is particularly useful for crime solving and the telephone



industry because applications in these areas involve naturd links. Link andyss dso offers

powerful visudization and makes the process easly understandable.

However, link andyssis not appropriate for many types of problems. It does not apply to
classfication and prediction like neura nets that take datain and produce an answer. Link

andysis finds specific patterns that can then be applied to data.

2.1.7 Market Basket Analysis

Market basket andysis gpplies probability and statistics measures to the database. The statistic
methods used here are different from the standard statistic methods such asregression. Market
basket andyssisaform of clustering used for finding groups of items that tend to occur

together in atransaction.

The output usng market basket analyssisin the forms of rules, which are clear and
understandable. When gpproaching alarge set of database without knowing where to begin
(i.e, thereis no one predefined notions or conjectures), market basket andysisis very useful
because it looks for the patterns inherent in the data. It is aso Smple to use compared to more

complex techniques such as genetic dgorithms or neurd nets.

However, the computationd effort grows exponentidly as the problem size grows. Even though
methods are available to generdize the items andyzed, important rules might be diminated in the

process of generdizing. Market basket andysis works best when dl items have gpproximately

13



the same frequency inthedata. Itemsthat rarely occur are in very few transactions and will be

pruned.

2.1.8 Clustering Detection

In the clustering detection gpproach, there is no pre-classfied data and no distinction between
independent and dependent variables. Instead, the agorithms search for groups of records -
the clusters that are smilar to one another, with the assumption that smilar records represent
amilar cusomers who will behave in smilar ways. Cluster detection israrely used inisolaion
because finding clugtersis not an end initself. Once clusters have been detected, other methods

must be applied in order to figure out what the cluster mears.

Clugter detection is undirected datamining - it can be applied even when there is no prior
knowledge of the interna Structure of a database. Hidden structures are uncovered to improve
the performance of more directed techniques. Since there is no need to specify independent

values, dependent values, input and outputs, cluster detection is very easy to apply.

The flip sde of undirected knowledge discovery is that when one does not know what oneis
looking for, one may not recognize it even when onefindsit. The clusters one discovers may

not offer any practica vaue.

2.2 Neural Networks
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In anumber of disciplines such as atificid inteligence, physcs, psychology, linguidtics, biology
and medicine, the current focus of research is connectionism. Connectionist systems condst of
many primitive cdls (units) working in pardld, which are connected via directed links
(connections). The main processing principle of these cdlsis the digtribution of activation
patterns across the links smilar to the basic mechaniam of the human brain, where information

processing is based on the transfer of activation from one group of neurons to others through

Synapses.

The human brain exhibits high performance when dediing with highly complex cognitive tasks
like visud and auditory pattern recognition. Thisisagrest motivation for modeling the human
brain. Because of this motivation, connectionist models are o called neura nets. However,

mogt current neurd network architectures do not imitate the biological modd inrigid terms

In the current neurd network models, knowledge is usudly distributed throughout the net and is
gtored in the structure of the topology and the weights of the links. The networks are organized
by (automated) training methods, which greetly smplify the development of specific
gpplications. There are two advantages of usng connectionist models. In Stuations where no
clear st of logicd rules can be given, the firgt advantage adlowsthe classicd logic in ordinary Al
systems to be replaced by vague conclusions and associative recals (exact match versus best
match). The inherent fault tolerance of connectionist modd s is another advantage.

Furthermore, neurd nets can be made tolerant againgt noise in the input and generdly exhibits

15



graceful performance degradation: with increased noise, the qudity of the output usudly

degrades at adow pace[8].

Neurd networks, as an associative memory or as computationa agorithms, can perform
massvely pardld and ditributed information processing. A neurd network consgs of alarge
number of neurons that exchange information through synaptic connectionsinternaly and with
the real-world environment. A neuron receives as input aweighted sum of the outputs (or
activation) of the other neurons and produces a nonlinear (often step-like or s-shaped)
transformation of theinput. Individua neurons can only perform asmple signa processing
function. However, when many neurons are organized into a number of layers with a specific

topology, the networks can provide interesting and sophisticated functions.

Many different network configurations are being proposed in the literature. An especidly
popular configuration is the multi-layer Feed-forward network. This network conssts of an
input layer, some hidden layers (which have no direct connections to the environment), and an
output layer. The information flows from the environment to the input layer, passes through the
hidden layers to the output layer, where the activation of the nodes represents the output of the
neurd network. A nodein an upper (i.e., hidden or output) layer receives asinput aweighted

sum of the activation of dl outputs in the layer below it.

The power of the neural networks originates in the non-linearity provided by the hidden layer.

A neura network can outperform dl gatigticad andyss methods such as linear regression,

16



making it especidly useful in dedling with a complex process such asthe insde of ablast

furnace.

3.0 Blast Furnace

17



Higtoricdly, most iron ore is converted to iron using ablast furnace. The production of iron
requires three import raw materias: iron ore, “coke’ converted from cod, and limestone. Iron
is the fourth most dbundant eement in the Earth's crudt. It isfound in high concentretion in ore
deposits, where it resdes as oxide. Intense heet is required as an input in the production of
iron. Part of the heet is necessary to increase the temperature of the raw materials and part of it
isrequired for endothermic chemical reactions. The cod is converted to a product caled coke
in coking ovens. Coke plays two important rolesin the blast furnace - first asthe reducing
agent, and second to generate the required heet levelsto smelt sted. Thelimestone actsasa

flux to draw off the impurities from the ore.

The three raw materias are added to the top of the blast furnace. A blast of ar containing
oxygen isinjected in from the bottom of the furnace. This causes the coke to burn in the lower
part of the furnace, where preheated air and additives, such asoil or pulverized cod, humidity
and oxygen, are injected through nozzles, tuyeres, with an intense heat of dmost 2000 C. The
coke moves further down the furnace to be oxidized to carbon monoxide by reacting with
oxygen in the hot blast. The products from the reaction, mainly carbon monoxide and nitrogen,
rise through the descending bed of burden materids, to hest, reduce, and melt the iron bearing
materids. The partidly oxidized gasfindly leaves the process at the top of the blast furnace at a
temperature of afew hundred degrees Celsus. The temperature in the furnace varies widely:
from afew hundred degrees (upper shaft) to about 2000 C (lower zone where the cokeis
oxidized to carbon monoxide). The pig iron temperature is about 1450-1500 C. During this

process, the molten iron, which isin contact with coke, absorbs carbon up to its thermodynamic

18



limit [3]. See Figure 1 for anillugiration of a blast furnace and the chemical reactions thet take
placeinddeit. Molten pig iron and dag, present in the lower part of the blast furnace (bottom

and hearth), trickles down from the upper part. They are tapped at irregular intervals through

the taphole.
Charge of Blast Furnace
Fea0s~ iron (?re, )
c coke,

CaC0g — limestone Flue gas CO;

reducing zone
Fe;0z + CO —> Fe + CO5

l

hot gases to
preheat air

Co

© o B - Gl heated air

molten _ slag
iron .
Ca5i0g

Fe CaCOsz + 5i0, —> CaSi0z + CO,

C. Ophardt c. 19927

Figure 1: A Typical Blast Furnace[10]

Silicon enters the blast furnace through the ores as well asin coke ash in the form of oxide and
glicates In the highly reducing aimosphere prevailing in the high-temperature region of the blast
furnace, apart of glicates gets converted via slicon oxide-gas to slicon dissolved in molten iron
The stedl produced from pig iron should not have more than a certain amount of sliconinit,
depending onitsend use. An excess of slicon in the pig iron is uneconomica in the sense that

expensve metalurgica coke iswasted in the blast furnace in the reduction reactions [4].
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Impurities in the iron ore such as slicon dioxide react with the limestone to produce dag,

CaS O3, and carbon dioxide. The dag floats on top of the molten iron because of its lower
dendgity and can be drawn off separately. The lower hearth is operated batch-wise because
metd and dag are tapped intermittently at intervas of afew hours.

The pig iron istreated in a second step caled the basic oxygen furnace. Pure oxygen isblown
into the molten pig iron to oxidize the impurities of sulfur, phosphorus, and carbon to their
respective oxides: SO, P20s, and CO,. The result of this operation is the production of

carbon sted.

The neurd network modeling is done on the new ‘G’ blast furnace TISCO commissioned. It

has aworking volume of 1800 n¥, a hearth diameter of 9.2 m and a shaft height of 16.5m[9).

4.0 Stuttgart Neural Network Simulator

20



The software package used to modd the process of the ‘G’ blast furnace is the Stuttgart Neura

Network Smulator (SNNS). 1t was chosen for its ease of use, portability and availability.

SNINS is a software smulator for neura networks on Unix workstations developed at the
Indtitute for Pardlel and Digtributed High Performance Systems (IPVR) at the University of
Stuttgart. The god of the SNINS project isto create an efficient and flexible smulation

environment for research on and application of neurd nets[8§].

The SNNS smulator consgts of two main components.
1) Smulator kernd writtenin C

2) Graphical user interface under X11R4 or X11R5

The smulator kernel operates on the interna network data structures of the neurd nets and
performs al operations of learning and recall. It can also be used its user interfaceasaC
program embedded in custom gpplications. It supports arbitrary network topologies and the
concept of stes. SNNS can be extended by the user with user defined activation functions,
output functions, Site functions and learning procedures, which are written as smple C programs

and linked to the amulator kernd.

The neurd networks included in SNNS are the following:
Feed-Forward Networks

Time-Delay Networks

21



ART Networks
Sdf-Organizing Maps
Auto-associative Memory Networks

Partiad Recurrent Networks such as Jordan Networks and Elman Networks

The graphica user interface XGUI (X Graphica User Interface), built on top of the kernd,
givesa2D and a 3D graphicd representation of the neurd networks and controls the kernel
during the smulation run. In addition, the 2D-user interface has an integrated network editor,

which can be used to directly create, manipulate and visudize neurd netsin various ways.

4.1 Neural Network Terminology Used by SNNS

A network consists of units and directed weighted links (connections) between them.
Anaogous to biological neurons, each unit receives anet input that is computed from the
weighted outputs of prior units with connections leading to this unit. Figure 2 shows a smdl

network.

The actud information processing within the unitsis modeled in the SNNS smulator with the
activation function and the output function. The activation function first
computes the net input of the unit from the weighted output vaues of prior units.

It then computes the new activation from this net input (and possibly its previous

@
/TN

Output unit



activation). The output function takes this result to generate the output of the unit. These
functions can be arbitrary C functions linked to the smulator kernel and may be different for
each unit. The graphica user interface XGUI (X Graphica User Interface), built on top of the
kernd, givesa 2D and a 3D graphica representation of the neural networks and controls the
kernd during the smulation run. In addition, the 2D- user interface has an integrated network
editor, which can be used to directly create, manipulate and visudize neurd netsin various

ways.

The SNNS simulator offers the use of Sites as additional network element. Sites condtitute a
sample modd of the dendrites of a neuron, facilitating the grouping of the expectation of
different treetment of the input Sgnds of acdl. Each Ste can have a different ste function. This
Sective trestment of incoming information alows the creation of more powerful connectionist

modds. Figure 3 shows one unit with sites and one withott.
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Depending on their function in the net, one can distinguish three types of units: the units whose
activations are the problem input for the net are caled input units; the units whose output
represent the output of the net output units; and the remaining units which are caled hidden

units, because they are not visible from the outsde.

In most neurd network models, the type correlates with the topologica posdtion of the unit in the
net. If aunit does not have input connections but only output connections, then it is an input
unit. If it lacks output connections but has input units, it is an output unit. If it has both types of

connections, it is a hidden unit.

The direction of a connection (link) shows the direction of the transfer of activation. The unit
from which the connection starts is called the source unit, or source for short, while the other is
cdled the target unit, or target. Connections where source and target are identica (recursive
connections) are possble. Multiple connections between one unit and the same input port of

another unit are redundant, and therefore prohibited. Thisis checked by SNNS.

Each connection has aweight (or strength) assigned to it. The effect of the output of one unit on
the successor unit is defined by thisvaue if it is negetive, then the connection isinhibitory, i.e.
decreasing the activity of the target unit; if it is pogtive, it has an excitatory, i.e. activity

enhancing, effect.
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The mogt frequently used network architecture is built hierarchicdly bottom-up. The input into a

unit comes only from the units of preceding layers. Because of the

unit with sites unit without sites

) to other units
to other units

output

'

activation

output function output function

activation

activation function activation function T

s D A
MmN

Figure 3: One unit with sites and one without

unidirectiond flow of information within the net they are do cdled feed-forward nets
(s example see the neurd net classifier introduced in chapter). In many models, afull

connectivity between dl units of adjoining levelsis assumed.

A unit with gtes does not have a direct input any more. All incoming links lead to different stes,
where the arriving weighted output Sgnas of preceding units are processed with different user-
definable site functions (see Figure 3). The result of the site function is represented by the site

vaue. The activation function then takes this value of each ste as the network inpuit.
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The SNNS smulator does not alow multiple connections from a unit to the same input port of a
target unit. Connections to different Stes of the same target units are dlowed. Smilarly, multiple

connections from one unit to different input Stes of itsdf are dlowed as well.

4.2 Update Modes

To compute the new activation values of the units, the SNNS smulator running on a sequentia
workstation processor hasto vidt dl of them in some sequentid order. This order is defined by
the Update Mode. Five update modes for general use areimplemented in SNNS. Thefirg isa
synchronous mode, al other are asynchronous, i.e. in these modes units see the new outputs of

their predecessors if these have fired before them.

1. Synchronous: The units change their activation al together after each step. To do this, the
kernd firs computes the new activations of dl units from their activation functionsin some
arbitrary order. After dl units have their new activation vaue assgned, the new output of the
units is computed. The outsde spectator gets the impression that dl units have fired
amultaneoudy (in sync).

2. Random permutation: The units compute their new activation and output function sequentialy.
The order is defined randomly, but each unit is selected exactly once in every step.

3. Random: The order is defined by arandom number generator. Thusit is not guaranteed that
al units are visted exactly once in one update step, i.e. Some units may be updated severa

times, some not &t all.
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4. Serid: The order is defined by ascending internd unit number. If units are created with
ascending unit numbers from input to output units, this is the fastest mode. Note that the use of
serid modeis not advisable if the units of a network are not in ascending order.

5. Topologicd: The kernel sorts the units by their topology. This order corresponds to the
naturd propagation of activity from input to output. In pure feed-forward nets the input
activation reaches the output especidly fast with this mode, because many units dready have

their find output which doesn't change later.

4.3 Learning in Neural Nets

An important focus of neurd network research is the question of how to adjust the weights of
the links to get the desired system behavior. This modification is very often based on the
Hebbian rule, which states that alink between two units is strengthened if both units are active at

the sametime.

Training afeed-forward neurd network with supervised learning consists of the following
procedure. An input pattern is presented to the network. The input is then propagated forward
in the net until activation reaches the output layer. This congtitutes the so-called forward

propagation phase.

The output of the output layer isthen compared with the teaching input. The error, i.e. the

difference (delta) between the output and the teaching input of atarget output unit j is then used
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together with the output of the source unit i to compute the necessary changes of thelink. To
compute the ddltas of inner units for which no teaching input is available,

(units of hidden layers) the ddtas of the following layer, which are dready computed, are used
in aformulagiven below. In thisway the errors (deltas) are propagated backward, so this phase

is called backward propagation.

In online learning, the weight changes are applied to the network after each training pattern, i.e.
after each forward and backward pass. In offline learning or batch learning the weight changes
are cumulated for dl patternsin the training file and the sum of al changesis applied after one

full cycle (epoch) through the training pettern file.

The most famous learning agorithm, which works in the manner described, is currently
backpropagetion. In the backpropagation learning agorithm online training is usudly significantly
faster than batch training, especidly in the case of large training sets with many smilar training

examples|[§].

4.4 Generalization of Neural Networks

One of the mgor advantages of neurd netsisther ability to generdize. This meansthat atraned
net could classify data from the same class as the learning data thet it has never seen before. In
red world applications developers normdly have only asmdl part of al possble patterns for the

generation of aneurd net. To reach the best generdization, the dataset should be split into three

parts:
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Thetraining set isused to train aneurd net. The error of this data set is minimized during
traning.

The vdidation sat is used to determine the performance of aneura network on patterns that
are not trained during learning.

A test st for findly checking the over dl performance of aneurd net.

Typicdly, adata st is divided into the training set and the testing set. In generd, the it is
based on an 80-20 rule: 80 percent of the data set is used for training and the rest 20 percent is
used for testing. Thisisagood proportion for splitting the data set. Some use the 75-25 rule or
the 70-30 rule [4]. Many vary the rule and adjust the training and testing sets to see how it
affectstheir rdlates. Unless specificaly mentioned, dl of our modeling is done based on the 80-

20rule.

The learning should be stopped in the minimum of the vdidation set error. At this point the net
generalizes best. When learning is not stopped, over-training occurs and the performance of the
net on the whole data decreases, despite the fact that the error on the training data il gets
gmdler. After finishing the learning phase, the net should be findly checked with the third data

S, the test set.

SNINS performs one vaidation cycle every ntraining cycles. Just liketraining, vaidation is

controlled from the control pand.
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It was decided that only neurd network mode s that have one layer of hidden nodes will be
explored for this modeling effort. This decision was based on past experience as well as some
literature search [4] [5]. The power of neural nets comes from its non+linear nature and the
hidden layer provides thet capability. Using two hidden layers provides the same quality of non-
linearity as using one hidden layer, so it is not necessarily better to increase the number of layers.
It has been shown, empiricdly, usng two or more hidden layersin their modes hurt the

performance [4] [5]. Inthiscase, asngle layer of hidden nodes is sufficient.



5.0 Methodology

In the context of thisthes's, aneura network mode isa set conssting of a specific neurd
network agorithm, alearning dgorithm (including the learning rate) for the neura net, and a
correct representation of datato be modeled. Using a set of inputs, the objective isto formulate
aneura network mode that can accurately predict the various output aspects of TISCO's‘'G’

blast furnace.

Before the sdlection of aneura network agorithm and alearning dgorithm is made, an
important factor is capturing the most gppropriate state of the blast furnace. The state of a
blast furnace is defined to be a description of its condition at a point in time. The description
can encompass every measurable detall of the blast furnace, each represented as an input
parameter. The chdlenge liesin defining the scope of the state - which parametersto includein
the model. The raw data received from TISCO, based on its past operationa records, consist
of 35 available input parameters for the prediction of hot metal temperature, each taken at 5-
minute intervals. Due to structurd and chemica complexities, not dl the parameters of the blast
furnace are useful for predicting a certain aspect of the output. The selection of the appropriate
state (i.e. proper set of parameters) for a particular agpect of the output has a great impact on
the modd. Incorporating parameters that have little relevance to the particular output parameter
would cause excessive noise in themodd. Using too few of the highly rdated parameters gives

an inadequate representation of the state of the blast furnace, thus producing an unredigtic
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modd. Furthermore, depending on which output parameter is being modeed, the selection of

the appropriate Sate of the blast furnace could be totdly different.

5.1 Output Parameters

A blast furnace is used to produce pig iron. The qudity and the quantity of the different input
materids aswel and many environmentd factors dl influence the qudity of the pig iron. The
three most important parameters that define the quality of the pig iron are hot metal temperature,
hot metd silicon content, and dag basicity. This thesis focuses mainly on the prediction of hot
metal temperature, with brief descriptions of the other two output parameters. The prediction of
hot metd temperature was the firgt to be examined in the modeling effort snce it is used as an
input variable in the modding of hot meta silicon content and dag basicity. The work donein
the case of the other two output variables followed smilar paths as the modeling of hot metal

temperature.

5.1.1 Hot Metal Temperature

Hot metal is dso referred to as pig iron and its temperature is in the range of 1450 - 1500
degrees Cdsus. Very crucid in determining the quality of the pig iron, hot metal temperature is
an important parameter in both the control and the prediction of the blast furnace[3]. The
temperature of hot metd is measured whenever pig ironistapped. The tapping is done a

irregular intervals.
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5.1.2 Hot Metal Slicon Content

Hot metd slicon content isimportant both for quality and control purposes. Temperature of the
hot metd, slicaactivity in the dag, oxygen activity in the hot metal and other solutes thet are
present directly influence the Slicon content. Not only is Slicon content an important qudity
parameter, it also reflects the internal sate of the high-temperature lower region of the blast
furnace where many of the dynamic changesin pig iron slicon content correspond to smilar
changesin the pig iron temperature and/or shiftsin the heet level, making it an important tool for
blast furnace control. Often, an operator can judge the extent to which the other reactions have
proceeded based on the extent of the silicareduction. Uniformity in slicon content and its
accurate and advance prediction can greetly help to stabilize blast furnace operaions. The
dlicon content of the hot meta is measured when pig ironistgpped. After the pig iron leaves
the blast furnace, it goes through another process become sted. The slicon content of the pig
iron determines the charge baance in oxygen sted- making converters - an important tool in

making sted [4].

5.1.3 Sag Basicity

Sag, dong with CaS O3 and carbon dioxide, is produced when impuritiesin theiron ore, such
asslicon dioxide, react with limestone. Once produced, it floats on top of the molten iron and
can be drawn off separately. In reduction processesin which liquid iron is produced, the dag
plays an important role. 1t absorbs components contained in the raw materid that are

undesirablein iron, such as slicon dioxide. Sag can be easly separated from the meta because



of itslow viscosty, low dendity and the low vapor pressure of its components. Even though
dag isessentidly the waste product of the chemicd reactions, it has properties suitable to make
it sdlable. The qudity of the hot metd is determined by the concentration of slicon, manganese,
phosphorus and sulfur. These concentrations depend on the temperature, the dag basicity (in its
amplest but not entirely accurate form expressed by the lime to slicaratio, CaO:SO,) and the
ratio of the dag and metd quantities. The desulfurization of the hot metd increases with dag

bascity [3].

5.2 Input Parameters for Prediction of Hot Metal Temperature

For the prediction of hot metal temperature, TISCO provided a data set conssting of 35 input
vaiables. A ligt of the more important variables and a description of each isgiven in Table 1.
Anin-depth knowledge of metdlurgy and blast furnace is required to understand these inputs.
Since the focus of this thesis is the modding aspect , the understanding of each input variableis

not necessary. Therefore, only a brief description of each variable is given here.

5.3 Normalization of the Data Set

The process of treating the data set used by the neurd networksis just asimportant as deciding
what type of neurd networksto use. Not only is normdization away to get the datainto an
acceptable format to neura agorithms, it is aso used to ensure that al parameters can be
compared and contrasted againgt each other easily, by scaling them down to within the same
range of vaues. For example, hot metd temperature has values in the range of thousands of

degrees while others have arange of between 0 and 1.



In order for the inputs to be acceptable to neural networks, al vaues of the parameters were

normalized to between 0 and 1. To maximize the cgpability of the neurd networks, vaues need

to be spread as evenly between 0 and 1 as possible, generating sharper contrast and more

deviaion among vaues. This concluson was reached after some

Input Variable Description
RAFT TH RAFT temperature
GIHF Group 1 hesat flux (lower part of blast furnace)
G2HF Group 2 heat flux (upper part of blast furnace)
FIC46 Steam (tong’hr)
INJ ACT Actud cod injection
EH2 Eta hydrogen (from top gas andyss)
QZTOTAL Totd quartz
DP Differentid pressure
CWINDEX Centra working index
LSTOTAL Totd limestone
Pl 59 Wind volume
CMOIST7 Coke moisture from bin #7
AL12 Top gas H2%
CMOIST9 Coke moisture from bin #9
AL13 Top gas CO%
PERM K Permesbility index, K
ECO Eta CO (from to gas andyss)
COKTOTAL Tota coke
O2ENR PV Oxygen enrichment, %
NCKTOTAL Total nut coke
SINTOTAL Totd snter
SINTPERC % sinter in burden
ORETOTAL Totd ore charged
CHRGDTIM Charge time for 10 semi charges
PI92 Hot blast pressure
OREBY COK ore/coke ratio
PIC33 Top pressure in kg/ent
AL13 Top gas CO%
DOLTOTAL Totd dolo
THC R Theoreticd carbon rate

Table 1: List of Input Parameters




initid falure where the neura nets provided “flat” results, and dl the data points clustered
around the middle. The problem disappeared once the vaues were spread out

using an adjusted normdization scheme. The presence of negative vaues for certain parameters
required an adjustment on the normaization scheme in order to accommodateit. After
examining the data s&t, the following normdization scheme was proposed:

(|vduel|- |Min])/(|Max| - [Min])

where | Vaue | is the absolute value of the variable at the specific times. | Min | isthe minimum
of the absolute vaues of that varigblein the data set. [Max | is the maximum of the absolute
vaues of that varidble. Taking the absolute value of everything diminates negative numbers.
The normalized data set contains gpproximate 8000 data points a 5-minute intervas. Certain
vaues were completely out of range compared to vauesin the same column - mistakes made
when the data was recorded. They were manudly removed since the number of irregular data
pointsislessthan 15. The integrity of the data set was not compromised because the number of

irregularsis extremely small compared to the total number of data pointsin the data set.

5.4 Sensitivity Analysis

Before proceeding with neura net modding, each input variable is examined in relaion to the
output variable, hot meta temperature. Naturdly, some input parameters have a bigger impact
on the output variable than others. Two methods were used to gauge how well an input variable
relaes to the output variable: plotting the input with the output and visudly examining them; and

caculating correlation coefficients. Based on operationdal experience, TISCO's blast furnace



controllers recommended some variable that are known to have a high impact on hot metd
temperature. The same methods mentioned above were used to verify whether or not these
variables were indeed highly correlated to hot metal temperature, as well asto explore

dternative high-correlation parameters.

Each input parameter was plotted with hot metal temperature on the same graph in order to
detect patterns. Thereis one graph for each input variable, resulting in 35 grgphstotd.
Comparing the input variable and the output variable graphicadly can show the high level
relationship and the generd trend. Any abnormdity in the trend of each variable can be easily
detected. Figure 4 shows the graph of one of the variables. The input variable is plotted in solid
lines and hot metd temperature is plotted in dotted lines. The x-axis represents the time index
(at 5-minute interva). The y-axis represents the normalized vaue of the input/output variables at

the corresponding time index.

Mog likdly, the actud vaues of the input parameter and hot meta temperature have very
different ranges, therefore, dl the graphs shown in thisthess are plotted in terms of normalized
vaues to alow more than one curve to be plotted on the same graph for comparison purposes.
Thismethod of plotting clearly indicates that dl the normalized vaues were spread evenly

between O and 1.
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By examining the graphs visudly, it was obvious that hot metd is a sep-like function while the
input parameters vary a each intervd, indicating that elther hot meta temperature naturdly stays

congtant for atime period or that the input parameter
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Figure 4: Input Parameter RAFT_TH with Hot Metal Temperature

is measured more frequently than the output parameter. It isunlikely that the hot meta
temperature would stay congtant for along period of time given the nature and the complexity of
the blast furnace. Therefore, it is more likely that the measuring frequencies of the input

parameters and hot meta temperature are not the same. The suspicion was confirmed by
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TISCO - while the input variables are measured and recorded at 5-minute intervas, hot metd
temperature is only measured when the hot metd is tapped, irregularly, a hourly intervas on
average. The out-of-sync measuring of input and output variables would prove to be an

obstacle later on.

The second gep in the sengtivity analysisisto examine the data from an empiricd angle. This
involves caculating correlation coefficient of each input variable againg the output variable. This
method has been used in prior worksin thisfield [4] [5]. Correlation coefficient isa commonly
used gatistic measurement of how closdly one varidble tralls another variddle. It issmilar to
another measure, covariance. Covariance aso measures how much the two variables move in
tandem. However, the correlation coefficient scaes the covariance to a value between -1
(perfect negative corrdation) and +1 (perfect positive correlaion) by dividing their covariance
by the product of the Sandard deviations of the two variables. Correlation coefficient is easier
to interpret and compare because of the scaling. See Table 2 for alist of dl the correlation
coeffidents of the input variables. The positive sign of the corrdation coefficient indicates that
the input parameter “moves’ in the same direction as the output parameter. The negative Sgn
indicates that the input parameter “moves’ in the opposite direction as the output parameter.
The greater the absolute vaue of the coefficient is, the higher the corrdlaion. The largest
corration coefficient is -0.3409 while most of the correlation coefficients are under plus or
minus 0.10, indicating weak relationships between individud input parameters and hot meta
temperature in generd. |If incorporated into amodd, these variables would most likely

introduce more noise than useful information.  In the beginning, the state of the blast furnace



congdtitutes dl the 35 variables provided by TISCO. Later on, the scope of the state will be
narrowed by eiminating low-correlaion variablesin order to reduce the noise and improve the

modd!.

5.5 Linear Regression Model

A linear regresson modd is essentidly a neura network with only one hidden node; therefore it
does not have the nonlinear characteristic that makes a neura network so powerful. Linear
regresson mode s were built as benchmarks for the neurd network models. Because aneurd
network is capable of learning linear as well as nonlinear reationships, they are expected to
perform at least aswell aslinear regresson moddls, if not better [4]. The benchmark linear
regression modes can give an estimate of the qudity of the data set and detect any potential
errorsin using the neural network software - if the neura network results turn out to be
ggnificantly poorer than the results of the linear regresson model, then ether the software was
not used properly or thereis some anomaly in the dataset. The result of alinear regression

modd using dl 35 input variablesis shown in Figure 5.

Input Variable Correlation Coefficient
AL12 0.101
AL13 0.0070
AL14 -0.0629
BGVEL -0.1868
BGVOL 0.1860
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CHRGDTIM 0.0584
CMOIST7 -0.0788
CMOIST9 -0.1052

COKTOTAL 0.0310
CWINDEX 0.1466

DOLTOTAL 0.0898

DP -0.1199
ECO -0.0235
EH2 0.1860
FI59 -0.1092

FIC46 0.2491
GIHF -0.3065
G2HF -0.3134
INJ ACT -0.2117
LSTOTAL -0.1132

NCKTOTAL -0.0437

O2ENR_PV -0.0393

OREBY COK -0.0625

ORETOTAL -0.0538
PERM_K 0.0148

PI89 -0.0594
PI92 -0.0606
PIC33 0.0627
QZTOTAL 0.1240
RAFT TH -0.3409
SINTOTAL -0.0529
SINTPERC 0.0529
THC R N/A
TICo1 -0.0759
TUYVEL -0.0934
TY2L PV Not Used

Table 2: Correlation Coefficients of Input Variables against Output Variable
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Figure5: Results from Running the Linear Regression Model on 35 Input Variables

The linear regresson modd running on the 35 input variables showed poor results which

indicates that the quality of the data set needs to be improved. The next step isto run some



neurd network models using the same set of data to see if they can outperform the linear

regresson moddl.

5.6 Results from Running the Neural Network Model on the Initial Data Set

Three different neurd network agorithms, Feed-forward, Time-delay, and Jordan; with
standard Back- propagation were run usng SNNS. Feed-forward (dlso known as Multi-layer
perceptron) networks are standard and have been shown to solve many different types of
problems. Based on thisinformation, Feed-forward networks were chosen to be run initidly.

In additionl, Time-delay and Jordan networks were selected because of time-dependenciesin
the data, that is, thereisatime delay before a particular set of inputs a one time ingtant affects
the hot metd temperature. Even though they are more complex, Time-delay and Jordan
networks are known for their ability to distinguish time-dependenciesin the data set [8]. The
learning dgorithm used is sandard Back-propagation. Backpropagation is gpplicable to awide

variety of problems and has proven itsdf very successful in modeling nonlinear sysems|[5].

The results from running the Feed-forward neurd network are shown in Figure 6. The results
from the Time-delay and the Jordan modds (not shown) are very smilar to the Feed-forward
model. The Feed-forward model has a mean squared error (M SE) of 0.036.

MSE isameasure of how close predicted and actual output vaues are.
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Figure 6: Results fromthe Feed Forward Neural Net Model

The results from running the neural networks mentioned above lack substantid predictive
power. A visud examination of the two graphs indicates that the neura network model does

not outperform the linear regresson modd by much. Thisislargdy due to the infrequent



measurements of hot metd temperature. The existing data set does not give aredigtic

representation of the changes in hot meta temperature.

5.7 Limitations of the Data Set

The biggest obstacle to building better moddsis the lack of frequency with hot metal
temperature, is measured. Section 4.4 first hinted at this difficulty, and this section will daborate
on that. Under red operaiond settings, it is practicaly impossible to obtain more frequent
measurements, Snce hot metal temperature is measured whenever the metd is tapped from the
blast furnace and it is too expensve and impracticd to tap the meta more frequently. The
origind format of the data displays a congtant vaue for temperatures between hot meta
temperature measurements. Thus, the output generdly stays constant for 8- 14 data points (40-
70 minutes), and then jumps to the vaue of the next measurement, where it again stays constant
until the next jump. Obvioudy thisis an unredistic mode of the physica process of temperature
change. Neurd networks tend to perform poorly when moddling data that exhibit step-like

patterns.

To overcome this difficulty, hot metd temperature is modeled a hourly intervals where an actud
measured vaueis avallable. Temperature for the data points between actud  measurements
were linearly interpolated. Linear interpolation connects one measurement to the next with a
ling; the correct temperature between measurementsis assumed to lieon thisline. Thisis clearly
amore redigtic representation and more accurately captures the relationship between input

variables and hot metal temperature.



Even though linear interpolation is the best way to treat the data set under the circumstance,
temperature between measurements do not grictly lie on astraight line. Something is needed to
“soften” this assumption, such as taking the hourly average data to narrow the difference
between the linearized data and the behavior of the origina data set. Therefore, after linearly
interpolating the hot metal temperatures, the data set was diced into blocks of 12 data points
(because each input parameter is measured gpproximately every 5 minutes). For each block,
the 12 vaues for each of the 35 inputs were averaged, as were the 12 output values. Each 12-
data point block was reduced to asingle, hourly-averaged datapoint. The resultant data set is
reduced to one twelfth of the origind data set and now only contains 702 data points. The data

st isreferred to as the hourly-averaged- data from now on.

5.8 Correlation and Time Lag

Because the production of hot metd is such a complex and lengthy process, it isinevitable that
there are time lags between inputs and output [4]. A changein the vaue of input may not have
an effect on the output until hours later Snce on average, cod and ore take afew hoursto travel
from the top of the blast furnace to the bottom; during which chemical reactions occur.
Furthermore, thislag may vary across different inputs (i.e. each input parameter has a different
time lag with hot metd temperature). To explore the effect of thistime lag, correation
coefficients for each input variable for up to 14 hours from the output, using the hourly-
averaged- data were cdculated, thus empiricaly finding the best estimate of the lag effect for

each input variable. Taking thisinto account yields a more accurate moddl.
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The correlation coefficient between the output and each input variable for a number of lags
between 0 and 14 hours were calculated. For each input varigble, the optimd timelag is
determined by the time lag that has the largest correlation coefficient. The results can be seenin
Table 3. The postive sgn of the correlation coefficient indicates that the input parameter
“moves’ in the same direction as the output parameter. The negative Sgn indicates that the
input parameter “moves’ in the opposite direction as the output parameter. Thefirst columnis
the name of the input variable, the second column contains the highest correlation coefficients for
each correponding input variable, and the third column contains the time lag with the highest

correlation coefficient.

Initialy, some of the correlation coefficients seemed wrong. Based on the experience of blast
furnace controllers, certain parameters have complete opposite signs than the ones computed.
For example, it isfairly wel known that RAFT_TH has a postive correation with hot meta
temperature. The strong negative correlation was surprisng. The correlation that modd is
capturing is the reaction of the operator. When the blast furnace operator sees that the hot

metd temperature is dropping, one of hisfird reactionsisto rase RAFT_TH.

I nput Variable Correlation Coefficient TimelLag
AL12 0.2601 0
AL13 -0.2162 9
AL14 -0.0502 7




BGVEL -0.2585 2
BGVOL 0.1470 10
CHRGDTIM 0.1566 0
CMOIST7 0.2289 14
CMOIST9 0.1312 13
COKTOTAL -0.2758 9
CWINDEX 0.1403 6
DOLTOTAL 0.2376 0
DP 0.1888 11
ECO 0.2153 9
EH2 0.1372 0
FI59 0.2140 11
FIC46 0.3281 0
GIHF 0.1731 14
G2HF -0.3279 0
INJ ACT -0.1153 4
LSTOTAL 0.1714 0
NCKTOTAL -0.0582 1
O2ENR_PV -0.1366 14
OREBY COK 0.0902 0
ORETOTAL 0.1231 0
PERM_K 0.2623 3
PI89 0.1839 11
PI92 0.1785 11
PIC33 0.1360 10
QZTOTAL 0.1366 1
RAFT TH -0.4253 0
SINTOTAL 0.0233 2
SINTPERC -0.0667 0
THC R N/A 0
TIC91l -0.1624 7
TUYVEL -0.1710 2
TY21 PV Not Used Not Used

Table 3: Correlation coefficients of input parameters to the output parameter and related time lags.

Sameisthe case with COKTOTAL and INJ ACT. With AL12 and FIC46, the correlation

was expected to negative, but the correlation coefficients are postive. At high hot meta
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temperature, the operator raises steam to lower the temperature. Such reactions are dways

present in complex processes.

After caculating the optima time lag for each of the input parameters (as described
above), the data set was adjusted in order to implement these lags. Each column was shifted

according to its respective time lag with hot metd temperature.

5.9 Difference Between Training and Testing Data

When the modd s were run on the adjusted hourly-averaged- data set, which accounts for time-
dependencies, the results did not improve as much as expected. The problem was traced to an
inconsistency between the training data set and the testing data set. The testing set hasan
unusud trend, which isinconsstent with the training set. Thisis most likely because the testing
set was constructed by holding out a block of 100 hours worth of data. Perhaps there are nove
operating conditionsin that block of 100 hours that did not occur during the hours captured in
the training set. If s, those conditions will cause the test set to yield poor results. Congtructing
the hourly-averaged-data set caused the number of data to shrink to one-twefth of its origind

gze, S0 using only the training data set and discarding the testing set is not vigble.

A solution to this problem is meking the testing and training sets more uniformly sampled. This
way, instead of holding out one large block of data, sample hours from the entire period

covered by hourly-averaged- data were selected. 200 randomly selected data points were



chosen to be the testing data set. The remaining points make up the training set. This ensures

that the testing and training data sets are more uniform.

5.10 Results

Using the randomized training and testing data sets, alinear regresson mode wastrained to st
the benchmark. Then severa feed-forward neura network models and Jordan recurrent neural
network modds wererun. Every mode was run with a different gpplicable learning agorithm

and adifferent learning rate.

These changes have given the best results so far. Using the hourly-averaged- data set, applying
lag information, and revamping the train and test sets, the MSE for dl types of models were

lowered dgnificantly. Table 4 illugtrates this.

Model Old MSE New MSE

Linear Moddl 0.0735 0.0114

Feed Forward ANN (25 hidden) | 0.0415 0.0098

Jordan Rec. ANN (12 hidden) 0.0415 0.0098
Table 4: Results

5.11 Revising the Data Set

Still, the modd's predictive performance could be better. One of the most urgent problemsis
the lack of data. The number of available data pointsis not adequate for the number of input
variablesmodded. Obvioudy, the more data points used to train the neural networks, the
better the results. Redligticaly, however, most gpplications do not have tons of data ready at

hand. Generdly, the minimum number of data points required depends on the number of input
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varidble used. The more input variables used in the modd, the larger number of data points are

needed.

There are two ways to improve the results. usng more data or manipulating the existing data set
to increase the number of data points. Idedly, the first method is preferable snce manipulating
the data set distorts some of its characteristics. However, since more data points was not easily
obtainable, the only choice was to use the second method. A moving window of Sze 12 units
was suggested. In the linearized (before averaging) data set (at 5-minute intervds), the firgt 12
data points were averaged to produce one data point in the new data set. For the second data
point in the new set, another 12 data points (starting from data point 2 in the old set) were
averaged. Similarly, for the third data point, the average was taken starting from data point 3 in
the old set, so on. In effect, thereisamoving window of Sze 12. A new data point is obtained
by averaging al the data pointsingde windows. The window dides by 1 every time. For
example, the window first averages data points 1 through 12 to produce the first data point,
then data points 2 through 13 to produce the second data point, and then3 through 14 for the
third data point. Using this scheme, there are 702* 12 = 8424 data points instead of just 702.
The downsde of this schemeisthat the new data set reflects less of the qudity of the origind

data set, hence the red behavior of the system.

Since anew st of dataiis being used, correlation coefficients and lags must be re-computed for

each input parameter, using the same methods. They are shown in Table 5.
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Input Variable Correlation Coefficient Time Lag
AL12 0.2579 0
AL13 -0.1155 80
AL14 0.0510 39

BGVEL -0.2256 29
BGVOL -0.0727 27
CHRGDTIM 0.0721 9
CMOIST7 0.0837 0
CMOIST9 0.0754 37
COKTOTAL -0.2046 84
CWINDEX 0.0886 15
DOLTOTAL 0.3081 0
DP 0.1042 84
ECO 0.1164 63
EH2 0.0830 0
FI59 0.0914 84
FIC46 0.2906 0
GIHF -0.1109 61
G2HF -0.1496 63
INJ ACT -0.1294 a4
LSTOTAL 0.0886 84
NCKTOTAL 0.0645 84
OZ2ENR_PV 0.0508 84
OREBY COK -0.0796 82
ORETOTAL -0.0681 84
PERM_K 0.2493 35
P89 0.1102 84
P192 0.1114 84
PIC33 0.0961 84
QZTOTAL -0.0933 84
RAFT TH -0.3665 0
SINTOTAL -0.0707 64
SINTPERC 0.0536 36
THC R N/A 0
TIC91 -0.1661 84
TUYVEL -0.1719 32
TY21 PV 0.8339 0

Table 4: New Correlation and Lags




Because a moving window is used, each unit of lag represents a 5-minute interva. Therefore,

84 corresponds to adelay of 7 hours.

5.12 Results Using 35 Variables (Without the Previous Hot Metal Temperature)

An extensve number of models were run using the new data set. Each neura net dgorithm was
paired with different learning agorithms, different learning rates, and different number of hidden
nodes. While the different learning rates produced dramaticdly different results, the number of
hidden nodes and the learning agorithms did not have much impact. The results of running
Feed-forward on the new data set are shown in Figure 7. The results do not seem to have
improved much. Thelack of data points, which was a problem before the implementation of

moving windows now does not seem to be the biggest obstacle to better models.

5.13 Results Using 11 Variables (Without the Previous Hot Metal Temperature)

Based on the experience of TISCO personne regarding which input parameters has the greatest
influence and the correlation coefficients obtained using empiricaly methods, 11 input variables
were chosen among the origina 35 variables, with the purpose of reducing noises created by the

other 24 less-corrdated variables. The new state used in the modding is subgtantidly smdler.

The 11 chosen variables are CHRGDTIM, COKTOTAL, ECO, EH2, STEAM, G1HF,

G2HF, INJ_ACT, O2ENR_PV, OREBY COK, and TIC91.
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As before, linear regresson models were run in order to set a benchmark. Our neurd network
models are expected to be at least as good as or better than the linear regresson models. The
results of the linear regresson are shown in Figure 8. The MSE for the testing data is 0.0292.

Again, it is not asubgtantid improvement.

With the knowledge of the benchmark results, An extensive set of neura networks were run.
The best results were Feed-forward neurd network agorithm with standard Back- propagation,
using 10 hidden unitsin one sngle hidden layer. Theresultsare shownin figure9. The MSE is
0.0164. The results from running the Feed- Forward modd are better than our benchmark. It

dill needs improvement.

5.14 Using the Previous Hot Metal Temperature as an I nput

In addition to the moving window, another input parameter, the actua hot metd temperature
vaue of the previoustime was added [4]. Because of its time-dependent nature, when
predicting the output of atime-series data, data points cannot be looked at separately. Each
output affects the successve outputs. The next output of the mode is dependent on the actua
output of the previous time index. Since the current output temperature trails the previous

temperature well, the new models were expected to perform better.
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Just as expected, the results from using the previous hot metd temperature improved
tremendoudy. Figure 10 shows the results. The modd used was Feed-Forward, with

Backpropagation. This has produced the best results so far. The MSE is 0.0083.

In the case where the previous hot metal temperature value was used, the results are much
better. Here both the neural net and linear modds (Figure 11) seem to be converging on the
same solution. Thisis good news because it means that the modd s are capturing dl of the useful
information in the data, while avoiding over-fitting to the noise. Most of the increase seemsto be
directly attributable to using previous hot metal temperature, indicating that interactions between

previous hot metal temperature and other variables may not be important.

5.15 I'ssues Related to Using Previous Hot Metal Temperature

Modeling the blast furnace using neurd networks serves three purposes.

1) Prediction - During the production process, the modd should give the most accurate
prediction possible of the next hot metd temperature vaue. Using previous vaues of hot metd
temperature is compatible with this god, and in fact has proven to be a great benefit.

2) Smulation- In offline Stuations, the mode might be used to experiment with different control
settings. Thus, different combinations or procedures for controlling the process could be
amulated on the modd to see what kind of results might be expected if tried in red life.
Unfortunately, this god isincompatible with usng previous hot meta temperature because the

model would be unstable. Asthe modd iterated through time, it
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would have to use its own prediction for hot metal temperature as the input to the next step.
Any eror in that prediction would compound in the next iteration, and after any sgnificant
number of steps the modd would be out of touch with redlity, because it lacks the feedback that
it would get in red life from the actud values of hot metal temperature it receives.

3) Control - The modd could be used to help automate the control of pig-iron production. This

a0 is unaffected by using previous vaues of hot metd temperature.

Prediction and smulation/control must be trested separately. Then benefit of hot meta

temperature as an input variable can be enjoyed without corrupting the smulation and control

efforts.
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6.0 Conclusion

In generd, the mogt difficult problems encountered in the neural network based modding of the
blast furnace were the lack of data and the correct state (i.e. set of input parameters) of the
blast furnaceto modd. Three different sets of parameters were modeled separately: the set of
al 35 input variables, the set of 11 of the highest-correlated variables, and the set of 11 of the
highest-correlated variables plus the use of the previous hot metal temperature as an additiona
input varigble. Significantly higher accuracy was achieved when one used the previous vaue of
hot metd temperautre in the training phase; in such a scenario, the number of variables used
(either 35 or 11 variables) had little impact. Overal, the latter scenario provided the best model

of the blast furnace.

The problem of too few and rdaively irregular timing of data points was addressed in multiple
ways. Linearization was used to overcome the erratic frequency with which the hot meta
temperature was measured; the concept of moving windows was used to boost the number of
data points reduced by the use of linearization. Both methods are good at resolving the
problems they are intended for, but inherently, they distort the way the parameters are
represented. Thisis asde effect which one has to cope with, in Stuations involving missing

and/or infrequent data.



In the process of modding, different settings of neura agorithms were experimented with, such
as using different number of nodesin the hidden layer, using different learning dgorithms and
using different learning rates. The variations on the number of nodes and the different agorithms
did not produce very different results, indicating that these factors are not important. Various
learning rates, from 0.01to 9, weretried. The lower learning rates worked better, Snce a

neurd network with a high learning rate tends to over-fit.

Even though in generd, Time-delay and Jordan are more powerful networks because of their
ability to capture time-dependenciesin the data s&t, in this case, they did not outperform smple
Feed-forward neurd networksinthiscase. Time-dependencies of the data set has dready
been explicitly defined and the effect of that compensated. This helpsto explain why Feed-
forward nets performed just as well as Time-delay and Jordan in the modeling of the blast

furnace.

The best neurd network agorithm employs a smple Feed- Forward net with Back- propagation

and alearning rate of 0.02. The MSE is0.0083.

Future research on this project could focus on the following issues:

1) Prediction of other important output variables. The modeling of hot metal temperature can
be extended to analyze variables like silicon content and dag basicity.

2) Separating the effects of operator’ s reaction from the blast furnace process. Empiricdly,

some input variables have different behavior than expected. \When an operator sees ainput



variable skewing in one way, he/she immediately reacts to compensate. Hence, the data set
captures the blast furnace as well asthe operator’ sreaction. The latter needsto be
separated or handled in adifferent model.

3) Enhancing the qudity of prediction further by extending the idea of using previous hot metd
temperature. Instead of using the hot meta temperature from the previous time period, hot

meta temperature from the previous two time periods could be used.

The blast furnace environment is a complex one, and multiple neural network modes will need

to be created to handle different parameters and Situations.
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