
Dynamic Recrystallization during Strip Rolling ofHSLA 

Steels and Prediction of Roll Forces using 

Artificial Neural Networks 

by 

Jalal Biglou 

A thesis 

presented to the University of Waterloo 

in fulfilment of the 

thesis requirement for the degree of 

Doctor of Philosophy 

in 

Mechanical Engineering 

Waterloo, Ontario, Canada, 1997 

©Jalal A. Biglou, 1997 



l+I National Library 
of Canada 

Bibliotheque nationale 
du Canada 

Acquisitions and 
Bibliographic Services 

Acquisitions et 
services bibliographiques 

395 Wellington Street 
Ottawa ON K1A ON4 
canada 

395. rue Wellington 
Ottawa ON K1A ON4 
canada 

The author has granted a non­
exclusive licence allowing the 
National Library of Canada to 
reproduce, loan, distribute or sell 
copies of this thesis in microform, 
paper or electronic formats. 

The author retains ownership of the 
copyright in this thesis. Neither the 
thesis nor substantial extracts from it 
may be printed or otherwise 
reproduced without the author's 
pemnssmn. 

Your file Votre rtifeff!H'lt:tl 

Our file Norrs rtiftirencs 

L' auteur a accorde une licence non 
exclusive permettant a la 
Bibliotheque nationale du Canada de 
reproduire, preter, distribuer ou 
vendre des copies de cette these sous 
la forme de microfiche/film, de 
reproduction sur papier ou sur format 
electronique. 

L' auteur conserve la propriete du 
droit d'auteur qui protege cette these. 
Ni la these ni des extraits substantiels 
de celle-ci ne doivent etre imprimes 
ou autrement reproduits sans son 
autorisation. 

0-612-22191-1 

Canada 



The University of Waterloo requires the signatures of all persons using or photocopying this 

thesis. Please sign below and give the address and data. 

iii 



Acknowledgements 

The author would like to express his sincere thanks to all the members of the 

Department of Mechanical Engineering, University of Waterloo, who helped me throughout 

this research and made it possible and enjoyable. 

I am deeply grateful to have had a knowledgeable and encouraging advisor who was 

able to guide this research to be in-line with the current research in the material processing field 

and to be useful to the steel industty. For this, I am greatly indebted to Dr. John Lenard for all 

his ideas, guidance, support, and confidence in me. 

Sincere thanks go to our knowledgeable and always helpful lab supervisor, Richard 

Gordon, fellow graduate students, and staff in the Mechanical Engineering Department. In 

particular, I would like to thank George Hwu, Myung-Sile Chun, Per Munther, Andy Bugg, 

John Fitzpatrick, fun Baleshta, Steve Hitchman, Fred Birckman, Ray White, and Colin 

Campbell. Special thanks also go to Mahta and Shahyar who helped me in the most critical 

time of this thesis, its completion. 

During last four months I have been very fortunate to be a part of Quad Engineering 

team. I am grateful to have had supporting and encouraging colleagues at Quad. In particular, 

I would like to thank Mice Levick and Joseph Pataki. 

The excellent financial support of this research and my personal expenses were 

provided by the Manufacturing Research Corporation of Ontario which is highly appreciated. 

A big part of this research was carried out in the Research and Development Department of 

Dofasco Inc. which proved to be invaluable to me. In this regar~ I would like to extend my 

special thanks to Brian Nelson, Dave Hall, and Ian O'Reilley. 

iv 



Finally, I am extremely fortunate to have had all the support from my family, 

particularly my parents and my wife, who helped me attain this degree with their emotional 

support, understanding, and counsel. 

V 



To my wife, 

witll love 



Abstract 

The softening mechanisms taking place during hot rolling of steels influence both the 

mechanical properties of the final product and the steel flow stress during deformation. The 

knowledge of the material's constitutive behavior is an essential requirement for the design and 

control of rolling processes. Steel manufacturers are looking for more accurate models being 

able to predict the material defonnation resistance, micro-structural evolution of stee~ and roll 

forces in order to produce strips with a more consistent output gauge and mechanical 

properties. In this regard; the occurrence of dynamic recrystalliz.ation during strip rolling of 

HSLA steels and its effects on the flow stress, roll forces, and final properties are of 

importance. The occurrence of dynamic recrystalliz.ation during hot strip rolling still remains 

controversial. 

In this research , the experimental techniques were used to simulate the whole rolling 

process to study the occurrence of dynamic reccystalliz.ation. Axisymmetric compression tests 

were used to study the kinetics of static recrystallization. Torsion simulations were perfonned 

to verify the occurrence of dynamic recrystalliz.ation. An industrial mill log was analyzed which 

further confirmed the occurrence of the dynamic recrystallization and torsion test results. 

In spite of drawbacks in tenns of ease of development, adaptability, accuracy and 

speed, empirical stress-strain relationships and traditional roll force equations, along with look­

up tables, are being commonly used. In this research, a Neural Network simulator code, based 

on the gradient descent learning rule, was developed. This code was used to predict the steel 

and aluminum flow stresses at high temperatures and strain rates, experimental rolling forces 

during cold and hot rolling of aluminum strips, and rolling forces during industrial strip rolling 

of a high Nb HSLA steel. The model predictions were compared to those of the statistical 

models and existing on-line industrial models. The approach based on Neural Networks is 

shown to be superior in tenns of accuracy, speed, and ease of development. 

Principal Component Analysis was used as a data pre-processor to remedy data 

deficiencies when there is an excessive linear correlation between input variables of a database. 

vii 



This analysis was integrated to the Neural Network simulator code in order to decouple 

linearly correlated input data The code was applied to an industrial hot rolling database to 

develop a model to predict the ocaurence and the effects of dynamic recrystalliz.ation on the 

rolling forces. This model not only predicts the occurrence of dynamic recrystalliz.ation, but 

also predicts the extent o_f the resulting softening. The results also proved the beneficial effects 

of the integration of Principal Component Analysis with Neural Network modelling. 
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1 

1. Introduction 

Development and the(1llo-mechanical processing of high-strength low-alloy (HSLA) 

steels have been the biggest milestones of the steel industry in the last two decades. With the 

addition of a small amount of carbide-former alloying elements and control of temperature and 

deformation during processing, the yield stress of a plain carbon steel can be increased from 

350 MPa to 550 MPa with an improvement in toughness. This increased strength per unit 

weight, has maintained the status of steel as the material of choice for cars, home appliances, 

off-road vehicles, bridges, pipelines, etc. There are two significant features of thenno­

mechanical processing which have contnbuted the most to the success of HSLA steels. First, 

the beneficial increase in strength does not harm toughness or weldability. Second, the 

technology of producing these steels is inexpensive because the alloying elements are only 

needed in very small concentrations and associated improvements in mechanical properties 

precludes the need for further heat treatment. 

The HSLA steels gain their strength and toughness from refined ferrite grains and fine 

carbo-nitride precipitates. Grain refinement is achieved through different mechanisms of 

repeated static recrystallization, possible dynamic or metadynamic recrystallizations, or 

transfonnation to smaller ferrite grains from pancaked austenite grains. Another source of the 

strength of HSLA steels emanates from fine precipitates. A large number of scientific research 

has been conduded to investigate the mechanisms and kinetics of both recrystallization and 

precipitation and their interactions. This knowledge is vitally important for two reasons. First, 

the optimal design of draft schedule in order to benefit the most from both precipitation and 
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recrystallization requires a clear and quantitative understanding of these processes and their 

complex interactions. Second, the occurrence and kinetics of precipitation and recrystallization 

during the processing of HSLA steels affects the steel's flow strength. An accurate prediction 

of steel hot flow stress during rolling is crucially important for roll gap set-up and finish 

product gauge uniformity. Gauge consistency is one of the main characteristics of the high 

quality steel strips. Inconsistency in gauge or mechanical properties is detrimental to 

downstream processing and stamping of steel strips. Automobile manufacturers and stamping 

shops are continually demanding tighter tolerances. 

In spite of the vital importance of the possible softening during HSLA strip rolling, the 

very nature of the occurrence or non-occurrence of dynamic recrystalliz.ation in this process is 

under question. Experimental verification of this question is notoriously difficult, if not 

impossible, with existing equipment. A valid experiment would require multi-stage 

defonnations followed by quenching at a rate of 2000 °C per second. However, there are 

indirect techniques for the study of dynamic recrystalliz.ation. Flow stress-strain curves are 

commonly used to study work-hardening or softening. A major problem with this kind of 

mechanical testing result is again experimental limitations. Given these facts, no quantitative 

model has been developed yet which is able to predict the conditions under which dynamic 

recrystallization is taking place. More importantly, a model is required to predict the amount 

of this softening, if any, under different processing conditions. 

This research work was partly devoted to the physical simulation of the entire rolling 

process to shed more light on the dynamic recrystaUization issue. Axisymmetric compression 

tests were used to study the kinetics of static recrystalliz.ation. Torsion simulations were 

perfonned to verify the occurrence of dynamic recrystallization. 

Recent advancements in instrumentation, data acquisition, and data management 

systems have enabled steel mills to collect a large amount of process data. This has created a 

whole new perspective for rolling process analysis and for the study of the metallurgical 

phenomena-taking place during hot rolling. Mn log data of the Dofasco Inc. hot strip mill was 
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analysed in detail to verify the occurrence of dynamic recrystalliz.ation during high niobium 

HSLA strip rolling. The results of this analysis have been compared with laboratory 

simulations. 

Traditionally, linear and non-linear regression analyses and other statistical techniques 

have been the only available tools for process modelling applications. However, the 

applicability and perfonnance of these techniques are very much dependent on the availability 

of the appropriate mathematical equations which can descnbe sufficiently the process input­

output relationship. The general forms of these equations are usually derived from a physical 

understanding of the process, then optimal coefficients and exponents are found through 

regression. Therefore, for the more complex multi-variate processes, where there is no fonn of 

mathematical equations capable of descnoing the whole process, regression analysis faces 

major shortcomings. Unless a capable modelling tool is available, the collected process data 

cannot be utilised to any significant level. 

During the last decade, a new modelling technique has been evolved. This heuristic 

technique is called Artificial Neural Networks (ANN). It was developed with inspirations from 

the human nervous system and cognition. A Neural Network learns from experiential 

knowledge and once it has learned, it can predict the output of the process without assuming or 

making any rules. This technique extracts the possible trends in the data, linear or non-linear, 

without resorting to any preconceived fonn of mathematical equations. This is exactly how a 

human brain learns and functions. The brain does enonnous amount of data processing, most 

of the time without even one simple arithmetic operation. 

There is no universally accepted definition of Artificial Neural Networks. However, 

common to all Neural Networks is a network of simple processors, the neurons, each of them 

having multiple inputs (from outside or from other neurons) and a single output, that is read 

out or can be connected to other neurons1
. There is a weight (a numerical value) associated 

with each of the connections. Each neuron does quite simple arithmetic operations. It adds all 

the products of the output signals of the pervious neurons and the corresponding connection 
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weights. Then it compares this value with a threshold value and applies a non-linear activation 

function to the result and sends out one output to the next neuron or output node. This simple 

neuron, similar in functionality to the biological ones, is not able to do much by itself. 

However, a network of these neurons, organised in layers, is able to perfonn quite demanding 

classification and modelling tasks. 

All Neural Networks have some sort of training rule whereby the weights of 

connections are adjusted on the basis of data. In other words, Neural Networks first learn their 

knowledge from examples (m the same way that a child acquires knowledge) then they 

generalise beyond the training data. Once sufficient numbers of data are presented, Neural 

Networks learn the linear and non-linear trends in the data. Hence, a Neural Network can be 

looked on as a non-linear procedure that maps inputs of the process to outputs. In other 

words, Neural Networks are universal function approximators. 

Various types of Neural Networks differ by the way these neurons are connected 

(configuration) and by the learning procedure by which the weights are adapted. The most 

popular and by far the most capable Neural Network is the feed-forward network with back­

propagation learning. The mathematical basis of this kind of network and its applications to 

the flow stress modelling and roll force predictions are presented in this thesis. 

Neural Network paradigm has been applied successfully to many demanding problems 

in the fields of engineering and science. However, it is somewhat new to material science and 

processing. One of the main focuses of this research work was to explore the ways that Neural 

Networks can be utilised as a modelling tool for material scientists and steel mill engineers. A 

Neural Network simulator code was developed and used to model the rolling forces during hot 

strip rolling of an HSLA stee~ and was found to outperform the existing on-line model. 

A problem associated with most industrial process databases is the co-linearity between 

the process inputs. These colinearities, if are not taken into account, can cause model 

instability and vagueness. For statistical modelling of data with colinearities biased regression 
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techniques have been developed. However, for the Neural Network modelling of the data with 

colinearities, the author proposes pre-processing of the data through transf onnation into the 

principal component space. Principal Component Analysis is a multivariate analysis technique 

that detects the linear correlations between input variables of a process and decouples them 

through an orthogonal transformation. Upon this transformation, the original variables are 

transfonned into principal components which are inherently linearly independent of each other. 

Principal Component Analysis was integrated into the Neural Network simulator code as a 

data pre-processor. The case studies demonstrated the increased accuracy of the models 

developed based not on the original variables, but based on the principal components. 
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2. Literature Review 

The final properties and rolling quality of HSLA steels are markedly influenced by the 

nature of metallurgical processes taking place during and after deformation. In this chapter, a 

review of metallurgical concepts relevant to hot deformation of steels will be presented. Then, 

applications of these metallurgical events in thenno-mechanical processing of steels will be 

discussed. Finally, modelling of hot rolling processes and important models being used are 

given. 

2.1 Hot Deformation Metallurgy of Steels 

In this section the principles of events occurring in the process of hot deformation of 

steels will be reviewed, in chronological order,. A schematic of these microstructural changes, 

i.e., dynamic recovery and reaystallization (during defonnation) and static recovery and 

recrystallization (after deformation) has been presented in Figure 2-1 and will be reviewed in 

the following sections. 

2.1.1 Metallurgical Phenomena During Hot Deformation 

2.1.1.l Work Hardening 

The increased dislocation density associated with the bulk defonnation of a material is 

responsi"ble for work hardening; that is, dislocations themselves are obstacles to dislocation 

motion. Depending on the degree of interaction experienced between moving dislocations, 

dislocations can be either soft or hard obstacles. 
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Figure 2-1 Schematic ofmicrostructural changes possible during hot defonnation2 
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Studies of FCC single crystals show that at low temperatures (T < 0.5 Tm) the rate of 

work hardening is divided into stages I, Il and IIL as depicted in Figure 2-2. In the first stage 

of work hardening, the density of dislocations is still not high enough to create a considerable 

number of dislocation intersections. In this region, tenned easy glide region, dislocations 

interact only through their long range stress fields and they usually move on parallel slip planes. 

The work hardening rate (ot/&y) is relatively low in this region. 

m 
I 6i11 

7 

Figure 2-2 Shear stress-strain curve for a single crystal demonstrating different work 

hardening stages. 3 

In stage II, dislocation intersections produce hard obstacles, manifested by the high 

work hardening rate. With increasing strain, the flow of material involves multiple slip and the 

intersection of dislocations moving in intersecting slip planes creates immobile jogs. 

Excessive accumulation of dislocations leads to the stage m of work hardening, where 

the rate of work hardening decreases in a parabolic manner due the superposition of an 

accumulation and rearrangement (annihilation) of dislocations, referred to as dynamic 

recovery4
. Stage ill is observed to be associated with the occurrence of cross-slips. 

According to Seegers and his co-workers5 screw dislocations held up during stage II cross slip 

onto other slip systems. In this case, dislocations can by-pass dislocation motion obstacles 
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(such as inclusions or grain boundaries). Hence slip distance increases, with a consequent 

decrease in the rate of work hardening. In some cases, screw dislocations may be attracted by 

opposite sign dislocations and be annihilated. These facts explain the lower parabolic work 

hardening rate at stage m. 

At high temperatures (T>0.5 Tm), work hardening in pure single crystals or polycrystals 

is usually said to start in stage m. Stage I and II become less and less pronounced as the 

temperature is increased and can be entirely absent6. 

2.1.1.2 Dynamic Recovery 

In general, recovery implies those changes which do not involve the sweeping of the 

defonned material by migrating high angle grain boundaries. Thus during recovery, each 

crystal retains its basic identity and boundaries, although the density and distnbution of 

dislocations within it are changed7
. 

Dynamic recovery involves the rearrangement of dislocations and consists of two 

processes. Dislocations of opposite signs annihilate each other or rearrange to form cells of 

relatively low dislocation density enclosed by boundaries of relatively high dislocation density. 

At high temperatures ( applicable to hot rolling processes), the mechanisms responsible for 

dynamic recovery are the cross slip and climb of dislocations8
. As the transition from stage II 

to ill occurs, dislocations become entangled and a cellular structure is transformed into sub-

grains. 

In metals of high stacking fault energy, such as aluminium, where dislocations cannot 

easily dissociate, cross slip is facilitated. In these materials as well as BCC transition metals 

such as iron, and most HCP metals like zirconium, dynamic recovery takes place rapidly and a 

steady state of stress is reached, which results from the balance of work hardening and 

recovery. This steady state is characterised by a sub-grain size which depends only on the 

strain rate and temperature9
•
10

. A schematic of the true stress-strain curve of a material 

undergoing dynamic recovery is illustrated in Figure 2-3. This steady state behaviour is 
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produced by the continuous rearrangement of sub-boundaries, the annihilation of old 

boundaries and generation of new boundaries (referred to as repolygonization). 

Increasing strain rate 
Decreasing temperature 

Figure 2-3 Schematic of true stress-true strain behaviour of a material undergoing 

dynamic recovery1. 

The steady state flow of a given ·material undergoing dynamic recovety is a function of 

strain rate and temperature with the general fonn of 

cr,. = (&rexp(ir) (2--1) 

The fonn of this equation is similar to the equation for the steady state creep flow rate. 

Also, the steady state microstructure closely resembles that of a material deformed during 

creep; i.e., grains elongate in the primary strain direction and contract in the other directions. 

As such, recovery has been considered to be analogous to creep. 
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2.1.1.3 Dynamic Recrystalli7.ation 

Recrystallization is the collective term applied to those stages in which the crystal 

orientation is altered through the passage of high angle grain boundaries through the material. 

During recrystallization, new grains are nucleated and then grow at the expense of other 

defonned grains. 

In FCC metals oflow and medium stacking fault energy ( e.g. Cu, Ni and y-iron), slow 

dynamic recovery permits the dislocation density to increase to an appreciable level. When a 

critical density is exceeded, new grains are nucleated. The recognition of dynamic 

recrystallization is based on the existence of peaks on the stress-strain curve, before a steady 

state is reached, as depicted in Figure 2-4. A transition from cyclic to single peak is obseived 

as the strain rate is increased or the temperature is decreased. Multiple peaks are obseived 

during sequential grain refinement and coarsening, and single peaks during grain refinement 

with no coarsening, as is common in hi~ strain rate hot defonnation processes. 

The nucleation of dynamic recrystallization is commonly said to begin at a critical 

strain, Ee (Ec=aep, where a is a constant between 0.8 to 0.85 and ep is the strain at peak stress), 

which corresponds to a critical dislocation density11
. Once the critical density (which depends 

on strain rate, temperature and composition) is reached, dynamic recrystalliz.ation is initiated by 

the bulging of pre-existing grain boundaries at low strain rates. At higher strain rates, dynamic 

recrystalliz.ation is initiated by the growth of the high angle cell boundaries fanned by 

dislocation accumulation12
. The driving force for the growth of the nuclei is the difference in 

dislocation density in front of and behind the boundary. However, the mechanism of nucleation 

differs for single peak and multiple peak behaviour. In the single peak case (grain refinement), 

nucleation occurs essentially along existing grain boundaries and referred to as necklace 

structure13
. The growth of each grain is stopped by the concurrent defonnation. When all the 

grain boundary sites are exhausted, further new grains are nucleated within the original grain at 

the interface of the recrystallized and unrecrystalHzed grains. Progress of dynamic 

recrystallization is schematically illustrated in Figure 2-5. In the industrial hot rolling processes 
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Figure 2-4 Characteristic shapes of true stress-strain curves demonstrating the 

occummce of dynamic recrystallization, a) Multiple peak; b) Single peak14
• 

12 
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Figure 2-5. Schematic illustration of the progress or the dynamic recrystallization when 

the recrystallized grain size is much finer than the original grain size13
• 
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the strain rates are relatively high, such that only single peak dynamic recrystalliz.ation is likely 

to occur, if any. 

In a given material, the characteristics of dynamic recrystallization depend on three 

parameters: initial grain size, Do, temperature, T, and strain rate, e. The initial grain size 

affects the critical strain, Ee, the peak strain, e,,, and the kinetics of dynamic recrystalliz.ation. 

The finer the initial grain size, the lower are the critical and peak strains. This is because 

dislocations accumulate more rapidly and the higher specific grain boundary area (per unit 

volume) leads to faster recrystallization kinetics14
. Peak stress is also found to be dependent on 

the initial grain size, however, the steady state stress and final grain size are independent of the 

initial grain Size14
. 

The effects of temperature and strain rate are commonly described using the Zener­

Hollomon parameter: 

2=6 exp(<~;) (2-2) 

where Qdd is the activation energy of defonnation and R is the universal gas constant and T is 

absolute temperature. The critical and peak strains, ec and ep, are found to be dependent on Z. 

Results obtained for copper, stainless steel and y-iron have shown that the peak strain is related 

to the initial grain size and Z as follows14
: 

(2--3) 

where A and p are constants. Softening due to dynamic recrystallization, ~, generally 

follows an Avrarni type dependence on strain and strain rate as follows15
: 

~ = 1-exp [- J3 d)1l ( & - a &pt] (2-4) 
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where f3d)tl, a and n are constants, e is the strain, and ep is a function of strain rate, temperature 

and grain size, as given by equations (2.2) and (2.3). As a consequence, the dynamic 

recrystallization kinetics is also a function of Zener-Hollomon parameter. Finally, the steady 

state grain size, D., and steady state stress, a., are found to be dependent only on Z, as given 

below16
: 

Da = A' z•m (2-S) 

Oa = A" z-q (2-6) 

where A', A", m and q are constants. 

2.1.2 Metallurgical Phenomena After Hot Deformation 

In industrial hot defonnation processes, usually the strain rates are so high that there is 

not enough time for complete dynamic softening of the work hardened material. Hence, 

concurrent static recovery, accompanied by either static or possibly metadynamic 

recrystalliz.ation, is taking place after defonnation. 

2.1.2.1 Static Recovery 

Static recovecy is defined as a softening process in which the decrease in density and 

change in the distnbution of the dislocations after hot defonnation or during annealing are the 

operating mechanisms. These changes do not involve the sweeping of the deformed material 

by migrating high angle boundaries17
. The mechanism operating in the low temperature range 

involves vacancy motion; those operating in the intennediate temperature range involve 

dislocation motion without climb; and those in the high temperature range (>0.5Tm) involve 

dislocation motion with climb and cross slip. It is found that if the dislocations have a low 

mobility at the temperature of defonnation, they appear as a fairly random array in the 

defonned metal. However, if the dislocations are able to cross slip (high stacking fault energy), 

they immediately begin to condense into tangles so that the metal contains regions of high and 
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low dislocation density, as shown in Figure 2-611
. The regions of low dislocation density are 

called cells or sub-grains. It has been shown that in high stacking fault energy materials, the 

dislocation network can lower its energy by forming tangles rather than by random distnoution. 

After deformation, the dislocation tangles isolate cellular regions of relatively low dislocation 

density as shown in Figure 2-6. These cells are slightly mis-oriented with respect to each other 

(a few degrees) and are in a size range in the order of 0.1-1 µm. Upon annealing after cold 

working or after hot deformation, dislocation tangles condense into sharp boundaries and the 

dislocation density within the cells decreases. 

Optical micro. of cold-worked Al ~ 100 x 

Anneal 

TEM pictures 
from one grain 
~ 20.ooox 

Figure 2--6 Schematic representation of grain structure and sub--grain structure in 

aluminum 18• 

2.1.2.2 Static Recrystalli7.ation 

Austenite does not undergo dynamic recovery to the same degree as other metals. 

This ability to have extensive work hardening, without softening by recovery may lead to 

dynamic recrystamntion at higher strains and lower temperatures. However, it is much more 

common in hot rolling for the material to be deformed only in the work hardening regime19
, i.e. 

the strain per pass is not large enough ( usually less than O. 5) to initiate dynamic 
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recrystallization. As such, there is a high driving force for static softening to take place 

between rolling passes and during cooling after the final pass prior to transfonnation. Both 

static recovery and recrystallization have been obseived in austenite, although the extent of the 

fonner is rather limited. There is a general consensus that the maximum amount of softening 

during holding time attributable to recovery is approximately 20%20
. 

Static recrystallization is usually descnbed as taking place in two stages: nucleation of 

new grains, and the growth of these grains at the expense of defonned ones. Some features of 

static recrystallization are: 

a) A minimum amount of defonnation ( critical strain) is necessary before static 

recrystallization can take place. 

b) The lower the degree of defonnation, the higher the temperature required to initiate static 

recrystallization. 

c) The final grain size depends upon the degree of deformation and to a lesser extent upon the 

annealing temperature. 

d) The larger the original grain size, the slower the rate of recrystalliz.ation. 

2.1.2.3 Nucleation 

The nucleation of new grains takes place preferentially where the local deformation is 

the highest, i.e. on grain boundaries, deformation bands and inclusions. The process of 

nucleation is thennally activated and requires an incubation time before nuclei become 

detectable. Three different mechanisms of nucleation have been proposed for static 

recrystallization21
: 

a) subgrain growth or polygonization: The nuclei are fanned by a process of cell or subgrain 

growth. In an area of high defonnation, the dislocations rearrange themselves by 

polygonization into cells. As the cells grow, more dislocations accumulate into the walls 

and eventually high angle boundaries are fanned. 

b) suhgrain coalescence: A nucleus is formed by the rotation of a subgrain, so that the misfit 

with its neighbour is decreased, following by disappearance of their common boundary. A 

subgrain structure prior to nucleation is demonstrated in Figure 2-7-a. By some rotation, 
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subgrain A with B and subgrain C with D coalesce (Figure 2-7-b), followed by 

coalescence of subgrain B with C (Figure 2-7-c). Once a few of these subgrains coalesce 

together, they form a nucleus with high angle boundaries, as depicted in Figure 2-7-d. 

c) strain induced grain boundary migration: The boundary separating tw'o grains marked by 

different sub-grain sizes bows out and away from the grain with the coarser substructure 

into that with the finer sub-grains. This leads to the creation of a strain free area. This 

mechanism has been found to occur without the need for a finite incubation period. 

a b 

C d 

Figure 2-7 Nucleation of new grains by the coalescence ofsubgrains17
• 

2.1.2.4 Growth of New Grains 

Once a high angle boundary is fonn~ it is capable of moving into the deformed 

material. The migration rate of such boundaries is quite sensitive to the presence of impurities, 

the structure of the grains into which they are migrating, and the orientation relationship 

between the growing grains and deformed matrices. Attempts at understanding the effects of 

impurities are based on the postulate that dissolved impurities retard a moving grain boundary 

by the elastic attraction of impurity atoms towards the grain boundary. The moving grain 
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boundary must drag the impurities along, or break away if the concentration of impurities is 

small enough or the driving force or temperature high enough 17. 

2.1.2.S Metadynamic Recrystalla.ation 

Metadynamic recrystallization can be defined as static growth of grain nuclei fonned 

during defonnation. It is very important to differentiate between static and metadynamic 

reay~Uization, as the rate of the latter one is much faster and the type of recrystalliz.ation has 

important consequences on the final properties of steel. Once dynamic recrystallization is 

initiated during deformation, the dynamically recrystallired nuclei continue to grow, even after 

straining is interrupted. This mechanism was first identified by Petkovic et al. 22 and was termed 

metadynamic recrystalliz.ation. Three distinct softening processes take place after dynamic 

recrystalliz.ation; static recovery, metadynamic recrystallization and static recrystallization. The 

difference between static and metadynamic recrystallization is in the nucleation mechanism of 

the new grains. Unlike static recrystallization, metadynamic recrystallization does not require 

an incubation time for grain nucleation, as dynamically recrystallized nuclei already exist. 

2.1.3 Role of Alloying Elements in Recrystallization 

Alloying elements in solid-solution form or as fine carbonitride precipitates retard all 

softening mechanisms, particularly recrystalliz.ation. The extent of softening retardation 

depends on the temperature and the element type. Grain boundary mobility has been shown to 

be quite sensitive to the presence of small concentrations of impurities. The speed of migration 

is drastically reduced by the impurities which segregate· to the grain boundaries. This 

mechanism has been used effectively in controlled rolling of steel to retard recrystalliz.ation and 

hinder grain growth after recrystallization by alloying elements like titanium, molybdenum, 

vanadium and niobium. If recrystallization is retarded and the strain is accumulated and 

maintained after hot rolling and during the cooling through the transfonnation, it would 

produce finer ferrite grain sizes, resulting in a higher room temperature strength and toughness. 

This is the basis for conventional controlled rolling. In C-Mn steels, due to very fast 

recrystalliz.ation kinetics and a narrow range between the no-recrystallization temperature and 

~3, only limited controlled rolling is possiole. 
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2.1.3.1 Alloying Elements in Solution 

A quantitative treatment of the interaction between grain boundaries and solute atoms 

was given by Lucke and Deret23
. At high concentrations or low temperatures, the impurities 

are dragged along by the grain boundaries and the boundazy speed is controlled by the diflusion 

of the impurities behind the boundaries. At low concentrations or high temperatures, the 

boundazy breaks away from its atmosphere and moves faster. 

2.1.3.2 Alloying Elements in Precipitate Form 

The existence of the solute-drag effect of microalloying elements on recrystalliz.ation 

retardation has been generally acknowledged. However, it has been shown that the most 

important effect of microalloying elements is the formation of fine carbonitrides, which in turn, 

retard recrystallization much more than solutes. As such, the carbonitride precipitation, its 

kinetics and interaction with recrystallization are of extreme importance for plate and strip 

rolling schedule design and a great deal of research has been focused on this issue. 

Recrystalliz.ation can be retarded by precipitates via the pinning of grain boundaries or 

pinning of individual dislocations. For grain boundacy pinning to occur, the distnoution of the 

precipitates must satisfy two criteria: 

a) The particle size and spacing must be below appropriate critical values. 

b) A sufficient volume fraction of precipitates is necessary to maintain the spacing below the 

critical value23
. 

In practice, this means that a fine dispersion of precipitates delays the onset of 

recrystalliz.ation by pinning the boundaries and dislocations and by restraining grain growth. 

The precipitates encountered in austenite can be separated into three types: 

a) Precipitates which are not dissolved during reheating. 

b) Precipitates formed dynamically during defonnation ( dynamic precipitation). 

c) Strain-induced precipitates fanned after defonnation. 
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Undissolved precipitates have little effect on recrysta)Jjzation, as they are too coarse. 

However, both dynamic and strain induced precipitates can be responsible for the 

recrystalliz.ation retardation. The rate of dynamic precipitation in Nb steels is generally one 

order of magnitude faster than strain induced precipitation24
. The interaction between 

precipitation and recrystalliz.ation can be followed by comparing the recrystalliz.ation start time 

with precipitation start time using a reaym,1lization-precipitation-time-temperature (RPTI) 

diagram, as depicted in Figure 2-8. When precipitation takes place before the start of 

recrystalliz.ation, the nucleation and growth of recrystallized grains are severely impeded. 

However, once precipitation starts after the end of recrystalliz.ation, recrystalliz.ation is 

unaffected. The temperature at which precipitation retards static recrystalliz.ation is referred to 

as the "no-recrystallization temperature", or T nr . The no-recrystallization temperature depends 

on the nature and amount of alloying elements as well as prior deformation and heat treatment 

history. Amongst microalloying elements, Nb has the most profound effect in retarding 

recrystallization and this accounts for its selection as the most common microalloying element 

in hot rolling. It has been reported that the addition of0.03 Nb leads to approximately an order 

of magnitude retardation in time for 50% softening at temperatures above 900 °C19
. 
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Figure 2--8 Comparison or a P1T diagram for a Nb and a V steel with a RIT diagram 

for plain carbon and Nb and V modified steels24• 
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2.2 Thermo-Mechanical Processing of Steels 

For most commercial products in the steel industry, their external shapes are the result 

ofhot-defonnation, such as hot-rolling, while the necessary mechanical properties are obtained 

by alloying elements and heat treatment after defonnation. However, metallurgical changes 

caused by hot deformation may result in additional beneficial effects on the mechanical 

properties of steels, and sometimes can eliminate heat treatment after defonnation. 

Thenno-mechanical processing is a technique to combine shaping and heat treating of steel. 

Controlled rolling is a typical example of thenno-mechanical processing in which austenite is 

conditioned to produce a fine ferrite grain size. 

2.2.1 Controlled-rolling of C-Mn steels 

After 1945, it became clear that notch ductility and yield strength can both be improved 

by a grain refinement. 25 Among other techniques for grain refinement, European mills utilised 

controlled low temperature hot-rolling in order to refine a grains and increase toughness. The 

following features were generally applied in this controlled rolling process: 

a) Intenupting the hot-rolling operation when the slab had been reduced to the prescnbed 

thickness, e.g., 1.65 times the final thickness. 

b) Recommencing hot-working when the slab has reached a prescnbed temperature and 

finishing at temperatures in the austenite (y) range, above the ~ 3 but lower than the 

conventional finishing temperatures, e.g. down to 800°C. 

The low temperature finish rolling practise refines the y grains, hence, the transformed 

a. grains. A considerable additional grain refinement can be achieved by rolling in the non­

recrysta1Uzed y region, where defonnation bands increase the nucleation sites for a grains. 

However, the temperature range for non-recry~allized austenite in C-Mn steels is relatively 

narrow, and this mechanism for grain refinement cannot be effectively utilised, due to the risk 

of getting into the two-phase region defonnation. 
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2.2.2 Controlled-Rolling of Nb-Treated Steels 

2.2.2.1 Conventional Controlled Rolling 

In 1958, the first Nb-treated steel plates were produced. By a small addition of Nb, 

(up to 0.06%) the strength was increased by 10kgt7mm2 (100 MPa) but the no-recrystalliz.ation 

temperature was raised by 40°C. However, by nonnalising, the tensile strength was decreased 

to the original level but the yield strength and no-recrystallization temperature were improved 

by 50-80 Wa and 25--70 °C, respectively, compared with normalised niobium free steels. In 

order to minimise deterioration in notch toughness, the following measures were reported: 

a) An increase in Mn content 

b) Lower reheating temperatures of the slabs down to the 1200°C or less 

c) Lower finish rolling temperature and an increase in total percentage reduction at low 

temperatures. It was also observed that low-temperature finish rolling was more effective 

in Nb-bearing steels than in C-Mn steels. 

The lower the hot-defonnation temperature, the heavier the draught and the finer the 

starting grain size during hot-working in the recrystallization temperature range, the finer the 

recrystallized y grains. The smaller y grains will lead to the smaller a. grains after 

transfomiation. These are the reasons for the improvement in toughness by low temperature 

finish-rolling of C-Mn steels, low temperature slab reheating and low temperature roughing in 

niobium treated steels. 

Further research on precipitation hardening of niobium and vanadium steels conducted 

in the l 960's led to the conclusion that the remarkable strengthening by niobium or vanadium 

additions was caused by precipitation of fine planar Nb(C,N) or VN, coherent with the a. 

matrix. 26 These carbides and nitrides are in solution in y grains at the reheating temperatures of 

the slab. The solubility of niobium in austenite is small, so excessive amount of niobium, e.g. 

above 0.05% is ineffective in strengthening of the a. matrix, since it cannot be in solution in the 

austenite. The solubility of vanadium nitride and vanadium carbide in a. and y is higher than the 

solubility of niobium carbo-nitride. So the strength of vanadium containing steels can increase 
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with larger amounts of vanadium, i.e. it does not show the pronounced saturation effect as 

niobium does. 

Another fundamental result was the effect of precipitation on recrystallization 

retardation27
. The addition of niobium retards recrystallization of they grains during hot­

rolling. The addition of niobium raises the critical temperature for y recrystallizBtion by about 

I 00°C. This is mainly due to fine niobium carbo-nitrides which have been in solution at 

reheating temperatures and re-precipitated during hot defonnation28
. Precipitation of 

carbo-nitrides is accelerated by hot defonnation. Recrystallization of austenite in steels 

containing 0.02-0.05% of niobium can start after one or a few reductions at temperatures 

between I 050 to 1100 °C, but it takes more than 100 seconds to complete the recrystallization 

at these temperatures. A similar but weaker effect was also observed for vanadium treated 

steels. This will be discussed in more detail later, as it is one of the fundamental metallurgical 

phenomena which can be exploited for remarkable improvement of mechanical properties of 

niobium treated steels. 

Kubota et al. 28 reported that improvements in notch ductility and a grain refinement 

were progressive with increasing total reduction below 950-900°C, where y recrystallization 

could not start during intervals between reductions. 

Addition of manganese to niobium treated steels intensifies controlled-rolling at 

non-recrystallization temperatures in the y region, as it decreases the ~3 temperature. In this 

way the temperature range for straining the y grains without recrystallization is increased. This 

is similar to the effect of increasing the no-recrystallization temperature by the addition of 

niobium. 

Deformation of y grains in the non-recrystallization temperature range elongates these 

grains in the rolling direction and creates defonnation bands and annealing twins. The a. grains 

nucleate in these defonnation bands as well as at prior austenite grain boundaries, giving an 



Chapter 2. Literature Review 26 

increased surface area for the austenite-ferrite transf ormation29
. This is the reason for the a. 

grain refinement in niobium treated steels finish-rolled with heavy reductions below 900°C. 

In summary, the role of conventional controlled-rolling using niobium treated steels is 

to retard reaystaliization by the help of carbo-nitride precipitates, then impose higher 

reductions in the non-recrystallization austenite region to produce pancaked grains prior to 

transfonnation. 

2.2.2.2 Dynamic Recrystallization Controlled Rolling 

In rod and bar rolling, using high strain rates (I 00-1000 s·1), short interpass times 

(between few tens of milliseconds to few hundreds of milliseconds) and large strains per pass 

(0.4-0.6) dynamic recrystallization has been found to occur3°. It has been proposed that under 

appropriate conditions dynamic recrystallization also occurs during strip rolling of niobium 

HSLA steels31
. The occurrence of dynamic recrystallization during simulated strip rolling of 

HSLA steels has been cited by several other authors. 32.33 The results of an analysis of the 

events during strip rolling also indicated that dynamic recrystallization is happening during 

rolling of Nb steels34
. Dynamic recrystalliz.ation affects rolling loads and is reported to 

produce considerably finer ferrite grains (~3µm) than those ferrite grains transformed from 

pancaked austenite (-7µm)35
.3

6
.3

7
. However, there are concerns regarding the validity and 

applicability of the results obtained in all of the above studies to the real mill practice, primarily 

due to the low strain rates employed in the experiments. 

Conventional controlled rolling relies on static recrystalliz.ation in the early stages of 

finish rolling to refine austenite and pancaking of the austenite in the last stages to enhance 

ferrite grain nucleation during transfonnation. In contrast, dynamic recrystallization favours 

higher reductions in the first few stands to exceed the critic.al strain for the onset of dynamic 

reaystalliz.ation. Dynamic recrystallization controlled rolling leads to greater ferrite grain 

refinement through austenite grain refinement. 37 Another advantage of the initiation of 

dynamic recrystallization during rolling is a marked reduction in roll forces and torques, which 
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in turn translates to savings in energy consumption and less roll wear. Also, the gauge 

accuracy will be enhanced due to the lower reductions required in the last stands. The only 

justification that the author found in the literature regarding the better grain refinement through 

dynamic recrystalliz.ation is the higher nucleation rate and formation of "necklace structure" 

during deformation37
. High density of grain nucleation already incorporated into the matrix, 

expedites the post dynamic recrystalliz.ation compared to static reaystalli:zation, as no 

incubation time is required. 

2.2.2.3 EfTects of Recrystallization Type on Grain Size 

Many different authors have attempted to develop models predicting grain sizes 

produced by static, dynamic and metadynamic recrystalliz.ation for different materials. An 

excellent compilation of these models has been done by Hodgson30
. The general observation, 

common in all these models, is that statically recrystallized grain size is a function of the initial 

grain size, temperature, and amount of strain, while dynamically and metadynamically 

recrystallized grain sizes are only a function of Zener-Hollomon parameter, i.e. temperature 

and strain rate, in an inverse power law fonn. This indicates that increasing strain rate and 

decreasing rolling temperature lead to more grain refinement provided dynamic and 

metadynamic recrystalliz.ation are in place. Another common understanding is that rolling 

schedules with dynamic and metadynamic reccystalliz.ation produce finer final grain sizes 

compared to schedules with only static recrystallization. This idea is appealing to the steel 

manufacturers to achieve further grain refinement. 

2.2.2.4 Controversies Regarding the Type of Recrystalla.ation in Strip Rolling 

The occurrence of dynamic recrystalliution by strain accumulation during industrial 

hot strip rolling schedules has been questioned38
. It has been argued that the kinetics of static 

recrystalliz.ation approaches those of dynamic recrystalliz.ation as the strain increases. In 

addition, interpass times are generally much greater than deformation times. Hence, softening 

of the material during strip rolling may be due to enhanced static recrystalliz.ation. 

This controversy, in spite of its practical importance in terms of final mechanical 

properties and mill set-up, still remains. The physic.al proof of the possibility of dynamic 
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recrystallization during strip rolling is notoriously difficult, since it requires extremely fast 

quenching of the steel after deformation to freeze the structure and look for dynamically 

created grain nuclei. Most of the mill engineers do not believe in the possibility of dynamic 

recrystallization in any kind of steel during strip rolling schedules. This belief has been 

reinforced by the fact that the possibility of dynamic recrystallization has not been taken into 

account in the conventional strip mill set-up and in control modules developed by General 

Electric and Westinghouse. In these control modules, which are in use in North Ameri~ it is 

assumed that the steel repeatedly goes through only work hardening during deformation and 

static softening during interpass times. This assumption may lead to erroneous roll force 

prediction if the steel actually softens in one or more stands instead of hardening. 

2.3 Modelling of Hot Rolling Processes 

The past two decades have seen a marked increase in the ability to control and optimise the 

final properties and dimensional accuracy of rolled products. These improvements have been 

brought about partly through the application of improved predictive models of rolling forces 

and microstructural events that take place during and after rolling. These models enable mill 

engineers to reduce expensive mill trials, study the effects and interactions of different variables, 

improve rolling schedules, and control the process. Amongst the more important models are: 

temperature, hot flow stress, roll force, and microstructural evolution models. This thesis is 

concerned with the material flow stress and roll force prediction models, and to lesser extent 

with microstructural evolution models. 

2.3.1 Modelling Methodologies in Hot Rolling 

Similar to other industrial process modelling methodologies, there are four types of models30
: 

a) Phenomenological: These models descnbe actual physical processes in the form 

of a mathematical equations derived from the basic principles of the process. 

b) Empirical: These are characterised by the statistical analysis of process data to 

provide relationships between the process variables and the parameters of interest. 

Regression analysis has been the most commonly applied technique, however, there 
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are increasing number of sophisticated methods available for constructing models 

of this type. 

c) Semi-empirical: This combines certain features of the two methods above, i.e., the 

general fonn of the model equation is representative of the physics of the process 

with some coefficients and exponents found through regression. 

d) Heuristic: These include the rule-based models, expert systems, and diagnostic 

models which are now gaining widespread applications within the steel industry3°. 

These models do not contain mathematical representation of a physical process, but 

can still predict process parameters of interest and the process outcome, based on 

previous experience. 

There are few examples of phenomenological models being used in hot mills, due to the 

complexity of the process and the lack of true phenomenological models for even some of the 

simpler rnicrostructural changes occurring during rolling30
. Historically, there has been 

widespread application of empirical and semi-empirical models, based on simple statistical 

regressions of large data sets of plant measurements. The accuracy of these models depends 

on the availability of a general fonn of mathematical equation which can fit the data well. Data 

is usually nonlinear and inter-related which limits the applicability and accuracy of regression 

models. It is expected that the next decade will see extensive use of both the semi-empirical 

and heuristic models within the steel industt,t3°. 

2.3.2 Hot Flow Stress Models 

A number of studies has been conducted over the past two decades to develop 

constitutive relations to descnbe the hot flow stress of steels as a function of significant 

defonnation process variables: strain, strain rate and temperature.39
•
40

•
41

•
4
2.

43 From the results 

of isothennal creep tests, it is found that the relationship between stress and strain rate varies 

according to the stress levels. At low stress levels the power relation e = A 1 a 0
• , and at high 

stress levels the exponential relation i = A2 exp( n "a ) appears to fit the data well. 

However, it has also been shown that the hyperbolic sine relation & = A(sinhaa )" is able to 
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represent the whole range of stresses satisfactorily44
. The parameters A, A1, A2, I\ n', n" and a. 

are material constants. Sellars and Tegart40 expanded on these equations to include the effects 

of temperature, resulting in an Arrhenius type equation 

6 = A(sinha.a)" exp(;~) (2-7) 

Incorporating the Zener-Hollomon parameter, Z = 6 exp( ii-") , into the Eq. (2. 7) results in 

Z == A(sinhacr)° (2-8) 

where Q is the activation energy. The values of A, Q, and n are shown to be functions of the 

strain level.45 The value of a. has been studied by Sakai et al.46 for plain carbon steels and 

shown to be a function of the carbon content. For low carbon contents and HSLA steels, the a 
value of0.012 has been used by others4

2.
45 as well as in the present work. Wang and Lenard41 

employed a power relationship and normalized strains to model the hot strength of a Nb-V 

steel. The activation energy was calculated using peak stresses and the constants of the power 

law at different strain levels were stored in a data bank. 

The Arrhenius type equations are nonnally used to characterize steady state flow stress 

data However, they do not explicitly incorporate the softening effects of dynamic 

recrystallization. When dynamic recrystallization occurs, the drop in flow stress may be 

estimated by an Avrami equation4
2.

47
: 

(2-9) 

where u II is the saturation stress, ~ is the steady-state flow stress after dynamic 

recrystallization. a, k, m are constants and e, is the strain at the peak stress. Incorporation of a 

softening tenn in the case of highly alloyed HSLA steels is not always necessmy when the flow 

stress does not exhibit steady state behavior48
. 



Chapter 2. Literature Review 31 

Shida49 conducted a study of the hot strength of a broad range of carbon steels and 

provided equations to predict the flow stresses as a function of strain, strain rate, temperature 

and the carbon content. Murthy and Lenard50 analyzed industrial data, obtained during the 

finish rolling of 8000 slabs in a seven-stand hot strip mill as well as that of I 50 laboratory 

rolling tests. They compared the measured and predicted roll forces obtained by using Shida's 

equations in conjunction with Orowan's model51 and Ford & Alexander's model.52 In the best 

case, i.e. Shida's flow stress equations with Orowan's roll force modei the mean of the 

difference of the measured and predicted data was 15.9'1/o with a standard deviation of 9.68. 

They also concluded that Shida's equations are not directly applicable for HSLA steels but may 

be used with an appropriate expression for the equivalent carbon content. 

The effect of constitutive modeling on the predictive capabilities of a one-dimensional 

model of hot strip rolling was examined by Nadkami et al. 53 Three different approaches were 

compared. In the first, the flow stress at different strains, strain rates and temperatures were 

stored in a multi-dimensional data bank and retrieved as needed; in another an empirical 

relation for the flow stress was used and in the third, average values in the pass were employed. 

The multi-dimensional data bank was thought to be the most natural technique, as it eliminated 

the need for modeling the behavior of the metal. 

Artificial Neural Networks have also been used to model the flow stress of steels at 

high temperatures. Tsoi54 used the MARS (Multiple Adaptive Regression Spline) algorithm to 

predict flow stresses in a plate rolling mill, with a 5.3% accuracy, surpassing those of 

conventional models. Hwu et al. 55 used a backpropagation neural net to predict satisfactorily 

the flow stresses of an extra-low carbon steel in the austenite, ferrite and dual-phase regions, 

within a ±2% accuracy. Rao and Prasad56 used a commercial Neural Network package, 

NWorks57
, to model the flow stress of a low carbon steel. A mean absolute percentage error 

of 3 .0 I% was reported. 

2.4 Scope of the Thesis 

The knowledge of the material's constitutive behavior is an essential requirement for 

the design and analysis of defonnation processes. In spite of suffering some drawbacks in tenns 

of accuracy, ease of development, adaptability, and speed empirical stress-strain relationships 
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and constitutive equations describing material behaviour during defonnation are being widely 

used. In the other hand, complex metallurgical events during hot rolling of HSLA steels affect 

the material flow stress, which in tum affects the rolling forces. Hence, control algorithms of 

hot strip mills are required to integrate the material defonnation resistance mode~ 

microstructural evolution mode~ and roll force prediction model into a module. The main 

requirements for on-line control models include: high accuracy, short computational time and 

adaptability to incorporate new data. The current procedure for the study and modeling of the 

material behavior and microstructural evolution is mainly based on conventional statistical 

techniques. The applicability and accuracy of these techniques are limited and highly dependent 

on the availability of a mathematical relationship which can describe and fit the data well. 

Manufacturing of higher value added products such as HSLA strip coils is gaining 

more importance for the North American steel industty. The standards for the uniformity of 

the mechanical properties and consistency of output gauge are much tighter for these products. 

However, the metallurgical events taking place in these grades involve complex and 

quantitatively not-well-understood events of strain accumulation, dynamic and metadynamic 

recrystalliz.ation, precipitation of carbonitride formers, and complex interaction of precipitates 

with softening processes. The existing knowledge of these complex metallurgical events 

during hot rolling of HSLA steels are limited and there is no predictive model directly 

applicable to the industrial rolling processes to talce into account the effects of these 

metallurgical events on the rolling forces and final mechanical properties of the rolled products. 

The industrial and academic research in this field is quite active, however, far from completion 

and fulfilling the needs of the industry. Hence, the steel industries are looking for immediate 

alternative modelling solutions to address their current needs. 

In reply to the above need for applicable and accurate microstructural and roll force 

models, this thesis is concerned with the applications of a class of heuristic modelling 

techniques, called Artificial Neural Networks, to hot strip mill processes. The major rolling 

mill process automation and control development firms are actively working on utilising this 

technique, however, the resulting knowledge remains mainly proprietary. Recently, Siemens of 
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Germany, with more than half of the global market share in minimil1 process automation 

development, announced that all of the next generation mill control algorithms developed by 

Siemens will be based on Neural Networks58
. 

Neural Network modelling technique and its mathematical basi~ along with its 

applications in different areas of material science and processing are descnbed in detail in 

Chapter 4. Applications of this technique to: flow stress prediction, roll force prediction, and 

detection of dynamic recrystalliz.ation during hot strip rolling of HSLA steels are given in 

Chapters 6 and 7. Principal Component Analysis is used as a data pre-processor for Neural 

Network simulator code, in order to decouple the linearly correlated input variables. This 

technique is explained in Chapter 3 and the results of its application is presented in Chapter 7. 
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3. Principal Component Analysis 

Principal Component Analysis is one of the most commonly used multivariate statistical 

analysis techniques. When the variation of a dependent variable is a function of more than one 

independent variable, then the problem is multivariate. Most real engineering and scientific 

problems and analyses are multivariate. The complexity of this kind of problem arises from 

both the multi-dimensionality, and the possible interactions of the independent variables which 

affect the dependent variable. Principal Component Analysis can be used to both reduce the 

dimensionality of the problem and remedy problems associated with the linear correlations 

between original variables. 

The objective of the analysis is to take p variables X1, X2, X1,... Xp, and find 

combinations of these variables to produce new variables Z1, Z2, 23, ... Zp that are uncorrelated. 

The lack of correlation is a useful property because it means that these new variables are 

measuring different 'dimensions' in the data. These new variables are called Principal 

Components and are ordered so that 2 1 represents the largest amount of variation , 22 

represents the second largest and so on. That is var(Z1) ~ var(Z2) ~ var(Z3) ~ ..... ~ar(Zp), 

where var(Z) denotes the variance of Zi in the data set. 

When perfonning a Principal Component Analysis there is always the hope that the 

variances of most of the new components will be so low as to be negligible. This will happen if 

there are significant linear correlations in the original variables. In that case the variation in the 

data set can be adequately described by the first few principal components. 
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To avoid confusion with the regression analysis, it should be stressed that, in regression 

analysis we are looking for a line or surface of closest fit to a system of points in space which 

indicates the best prediction of dependent variables. In Principal Component Analysis, the 

primary interest is in detecting any possible linear association between the independent 

variables. In short, the regression line indicates the best prediction of a dependent variable and 

the principal component line indicates the best linear association between independent variables 

3.1 An Introduction to the Theory of Principal Component Analysis 

Principal Component Analysis is a variable-directed multivariate technique which can 

be used for identifying possible linear relationships between several quantitative variabless9
. At 

one extreme, these variables may be completely independent of each other, while at the other 

extreme there may be a linear relationship between two or more apparently independent input 

variables (conditions). In the range between these two extremes, we can have different degrees 

of correlation between variables. In two-dimensional space with just two variables, we simply 

look at the correlation between them by plotting the data on a two-dimensional graph. 

However, once we want to analyse data that is dependent upon more than two input variables, 

looking at their interdependency becomes more complicated. In this case, the "Principal 

Component Analysis" technique could be utilised, provided there is a considerable correlation 

between the variables. This technique aims to transform n-number of observed variables with 

possibly some degree of interdependency, to a new set of n-uncorrelated variables, arranged in 

decreasing order of variability. These new uncorrelated variables are called "Principal 

Components" and are linear combinations of the original variables, with coefficients equal to 

the eigenvectors of the correlation or standardised covariance matrix. The principal 

components are orthogonal to each other and are derived in decreasing order of variability, 

such that the first component accounts for as much as possible of the variation in the original 

data and the second component represents the second largest variance. In geometric tenns, the 

m-dimensional sub-space of an n-dimensional space spanned by the first m principal 
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components gives the best possible fit to the data points, as measured by the sum of the 

squared perpendicular distances from each data point to the sub-space. 

The usual objective of the Principal Component Analysis is to detennine whether the 

first few principal components account for most of the variation in the original data. If they do, 

the problem can be studied in a lower dimensional space without losing much of the variation 

of the data. This is done by ignoring the variation in the direction of the last principal 

components. In other words, if some of the original variables are highly correlated, then they 

are effectively saying the same thing and there may be nearly linear constraints on the variables. 

In practice, it is not always easy to give meaningful labels to the principal components, 

but they can still be used effectively to reduce the dimensionality of later analysis. Indeed, 

Principal Component Analysis (PCA) makes use of the interdependency between the original 

variables and transfonns them to a smaller set of uncorrelated variables. It is therefore worth 

mentioning that, if the original variables are nearly uncorrelated, then there is almost no point in 

carrying out a PCA In this case the PCA will simply find new components which are close to 

the original variables, but arranged in decreasing order of variance. In short, the two main 

objectives of PCA are: 

1) Reduction of the dimensionality of the problem in order to facilitate further 

analysis and modelling of the data. 

2) Orthogonal transfonnation of linearly correlated variables to uncorrelated 

principal components. 

An important feature of Principal Component Analysis is exploited in conjunction with 

regression analysis. In multiple regression, one of the major difficulties with the usual least 

square estimators is the problem of multi-collinearity, which occurs when there are near­

constant linear functions of two or more of the variables60
• If multi-collinearities exist, the 

variances of some of the estimated regression coefficients can become very large, leading to 

unstable and often misleading estimates of the regression equation. Various biased regression 

techniques such as "ridge regression" have been developed to overcome this problem, but an 
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alternative approach is to regress, not on the original variables, but on the first few important 

principal components61
. This technique is known as "Principal Component Regression". 

Existence of strong .multi-collinearities poses similar problems to the development and 

training of Artificial Neural Network models. Once a dependent variable is to be modelled as 

some function of two or more independent variables, and these independent variables are some 

constant linear function of each other, then, the network learning algorithm caruiot properly 

learn the input-output relationship. This is because the network is not being presented with the 

data providing some information about the variation of the output with each individual and 

independent variable. 

Part of this research is to investigate the beneficial effects of perfonning Principal 

Component Analysis prior to neural network training in order to avoid network confusion due 

to the collinearities in input variables. The results are presented in Section 7.4.4. A detailed 

discussion, geometric interpretation, and important characteristics of Principal Component 

Analysis have been presented in the author's Master of Applied Science thesis62
. The 

calculation of Principal Components is briefly descnbed in the following section. 

3.2 Calculation of Principal Components 

Given a data set with p numeric variables and 11 observations, p principal components 

can be computed. Each principal component is a linear combination of the original variables, 

with coefficients equal to the eigenvectors of the correlation or covariance matrix. The first 

principal component is the linear combination of the variables Xi, X2, X3, ... Xp, i.e., 

(3-1) 

such that 21 varies as much as possible for the individuals, subject to the condition that 
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(3-2) 

The constraint is actually a standardisation scheme and is introduced to avoid an increase in the 

variance ofZ1 by simply increasing any one of the alj values. The second principal component, 

(3-3) 

is such that the variance of Z2 is as much as possible, subject to the constraint that 

l l l 1 a1, +an +···•-+a1p = , (3-4) 

and also the condition that 21 and 22 are uncorrelated. The rest of the principal components 

are derived in the same manner. 

The coefficients a11, a12, .... a1p are actually the elements of the first eigenvector of the 

covariance matrix of original variables, a1, standardised to the sum of the squared of one (a21 + 

a22 + .... + a2p =l). The coefficients a21, azz, .... a2pare the elements of the second eigenvector, 

a2, and so on. Hence, a principal component analysis basically involves calculation of the 

eigenvalues and eigenvectors of the covariance matrix and a simple matrix multiplication. 

To form the covariance matrix, the arithmetic me.an of each variable, i.e. 

X1 , X2, ... , Xp , is computed. Based on these, the covariance matrix is fanned. The general 

fonn of the covariance matrix, ~ is 

variance(X1 ) cov(X1 , X2 ) 

cov(X2 , X1) variance(X2 ) 

A= 

where variances and co-variances are: 

cov(X, , X,) l 
cov(X2,XP) 

. variance(XP) 

(3-S) 



Chapter 3. Principal Component Analysis 39 

. l ft 

variance(X1) = (n _ 1); <X1 - X1 >2 (3-6) 

(3-7) 

and so on. 

This matrix is always symmetric, because cov(X1, X2 ) = cov(X2 , X1) and so on. To 

compute eigenvalues, we fonn the characteristic equation for the covariance matrix A 

(3-8) 

Having matrix A, the solution of the above equation leads top (number of variables) distinct 

solutions which are the eigenvalues. Expanding the above determinant yields a polynomial in 

A. The roots of this polynomial are the solutions for the eigenvalues. A wide variety of 

methods are available to estimate the roots of the polynomia1s63
, however, for symmetric 

matrices, there are better approaches with no need to fonn the polynomial and find its roots. 

For example, the Jacobi Method64 transforms a symmetric matrix to a diagonal matrix by 

eliminating off-diagonal terms in a systematic fashion. This method consist of a sequence of 

orthogonal similarity transformations. Each transfoI1t1ation is a plane rotation designed to 

annihilate one of the off-diagonal matrix elements. Successive transfonnations undo previously 

set zeros, but the off-diagonal elements nevertheless get smaller and smaller, until the matrix is 

diagonal to the desired precision. Elements of the final diagonal matrix are the eigenvalues. 

Assuming that the eigenvalues are ordered as A.1 ~ A2 ... ~ Ap ~ 0, then Ai corresponds 

to the ith principal component, 

z. =a-1X1 +a-2 X2 +-···•+a. X I I I IP p, (3-9) 

and demonstrates the variance of z. The constants ail, ai2 , ••. ,aiP are the elements of the 

corresponding standardised eigenvectors. Substituting the eigenvalues into the fundamental 

eigenvalue equation, Ax = "-", we find p distinct eigenvectors, corresponding to p eigenvalues. 
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A linear algebra theorem62 indicates that if the non-zero eigenvectors a1,a2, ... ,3n 

correspond to different eigenvalues A1,A2, .... ,)..., then these eigenvectors are linearly 

independent. This is another reason why principal components are not linearly correlated. The 

combination of these eigenvectors form the p by p square matrix of eigenvectors denoted by H. 

Having this matrix and the mean of each variable, and recalling that principal components are a 

linear combination of the original variables with coefficients equal to the eigenvectors of the 

covariance matrix, we can compute the principal components for each individual observation: 

z. X1 -X1 

Z2 X2 -X2 

Z= =H (3-10) 

Zp Xp -Xp 

Inversely, ifwe want to calculate the original variables X = X1, X2, ... , Xp for a given 

set of principal components, Z = 21, Z2, ... , Zp, ofan observation, we invert the above equation 

and we get: 

Z =H(X-X) (3-11) 

or 

&·1 z=X-X (3-12) 

Since the eigenvector matrix H is orthogonal ( eigenvector matrix of a real symmetric 

ma~ i.e. covariance matrix, is orthogonal), then its inverse and transpose are equa.L so that: 
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x=atz+x (3-13) 

Here it is worthwhile to mention an important characteristic of any matrix ~ called the 

trace of A. The trace of A is the sum of the eigenvalues of A which can be proved to be equal 

to the sum of the diagonal elements of matrix A. This is another way to derive the fundamental 

fact that the sum of the variances of the original data is equal to sum of the variances of the 

principal components (Eigenvalues of covariance matrix are variances of principal 

components). Of course this is expected due to the orthogonal nature of the transformation 

from the original co-ordinates to the principal components space. 
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4. Artificial Neural Networks 

A new and robust modelling method using Artificial Neural Networks is evolving. 

Neural networks have been proven to be universal function approximators if a sufficient 

number of processing units are employed. 65 This method is applicable in many areas of 

behavioural science and has produced promising results in the areas of: data analysis, 

modelling, signal processing, weather and financial forecasting, process automation, robotics, 

and many others. Well-trained Neural Network models provide fast, accurate and consistent 

results. The technique has been well developed66
•
67 and extensively used in many areas of 

science and engineering, however, it is somewhat new to the materials science and processing 

field. 

4.1 Introduction 

Neural Networks provide a new approach to data arid process modelling. They belong 

to the heuristic class of modelling techniques, that is, these models do not contain a 

mathematical representation of the physical process, but still predict an outcome of a process 

based on previous experience. A neural net can be looked at as a non-linear procedure that 

maps an input vector to an output vector. However, knowledge of the process, in contrast to 

phenomenological and statistical methods, is not captured within a mathematical expression, 

but stored within a matrix of connection weights between the process inputs and outputs. 

These weights, determined randomly at first, are continuously modified so that the predictions 

fit the experimental data more accurately. The iterative process of modifying the weights is 
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called training. Upon completion of the training, there exists one weight matrix which gives the 

minimum error between actual output data set and the network predictions. 

In the following section, the backpropagation neural network paradigm will be 

explained in detail and an algorithm and flow chart will be provided to develop and train a 

neural net model of this kind. 

4.2 Feed Forward Back-Propagation Neural Networks 

The multi-layered feedforward perceptron using the back-propagation learning 

algorithm is central to much work on modelling and classification by neural networks. This 

technique has been evolved from Rosenblatt' s simple perceptron model68
. The 

backpropagation model is the predominant supervised-training algorithm. Supervised learning 

implies that a good set of data or pattern associations is used for training of the network. 

Input-output pairs are presented to the netwo~ and weights are adjusted to minimise the error 

between network output and actual value. The knowledge that a neural network possesses is 

stored in these weights. 

4.2.1 Neuron's Function 

The artificial neurons, called nodes or Processing Elements (PE), have been modelled 

by some inspiration from biological neurons. The neurons are the basic processors in a neural 

network; still, they perfonn quite simple arithmetic operations. Each node receives several 

inputs over the connections to previous layer's nodes, called synapses. There is a weight (a 

numeric value, functionally similar to the coefficients in a regression model) associated with 

each connection. Each input is a product of a previous layer node output and the weight of the 

connecting synapse. The activation of the neuron (output) is computed by applying an 

activation function (refer to section 4.2.3) to the sum of these products. McCulloch and Pitts69 

proposed the first model of a neuron as a binary threshold unit. A simple generalisation of this 

model has the fonn of 



Chapter 4. Artificial Neural Networks 

11, = g(L wvn1 - µ; ). 
j 

44 

(4-1) 

The value Di is called the state or activation of unit i. The non-linear function g(x) is called the 

activation junction or transfer junction. In this model, the neuron computes a weighted sum 

of its inputs from all neurons of the previous layer and compares this value to a certain 

threshold value (µ;), then, applies the activation function to the result to produce the neuron 

output. An abstract model of the neuron is shown in Figure 4-1. 
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Figure 4-1. Diagram of an abstract neuron (PE) model 

4.2.2 Network Architecture 

Supervised neural networks generally consist of a large number of processing nodes 

(neurons) organised in input, hidden and output layers. The input layer receives the signals (the 
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input values in the given data set) and the output layer provides the final outputs (network 

predictions) to the environment. The hidden layer, with no outside connections, increases the 

functionality of the network in handling linearly inseparable data sets and enhances the function 

approximation and classification capability of the network. The number of the nodes in the 

input and output layer is dictated by the problem. However, the optimum number of hidden 

layers and number of nodes in each hidden layer depends on the complexity of the problem and 

number of input and output variables. For non-linear function approximation, generally one 

hidden layer of nodes suffices. There are a few methods available to aid network designers in 

deciding the optimum number of hidden nodes, however, there are no rigid rules for deciding 

the optimum number of hidden nodes for any given problem. The two more common 

techniques are node pruning and dynamic node allocation.70
•
71 In node pruning, we start with 

a large number of nodes and train the network. Then, the number of nodes is progressively 

reduced and each time the perfonnance of the network is compared to the performance of the 

network with the previous number of nodes. This procedure is continued until the accuracy of 

network predictions starts to deteriorate. The optimum number of nodes is then reached. The 

same result can be obtained through dynamic node allocation, that is, to start with a small 

number of nodes and progressively increase the number of nodes and monitor the perfonnance. 

After arriving at optimum number of nodes, the accuracy of predictions will not increase with 

an increase in the number of nodes. 

The tenn, feedforwarcL identifies the direction of information propagation. In the 

multi-layered perceptron the only direction permitted is from input towards the output. The 

term, backpropagation, descnbes the learning algorithm in which the weights are modified by 

comparing the network output with the actual output and minimising the error. A fully 

connected three-layer network of this kind is illustrated in Figure 4-2. The output units are 

denoted by 0;, hidden units by ~, and the input tenninals by l;.t . Notational conventions are 

shown in the figure and at the end of this chapter. 
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Figure 4-1 A three layer feedforward network, showing notations used for nodes and 

weights. 
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4.2.3 Activation Functions 

Activation functions map the possibly infinite domain of the PE' s output to a pre­

specified range, usually {O,l) or (-1,1). Important requirements for these functions are that 

they be non-linear, differentiable, monotonic and bounded. The most popular activation 

functions are the logistic sigmoidal and hyperbolic tangent (tanh) functions, shown in Figure 

4-3. The non-linear mapping capability of neural nets emanates from the non-linear nature of 

these functions. Both of them introduce a non-linearity in the network dynamics by bounding 

the output values within a fixed range. 

4.2.4 Data 

Neural networks, similar to natural brains, cannot operate unless they are provided with 

experiential knowledge or data Feed-forward back-propagation networks require a sufficient 

number of pattern pairs (input-outputs) for training purposes. Both inputs and outputs could 

be multi-dimensional, binary or continuous valued. Training pairs are usually normalised to 

values between (-0.9 to 0.9) or (0.1 to 0.9), depending on the type of activation function being 

used. 
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Figure 4-3 Sigmoid activation functions, a) logistic sigmoid and b) tanh. 

4.2.S The Learning Paradigm 

After a tentative decision about the topology of the network (number of layers and 

nodes), the network should be trained to find the optimum weights. The algorithm to train 

networks without a hidden layer was developed long ago 68, however, these kinds of networks 

had limited capabilities. Although the greater power of multi-layer networks was realised then, 

it was not until the 1980's that the first algorithms to teach multi-layered networks were 

developed. 12.73
,
74 The algorithm consists of the forward propagation of data and an error 
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calculation, then an error minimisation scheme based on the gradient descent method. These 

steps are explained in the following sub-sections. 

4.2.6 Feedforward Propagation of Data and Error Calculation 

We first consider a three-layer network such as that illustrated in Figure 4-2. We label 

different input patterns by a superscript µ, so input k is set toe; when pattern µ is being 

presented. In this phase of training, an input is presented and propagated through the network, 

generating a set of values as network outputs, Of'. The required steps are shown below. 

Given patternµ{~, Ii(}, a set of input-output pairs in the training data, the hidden unit 

j receives a net input of 

(4-2) 

and applies the activation function to this value, minus the threshold, to produce the node 

output or activation Vj 

(4-3) 

Equation (4.3) can be rewritten as 

(4-4) 

To omit thresholds from the analytical descriptions, we may consider an imaginary input l;o. 

fixed to ~ = -1, and choose connections strengths Wj0 = 9j, then: 

(4-5) 

Now this output from the hidden layer will be propagated to the output layer nodes. Output 

unit i thus receives 
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(4-6) 

and the final output from the output nodes will be 

(4-7) 

Note here that the output is an explicit function of the inputs and weights of the connections. 

Now the training task is to find the weight vectors for the input-to-hidden layer and hidden-to­

output layer to minimise the error between the network calculated outpu~ O;, and the desired 

value (training data output),~. 

4.2. 7 Cost Function 

In order to systematically optimise the weights, we should utilise a cost function as a 

measure of total error and try to minimise it in an appropriate way. A very common cost 

function is the squared error cost function. The best solution for network weights can be 

attained when the sum of the errors for all the given patterns and across all outputs is 

minimised. Then, we may use the following fonn of the squared error cost function: 

E[w] == ! L(~r -or )2 (4-8) 
µ,i 

This cost function is the most commonly used and is based on the squared difference between 

computed, Of, and desired output values, l;r, of all output nodes across all patterns in the 

data set. The smaller the value of the E, the better are the weights. When E is zero, the 

mapping from input to output is perfect for the given pattern. Substituting Equation ( 4. 7) into 

( 4.8) gives: 
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(4-9) 

4.2.8 Gradient Descent Leaming 

Given this error measure E[w], we can minimise the cost function by modifying the weights 

through 'sliding downhill' on the surface it defines in w-space. The Gradient Descent 

algorithm suggests changing each weight, w, by an amount &w, proportional to the gradient of 

E at the present location. The 'downhill sliding' and gradient descent algorithm are 

demonstrated in Figure 4.4. 

First, let us consider applying this algorithm to the hidden layer-to-output layer 

weights, Wij. For these connections, the gradient descent rule gives 

c3E 
AW .. =-n-

•1 'law. .. 
IJ 

The parameter Tl is a positive constant controlling the learning rate. 

Equation ( 4. 9) and using the chain rule, we obtain: 

aE aE ahi 
Awij = -Tl aw .. =_,,ah. x aw .. 

IJ l IJ 

= ,, ~ r«;r - or 1 g'Chr > vr 
µ 

If we define 

(4-10) 

Substituting for E from 

(4-11) 

(4-12) 

then our final fonn of the weight correction for hidden layer to output node connection would 

be: 
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Figure 4-4 An erTOr surface and downhill sliding through gradient descent aJgorithm. 75 
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llW .. = n ""6!" V':' 
IJ "I~ I J (4-13) 

J.l 

This equation is commonly referred to as the delta rule, the adaline rule or IMS (least mean 

square) rule. 

We notice from Equation (4.12} that the change in weights is a function of the net error 

between desired and network output, and the derivative of the activation functiong(hJ. With a 

sigmoid fonn for g(h), this derivative, g' (h) = 1-g2, is largest when lht' I is small (notice that 

the output of a sigmoid function is always less than 1 ). Thus the changes are made most 

strongly on connections feeding to units with small !hf' l's, those which are in doubt about their 

output. This is a reason why sigmoid functions are the preferred fonn of activation functions. 

For the input-to-hidden layer weight corrections, we must differentiate the cost 

function, Equation (4.9), with respect to the Wjk's. Using the chain rule, we obtain 

aE 8E 8Vf 
Liw Jlt = -11-- = -ll--1,1 x --

8 w jk a vj a w jk (4-14) 

= 11Lc,r - or] g'(hf) wij g'(hf) ~: 
µ 

Defining 

6f = g'(hf) }:~j6r (4-1S) 
i 

then the final fonn of the weight correction for input to hidden layer connections becomes: 

dwjlc = 11Lor wij g'(hr) l;~ = l'JLOf E;t (4-16) 
µ µ 

Equations (4.13) and (4. 16), which are the weight update rules, are written as the sum of all 

patterns µ, however, they are usually used incrementally: a pattern µ is presented at the input 

and then all weights are updated before the next pattern is considered. The incremental update 
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rule decreases the cost function at each step and lets successive steps adapt to the local 

gradient. In this case Equations ( 4 .13) and ( 4 .16) can be rewritten as 

AW-=n6~V~ IJ 'I I J 
(4-17) 

(4-18) 

The above analysis demonstrates that with repeated presentation of training data points 

to the network and updating the weights based on the delta rule, we can minimise the error 

between network predictions and the desired outputs after a sufficient number of data 

presentations (iterations). 

4.2.9 Local Minima 

The gradient descent algorithm is guaranteed to find a local minimum. In many 

practical problems, this local minimum is the global minimum as well. However, there is a 

possibility that the network will get trapped at a local minimum and stop learning without 

finding the global minimum. This means that there is another set of weights which can provide 

a better fit to the data. If this local minimum provides results with acceptable error levels, then 

this local minimum is close enough to the global one. 

To minimise the risk of getting trapped in a local minimum, the choice of initial random 

weights is important. 66 If they are too large, the sigmoids will saturate from the beginning, and 

the system will become stuck in a local minimum near the starting point. A senstole strategy is 

to choose random weights so that the magnitude of the typical net input h; to input i is less 

than-but not too much less than-unity. This can be achieved by taking the weights w9 to be of 

the order of ( 1 / ,Jk;) where~ is the number of j's which feed forward to i. 

Another practical measure to increase the chance of finding the global minima is to 

initialise the initial weights and thresholds to different random values. In this way, the starting 



Chapter 4. Artificial Neural Networks 55 

point on the error hill (refer to Figure 4-4) will change. Hence, the probability of sliding down 

to the global minimum without falling into a local one will increase. 

4.2.10 Generalisation and Overfitting 

During learning, the outputs of a supervised neural network attempt to 

approximate the target values, given the input-output pairs in the training set. This ability 

is useful in itself, but the purpose of using a neural net or any other model is to 

approximate target values, given inputs that are not in the training set. This feature is 

called generalization. There are two conditions that are typically necessary, although not 

always sufficient, for satisfactory generalization. The first condition is that the function 

relating the inputs to correct outputn be smooth. In other words, a small change in the 

inputs should produce a relatively small change in the outputs. For continuous inputs and 

targets, smoothness of the function implies continuity and restrictions on the first 

derivative over the input space. 

The second necessary condition for good generalization is that the training cases 

be a sufficiently large and representative subset, that is, a "sample" in statistical 

terminology, of the set of all cases that is needed to be generalized to, i.e. the 

"population". The importance of this condition is related to the fact that there are two 

different types of generalization: interpolation and extrapolation. Interpolation applies to 

data points that are surrounded by nearby training data points. Cases that are outside the 

range of the training data require extrapolation. Cases inside large "holes" in the training 

data may also effectively require extrapolation. Interpolation can often be done reliably, 

but extrapolation is notoriously unreliable. Hence it is important to have sufficient training 

data to avoid the need for extrapolation. 

Neural Networks are proven to be universal function approximators65
. They are 

actually able to approximate any arbitrary function to any degree of accuracy required for a 

given "sample". However, it should be born in mind that a good fit to a "sample" subset does 

not necessarily constitute a good fit to the whole ''population". Indeed, the increased accuracy 

with the increased number of iterations or excessive number of processing nodes will hann the 

generalisation of the model to the unseen data in the population. Hence, in addition to careful 

consideration for sampling of the data, measures should be taken to avoid "overfitting' while 
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training76
•
77

. An operational definition of overfitting is that the out-of-sample error starts to 

increase with training time after having gone through a minimum. The overfitting to a 'sample' 

data by neural networks is analogous to fitting an excessively large order polynomial to this 

sample set. This polynomial will fit the sample data well, howevert it will not provide accurate 

and reliable predictions for unseen data in the population. 

A simple way of detecting overfitting is to use the split-sample technique, i.e. splitting 

data into training and testing data. The mean difference of the network predictions and desired 

outputs of the unseen test data starts to increase once the increased number of iterations begins 

to cause overfitting. In the case of large databases with abundant data points, split-sample 

validation can be readily and reliably used. However, with limited size of available data, the 

cross-validation technique is advisable, since it allows all of the data to be used for training, yet 

providing a reasonable generalisation. In a more elaborate version of this technique, called 

leave-one-out cross-validation, the network is trained with only one data point left out. The 

training cycle is repeated as many times as the number of data points. The optimum 

generalisation is achieved once the sum of the errors (prediction difference for the left out 

point) of all training cycles is minimum. 

Therefore, in assessing the performance quality of a neural network, the most 

important factor is to examine whether the network can successfully generalise what it has 

learned from the training data to the unseen test data. 

4.3 Back-Propagation Encoding Algorithm 

The simplest back-propagation algorithm minimises the squared error cost function 

(delta or LMS rule) in a three-layered, fully connected, feedforward topology, similar to the 

one shown in Figure 4-2. A step-by-step procedure for encoding the algorithm using 

incremental updates (one patternµ at a time) is presented below. 

4.3.1 Pre-Processing of the Data 

All the input and output values in the dataset first have to be nonnalised into the range 

(-0.9 to 0.9], to avoid premature saturation of the sigmoid function. Similar to a linear 

interpolation scheme, the following fonnulae are used for nonnalising the input and output data: 
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y = Y.:. + ymu -Ymm (X -X - ) 
min X -X - mm 

max mm 

(4-19) 

where X is the original value, Y, is the nonnalised value, Y min and Y mo. are 0.1 and 0.9 

respectively, and Xu. and Xn.x are the minimum and maximum values of the data. After 

training, the inverse operation should be performed to recover the original data: 

X=X- +Xrrwr.-Xmin(Y-K.) 
rrun y: -f:. mm 

max nun 

(4-20) 

4.3.2 Network Generation and Initialisation 

a) Define vector variables to represent the activations of input, hidden and output layer nodes. 

b) Define vector variables to represent thresholds of hidden and output nodes. 

c) Define a 2-dimensional matrix variable to represent connection weights, from input-to­

hidden layer and from hidden-to-output layer. 

d) Assign random values in the range [-0.9 - 0.9] to all weights and thresholds. 

4.3..3 Forward Propagation of Data and Error Calculation 

a) Randomly, take one pattern ( ~, t;'/) from the training dataset and apply the input vector~ 

to input nodes. 

b) Propagate the input signals forward through the network to calculate new activations of 

each hidden node, VJ', using Equation ( 4.3) 

(4-21) 

where 

(h)- 1 
g - l+exp(-213h) (4-22) 

is the logistic sigmoid threshold function, with the steepness parameter 13, often set to 0.5. 



Chapter 4. Artificial Neural Networks 58 

c) Propagate the activations of hidden nodes, Vf, to calculate the new activations of output 

nodes, 0/', using a version of Equation ( 4. 7): 

(4-23) 

where ri is the current threshold value of output node i. 

d) Compute the error between computed output value, 0/', and desired output value, t;'/, 

through Equation (4.12): 

The derivative of the logistic sigmoid function with steepness factor of 1/2 is: 

g'(h) = 2J3g(l - g) = g(l- g) 

Thus Equation (4.12) can be used in the convenient fonn of: 

or =g(l-g)[~r-OrJ=Or(1-orJl;r-orJ 

(4-24) 

(4-25) 

(4-26) 

e) Compute the error of each hidden node output relative to each output node error, using 

Equation (4.15): 

of =g'(hnLwijor =vr(1-vr)LWi>r 
i i 

(4-27) 

4.3.4 Weight and Threshold Adjustments 

a) Adjust the hidden-to-output connections weights, according to the delta rule given in 

Equation ( 4 .17): 
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b) Adjust the output node thresholds according to gradient descent scheme: 

~P' = no!' ' ., ' 

c) Modify input-to-hidden connections weights according to the Equation (4.18): 

d) Adjust the output node thresholds according to gradient descent scheme: 

~8~:: n8~ J ., J 
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(4-28) 

(4-29) 

(4-30) 

(4-31) 

Notice that the learning rate, 11, is chosen to be the same for both hidden and output layers, 

however, it doesn't necessarily need to be. 

4.3.5 Iterative Learning 

With the random selection ofinitial weights and thresholds, it is obvious that in the first 

iterations, there is a large error, 8/, in the network predictions. However, after repeating steps 

listed in the Sections 4.3.4 and 4.3.5 for new random patterns the error value will be reduced 

until desired accuracy is achieved without sacrificing the network generalisation. 

4.3.6 Overfitting and Generalisation 

With continued iterative learning, the network prediction error on training data 

decreases. Howeverl excessive learning will cause the network to learn not only the real trend 

of the data, but also the noise which is almost always present in practical datasets. Once the 

network starts mapping the noise as well, the sum of the error on the test data will start 

increasing, an indication of excessive training or overfitting. To avoid overlitting, the network 
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perfonnance after each learning cycle should be tested on the test data and learning should be 

tenninated once the error starts to increase. 

4.3. 7 Recall 

The recall procedure consists of a one-shot forward propagation of any given pattern. 

Once the final weights and thresholds are detennined, the input of the data pair is plugged into 

the input nodes, and the output is computed through Equations (4.3) and (4.22). 

The above-mentioned encoding algorithm has been summarised in the form of the flow chart of 

Figure 4-. 

4.4 Comparison of Neural Net Models with Statistical Models 

There is a considerable overlap between the fields of neural networks and statistics 

since both are concerned with data analysis. Most neural nets that can learn to generalise from 

noisy data are functionally similar to statistical methods. 

For example, the feedforward nets with no hidden layer are basically generalised linear 

models and feedforward nets with one or more hidden layers are similar to non-linear 

regression models. However, the fundamental difference in their mechanics is that the success 

of statistical methods is very much dependent on availability of an underlying mathematical 

equation while neural nets do not require a priori knowledge of functional relationships 

between the independent and dependent parameters 

There are a large number of studies comparing the neural network models and their statistical 

counterparts78
•
79

. Most such studies involve one or two data sets and no general conclusions 

can be drawn. However, there are some more involved comparative studies of these two 

techniques, discussing the important issues of data distnoution and sampling, over-training and 

under-training, noise effects, and generaJisation80
. It is concluded that neural networks are 

becoming increasingly popular as modem modelling and process automation tools because of 

their higher accuracy, versatility and speed. 



Chapter 4. Artificial Neural Networks 

Design and Initialize 
the Network 

1 J 

Normalize the Data 

Adjust the weights and thresholds 

,._ Wi;(t + l)=Wii(t)+ 11o~vr +cxWi;(t) 

w ;1: (t + l)=w ;i: (t)+ 116~;~ +aw jk (t) 

', 

Random Presentation of 

Data Pairs: {l;~ ,C;} 

Forward Propagate 

vr =g(Lwjk~n 

O~ =g(J.W .. V~) 
l ~ IJ J 

h 

Evaluate the Errors 

sr = or(1-or )[l;f -or1 ~---
6 ~ = v~(1-v1:1)"w .. 0!'1 J J J~ IJl 

; 

De-Normalize the 
Output 

Figure 4-5 Flow chart of a simple backpropagation learning algorithm 

61 



Chapter 4. Artificial Neural Networks 62 

4.S Applications in Materials Science and Processing 

Artificial Neural Networks can be looked at as a modelling and classification tool. 

Hence, it can replace regression based models of any kind. However, the advantages of the 

technique are more pronounced once the process is highly multi-dimensional and there is no 

fonn of known mathematical equation for representation of the input-output relationship. 

Some of these successful applications are listed below: 

a) Hwu et al.81 used a backpropagation neural net to predict satisfactorily the flow stresses of 

an extra-low carbon steel in the austenite, ferrite and dual-phase regions, within a ±2% 

accuracy. 

b) Rao and Prasad82 used a commercial Neural Network package, NW orks83
, to model the 

flow stress of a low carbon steel. A mean absolute percentage error of 3.01% was 

reported. 

c) Tsoi84 used a special class of Neural Networks, called MARS (Multiple Adaptive 

Regression Spline), to predict flow stresses in a plate rolling mill, with a 5.3% accuracy, 

surpassing those of conventional statistical models. 

d) Schmitter85 used Neural Networks to analyse computer images of polished steel in order 

to automate grain size detennination and classification of iron carbides. 

e) Yun and Chang86 reported successful application of feedforward backpropagation 

networks to dynamic prediction of a BOF process in Pohang Iron and Steel Company. 

f) Siemens Energy and Automation is actively involved with design and implementation of 

Neural Network based controllers for rolling mill gauge and width controi prediction of 

amount of lateral spread in flat rolling, prediction of strip thickness profile, and automatic 

strip classification by relation to deformation resistance. 87
, 
88 They applied these models to 

the Westfallen mill in Gennany and reported that large improvements in accuracy have 

been achieved through the application of Neural Networks in combination with 

algorithmic models in the control of this hot strip mill. 
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g) Wu et al89 modelled the behaviour of concrete in the state of plane stress under monotonic 

biaxial loading and under compressive uniaxial cyclic loading with backpropagation neural 

networks. 

h) Annand et al. 90 used neural networks to develop inverse dynamic model of a GMA 

welding process and successfully controlled the weld width using this model. 

4.6 Summary 

Artificial Neural Networks are a new class of heuristic modelling methods. One of the 

main advantages of this approach is that there is no need to make any a priori assumptions 

about material behaviour or the physics of the process, even though more sophisticated neural 

network modelling schemes may take advantage of existing knowledge of the process in the 

network design. 

Although the multi-layered neural network models cannot gu~tee a global minimum 

solution for any given problem, it is a reasonable assumption that the resulting model will 

approximate all of the laws of mechanics which the actual material or process must obey, if the 

neural network is trained using a "comprehensive" database with an appropriate representation 

scheme. 

Another versatility of the technique is its ability to continuously update through a 

training session that includes new experimental or process data. Well-trained Neural Network 

models provide fast, accurate and consistent results. It is superior to all other techniques in 

tenns of speed of mathematical manipulation. The trained network will produce an output for 

any given input by one-step propagation of the inputs through the processing nodes to the 

output nodes. This operation can be perfonned in milliseconds, making the technique 

favourable for on-line control applications. 
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There are some drawbacks to this technique. The network does not represent the 

knowledge in the familiar form of symbolic equation-based models. Thus, reasoning about 

material or process behaviour and desired changes would not be as intuitive as they are in 

regression methods. Network training relies on a "comprehensive" database of the given 

problem. However, the criteria to judge what constitutes the comprehensiveness of the data is 

not well defined and obvious. 

4. 7 Nomenclature 

Of' output of output node I for pattern µ 

Vt output of hidden nodej for patternµ 

~ connection weights from the hidden units to the output units 

g(h) activation function (sigmoid) 

h1 sum of the inputs to the node j for pattern µ 

1 output layer index 

J hidden layer index 

k input layer index 

p number of input patterns or data 

w i" connection weights from the inputs to the hidden units 

a. momentum parameter 

rt learning rate 

µ pattern or obseivation number 

{ ~, t;'/} input-output pattern pair 

81 threshold of hidden nodes 

f; threshold of output nodes 
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5. Experimental Equipment and Techniques 

The experimental work reported in this thesis was perfonned to simulate thermo­

mechanical processing of high niobium grade HSLA steels during hot strip rolling. The main 

objectives were to verify the poSStbility of the occurrence of d}118Illic recrystallization during 

strip rolling and to investigate the effects of process parameters on the softening mechanisms 

acting during this process. There are a number of testing techniques for the purpose of 

physical simulation of hot rolling processes. An understanding of the advantages and 

limitations of these testing techniques and selection of the right test method for any given task 

is crucial. 

5.1 Physical Simulation Techniques of Thermo-Mechanical Processing 

Physical simulation based on laboratory tests is the most common and in many cases 

the only reliable method to study the process of hot rolling, particularly during the development 

of new alloy grades. The usual testing methods are torsion testing, plane strain and 

axisymmetric compression. Torsion is the testing technique that is most widely used for the 

determination of the characteristics of flow CUtves and for carrying out rolling simulations. 

This is because torsion based testing allows large strains without tool-specimen fiiction 

problems. With regard to kinetics of recrystalliz.ation and precipitation, the axisymmetric 

compression test has turned out to be the most popular, even though the rolling of flat products 

involves plane strain deformation. Advantages and disadvantages of the different testing 

techniques are discussed in detail by Lenard et al.91 
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The principal limitation of physical simulation arises from the fact that laboratory 

testing methods are unable to reproduce the successive, rapid, and large deformations that 

occur in industrial rolling92
. For example, while strain rates during hot strip rolling can exceed 

100 s91 and rod mill strain rates can reach 1000 s91, most laboratory torsion machines are 

operated at 20 s·1 or less. This leads to discrepancies in the defonnation times of one to two 

orders of magnitude. Plane strain compression machines and cam plastometers can be 

operated at 100 s·1 or higher, but they are not well suited to carrying out seven or more 

successive deformations required for the modelling of the entire strip rolling process. 

Attempts have been made to apply the principles of the .. Similarity Law" to extrapolate 

from laboratory experimental results with lower strain rates to values that would be attained in 

the industrial mill practice93
. The proposed scheme is to scale down the interpass times to 

compensate for the lower strain rates of experimental equipment. The similarity law is 

applicable only when there is no mechanism change between the model and the prototype. 

However, it is expected that changes in the strain rates will influence the restoration 

mechanisms ( dynamic versus static), thus making the applicability of the similarity law 

debatable. The advancements in test equipment remain the most promising way of overcoming 

the strain rate limitation for rolling simulations. 

A review of different test techniques for physical simulation of thenno-mechanical 

processes, including their advantages and limitations, is given in the next sub-sections. Then 

the principles of the Similarity Law to compensate for low strain rates of laboratory tests, used 

during the torsion simulations, are described. 

S.1.1 Plane Strain Compression 

Rolling of flat products involves plane strain defonnation. Hence, plane strain 

compression is the first prospective test method for hot rolling simulation. Ford94 devised a 

plane strain compression test (known as the Ford Test) in which only part of the specimen 

defonns and the rigid metal outside the plastic zone prevents the spread of deformation in one 

direction. The results of his experiments were quite consistent with the data from cold rolling 
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mills. The most comprehensive work on plane strain compression testing at elevated 

temperatures, however, has been carried out by Sellars and co-workers95
. 

Using cam plastometers, large strains and strain rates ofup to 140 s-1 are attainable for 

one or two stages of compressiol\ however, for simulation of the whole rolling process 

multistage compression of seven or so hits are required. The pressure experienced by the tools 

in plane strain compression testing is shown to vary with the w/h ratio (tool width over 

specimen thickness) both theoretically and experimentally. This variation arises from the fact 

that different amounts of redundant work are involved in the defonnation at different w/h 

ratios. Figure 5-1 demonstrates this variation. Approximate solutions based on slip line field 

theory are available for rigid plastic materials to account for the redundant work done in metal 

working operations. Another drawback to be mentioned is the non-unifonn defonnation along 

slip zones (different from crystallographic slip planes) as depicted in Figure S-2. 

Friction between the tools and the specimen increases the pressure required to produce 

yielding in the specimen. This effect has been dealt with analytically and approximate solutions 

have been obtained which have been experimentally verified for lower coefficients of friction 

and low strains.96 From a practical point of view, due to the larger specimens involved in this 

method, heating, deformation and quenching of them are more difficult than specimens of other 

techniques. 
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Figure 5-2 The development of the plastic zone in the indentation of mild steel.97 

5.1.2 Axisymmetric Compression 

As mentioned above11 for the study of kinetics of precipitation and recrystallization, this 

method has turned out to be the most popular one because the experimental equipment is less 

expensive and the procedure is faster than plane strain testing. In work done by Sellars and 

coworkers95
, there was good agreement between the flow curves obtained by plane strain and 

axisymmetric compression, as depicted in Figure 5-3. 

F ord94 has also compared the results of plane strain compression testing with uniaxial 

compression testing. The stress-strain curves obtained by the two methods diverge 

progressively beyond a strain of0.2 as shown in Figure S-4. 
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Figure S-3 Stress-strain curves for lead obtained from axisymmetric compression tests at 

constant strain rate. 
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Figure 5-4 Comparison of stress-strain curves of a mild steel in axisymmetric 

compression and plane strain compression tests95
• 

Higher stresses in axisymmetric compression are attnbuted to higher frictional forces and the 

different manner of anisotropy development in this method. This anisotropy is caused by 

barrelling due to high fiictional forces at the specimen-tool interface. Friction increases 

progressively with strain and is considered as a limiting parameter when large defonnations are 

being studied. 
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5.1.3 Torsion 

Large successive strains and relatively high strain rates (20 s91
) with the aid of simple 

equipment have made this test method popular for the simulation of hot rolling processes. 

Although it is relatively straightforward to convert test results from one mode of defonnation 

to another using the von Mses effective stress and effective strain, specific problems arise 

when torsion tests are carried out on solid bars. Because of the strain gradient present in solid 

torsion bars, the strain at the peak stress, detennined in torsion, has been shown to be about 

1.3 times higher than the more accurate values detennined in tension or compression98
. Still, 

an even more serious problem is the overestimation of torsion-based recryc;ta1Jization critical 

strain, ex, up to a factor of 3 too high, compared to those measured by other techniques99
. To 

clarify this proble~ one should consider the different ways of deriving stress-strain curves 

from the torque-twist data detennined in the torsion testing of solid bars. In the most 

frequently used method, developed by Fields and Backofen100
, the shear strain in the surface 

layer is given by: 

R 
y = 9-

R L (5-1) 

where 8 is the angle of twist, and R and L are the radius and gauge length of the specimen, 

respectively. When the von Mises convention is applied, effective strain is obtained as: 

- YR RS 
e = ✓3 = ✓3L (5-2) 

The surface shear stress 'tR is deduced from the measured torque or moment M through the 

relationship: 

M 
'ta = (--3) (3+m+n) 

2,rR 
(5-3) 

where m and n are, respectively, the twist rate sensitivity of the torque and the nonnalised 

torque hardening rate of the material. Again, the effective stress, o , in the surface layer can be 

found from 'tR with the aid of the von Mises assumption, leading to: 
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(S-4) 

For the materials obeying simple work hardening laws, the m and n values are constant 

and the Equation (S-4) yields exact solutions. However, it is only an approximation when 

applied to materials being deformed at elevated temperatures, under which conditions the work 

hardening rate n is itself defonnation rate dependent and m is dependent on strain Some 

work101 has been done to develop exact methods for the calculation of 'tR, but unfortunately 

they require more involved analysis, as well as the use of several samples of increasing diameter 

for each condition to be investigated, and so are considerably less convenient to use. In this 

work, fonnulations developed by Fields and Backofen were used to convert the torque-twist 

data to stress-strain relationship. 

The approximations involved in the application of Equation (5-4) to high temperature 

flow lead to an overestimation of 8P and an even larger overestimation in the determination of 

ex. 99 This arises because the peak strain is attained at first in the outermost layer of a torsion 

bar and n becomes zero at this layer, followed by softening (n < 0) while the inner layers are 

still experiencing work hardening at different rates. The moment developed in the torsion bar 

is of course the sum of the moments developed in different layers, however, when some of 

these are decreasing while some are increasing, the behaviour of a particular layer can be 

masked by the influence of the others. Thus, when the outer shell attains the peak stress and 

begins to soften, the bar as a whole continues to show hardening. As a result, the peak in the 

overall bar is attained later than the real instant associated with the tom in the outermost shell, 

leading to an overestimation of ep and ex. 

This averaging error can be mostly eliminated by using tubular torsion specimens, if 

enough care is taken to avoid buckling at high strains. However, even with tubular specimens 

there remain differences between the flow curves of torsion testing and those determined by 

other techniques. This discrepancy is attnoutable to differences in textures developed at large 

strains by deformation along different strain paths. In plane strain and axisymmetric 

compression testing methods, the material directions associated with the axes of symmetry of 
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the sample remain fixed. In torsion, by contrast, the material direction at the surface gradually 

changes from longitudinal to transverse102
. Thus, even if the current value of shear stress 

would be the same for different testing methods:. the associated macroscopic flow stress is 

slightly different. Another source of discrepancy is the slight difference in work hardening rate 

of the material in torsion testing compared to others in which it is lower. 

5.2 Strain Rate Corrections 

The repetition of industrial strain rates is not possible by the existing simulation 

equipment. Hence, the effects of slower strain rates on metallurgical events during hot rolling 

should be taken into account and proper corrections should be made on test procedures. 

Several workers103
•
104

•
105 have attempted to detennine strain rate corrections to the pass strain 

and interpass times when simulating high strain rate mill processing, using relatively low strain 

rate laboratory torsion tests. The principles of these corrections are based on the variation of 

the kinetics of recrystallization with strain rate. In order for direct application of laboratory test 

results to mill practice, the similarity of the softening that occurs in the lab and in the mill, 

should be maintained. 

S.2.1 Corrections for Strain Rate during Static Recrystallization 

There are reports indicating the slight effect of strain rate on the kinetics of static 

recrystallization in C-Mn steels106
•
10

', however, most of the other works108
•
109

•
110 have 

confinned the results of Sellars 111 denoting the independence of static recrystallization kinetics 

from strain rate and a strong dependence on the strain, initial grain size, and temperature. This 

kinetics in tenns of time for 50% softening for C-Mn steels has been fonnulated as: 
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and the time t for X percent softening can be calculated from: 

(S-6) 

where n depends on steel composition. 

However, it has been shown that strain at the peak stress, ep, is increasing 

systematically with the Zener-Hollomon parameter111
. Under isothermal test conditions, strain 

to the peak stress is a function of strain rate as follows: 

ep = Ado112 2° (S.7) 

where A is a material constant and n varies from 0.125 to 0.175 with no apparent systematic 

trend with the composition of the steel. The mean value of 0.1 S has been used by other 

authors103
•
105

. Zener-Hollomon parameter, Z, is given as: 

Z • (Qdef) = e exp RT (S-8) 

The peak in flow stress occurs after some low fraction of recrystallization has taken 

place so the strain to the peak stress, ep, is always greater than Ee, the critical strain for dynamic 

recrystallization. It has been suggested 112 that ec = acp is a reasonable approximation for most 

of the steels, where a is a constant around 0.85. Since the peak occurs at the different levels of 

strain for different strain rates, the pass strain for the first few passes (prior to the initiation of 

dynamic recrystallization) needs to be adjusted so that the peak will be reached at the same 

point in the defonnation process. This can be readily done by combining Equations (5-7) and 

(5-8). If e1 and e1 denote laboratory test strain and strain rate respectively and 8m and em 

represent mill strain and strain rate, then the corrected lab strain can be calculated as: 
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(S-9) 

Having adjusted the strain per pass, the interpass time must also be adjusted in order 

for the similarity of the softening between passes to be maintained. Considering the kinetics of 

static recrystallwltion characterised by the time for 50% softening (Equation 5-5), the 

corrected interpass time for the laboratory test can be calculated: 

t1 = tm(:7r (5-10) 

By combining Equations (5-9) and (5-10), the interpass time correction can be calculated 

directly from the strain rates: 

(5-11) 

where t1 and tn are laboratory and mill interpass times, respectively. 

5.2.2 Corrections for Strain Rate During Post-Dynamic Recrystallization 

The softening kinetics after defonnations beyond peak strain, i.e. after occurrence of 

dynamic recrystallization, are considerably accelerated. This is due to the large number of new 

grain nuclei fanned during the onset of dynamic recrystallization. Since the nature of the grain 

nucleation differs from that under static recrystalliz.ation, and its kinetics are marked by the 

characteristics of dynamic recrystalliz.ation, the static softening after dynamic recrystalliz.ation 

has been called Metadynamic Recrystalliz.ation. The rate of metadynamic recrystallization is 

highly sensitive to the strain rate, depends to a lesser degree on temperature and depends very 

little on strain11z113
. This differs from the usual dependencies reported for static 

recrystallization, i.e. strong dependence on strain and temperature, and little on strain rate. The 

metadynamically recrystallized grain size is also highly dependent on strain rate and to a lesser 

degree on the temperature. The higher the strain rate, the finer the grain size. This is aJso in 
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contrast with equivalent expressions for static recrystallization, which indicate no dependence 

of the grain size on strain rate. Accepting the above facts, it is important to apply strain rate 

corrections to experimental interpass times when attempting to simulate high strain rate rolling 

processes using low strain rate laboratory tests. If the uncorrected mill interpass times are 

employed in the low strain rate tests, considerably less interpass softening will take place than 

those experienced in the mill. 

The corrections for strain rate during the passes after the initiation of dynamic 

recrystallization only include interpass time corrections, i.e. pass strain no longer needs to be 

modified. To apply these corrections, the knowledge of the kinetics of metadynamic 

recrystallization is required. Several authors104
•
10

'·
107 have reported more or less similar fonn of 

dependence of these kinetics on strain rate and temperature for different steels. Roucoules113 

studied a Mo steel and assumed that metadynamic recrystallization starts at the end of the 

recovery stage and finishes at 90% softening. She developed the following expression for the 

time for 500/4 recrystalliz.ation: 

t ( )
_

666 10
_6 ._0_61:to.1 (123(kJ /mole)±l3) 

o.s s - . x e exp RT (5-12) 

If it is verified that the same kinetics are applied for different percents of softening, then 

this relationship can be readily utilised to detennine experimental interpass times to yield 

equivalent softening experienced in the mill. Under isothermal test conditions, the relationship 

between test and mill interpass times is: 

(S-13) 

A successful application of above corrections to the simulation of rod rolling has been 

reported by Maccagno and Jonas104
. 



Chapter S. Experimental Equipment and Techniques 78 

5.2.3 Implications of Strain Rate Corrections on Precipitation 

Using Equation (5-13) for corrections required for interpass times when using 

laboratory strain rates one order of magnitude lower than mill strain rates, results in interpass 

times four times longer than mill interpass times. If the laboratory strain rates are two orders of 

magnitude lower, then interpass times will be increased 16 times. Longer deformation times 

due to the lower strain rates and longer interpass times lead to much longer times for 

nucleation and growth of carbonitride precipitates. Significant strain-induced and dynamic 

precipitation can effectively stop recrystalliz.ation from talcing place. This implies that the 

interaction between precipitation and recrystalliz.ation should be carefully taken into account. 

This interaction is comp le~ however, it is interesting to note that the dependence of kinetics of 

recrystallization and precipitation on strain rate is similar. Dutta and Sellars114 modelled the 

time for 0.05% strain-induced precipitation in a high Nb steel as: 

_ [ 
1
.1 _1 -0.s (270(kJ / mole)') ( B ) 

to.os - A Nb e Z exp RT ) exp Tl(lnKs)2 (S.14) 

where A and B are material constants, [Nb] is niobium concentration in steeL and I<. is 

supersaturation ratio, defined as the ratio of element concentration in solution to the 

equilibrium concentration. Considering the exponent of the strain rate in Equation (5-12) and 

exponent of Zener-Hollomon parameter in Equation ( 5-14) this similarity is evident. 

Considering the definite interactions of precipitation and recrystamz.ation, the possible 

effects of the above interpass time corrections on the occurrence of precipitation and its 

interactions with recrystalli7.ation has yet to be studied. 
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5.3 Compression Testing 

S.3.1 Materials 

Two Nb-microalloyed steels studied in the present work were received as 30 mm thick 

pieces, sectioned from transfer bars. The chemical compositions of these steels, called steel 

number I and 2, are shown in Table 5-1. 

Steel Number l 
C Mn p s Si N Cu Ni Cr 

0.067 1.301 0.008 0.003 0.34S 0.006 0.013 0.009 0.025 
Mo V Nb Al tot AIIIOI Ti Sn Ca 

0.004 0.005 0.077 0.037 0.0335 0.0245 0.007 0.003 
Steel Number 2 

C Mn p s Si Cu Ni Cr Mo 
0.043 1.43 0.011 0.006 0.312 0.037 0.014 0.139 0.252 

V Nb Al IOl Sn Ti Ce Ca B N 
0.005 0.075 0.030 0.002 0.008 0.002 0.001 0.001 0.007 

Table 5-1 Chemical composition (wt%) of steels number 1 and 2. 

S.3.2 Specimen Preparation 

Compression specimens with a 12 mm gauge length and 8 mm diameter were 

machined from the steel supplied. To enhance lubrication, a groove of 0.07 mm depth was 

machined in the top and bottom of the samples. The samples were annealed to remove prior 

texture and cooled in air. They were subsequently solution treated for 20 minutes at 1250 °C in 

an oxygen-free environment (to dissolve the existing precipitates into the matrix) and 

quenched. In order to control and monitor the temperature, k-type thennocouples were 

embedded in the middle of the specimens. A high temperature glass lubricant (Deltaglaze 19) 

was applied to the samples' machined grooves. 
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5.3.3 Testing System 

The specimens were tested using a computer controlled servohydraulic testing system 

(Instron Model 1331). This machine enables the experimenter to specify the desired wave 

form (i.e. cross-head speed, constant or varying strain rates, interruptions and delay times, 

strain at each stage and final strain) off-line. The generated waveform is used to command the 

ram movement through an lnstron 8500 control console. The tests were perfonned inside a 

split furnace, in between hot rams, made of INCONEL 718. Details of the testing system are 

given by Karagiozis and Lenard.115 

5.3.4 Data Acquisition and Control System 

The computer interface to the Instron machine was maintained through a GPIB 

(General Purpose Interface Board) made by National Instruments. Load and displacement 

analogue signals from compression tests were digitised by an A TD (analogue to digital 

converter) embedded in this board. True stress and true strains were calculated by a post­

processing program, taking into account machine and rams hot stiffitess and interracial friction. 

The temperatures of the specimens and rams were recorded through a DAS-8 interface board. 

A universal analogue input expansion board (EXP-16) was used for cold junction 

compensation. 

5.3.S Experimental Procedure 

In the first part, the effect of the pre-test thennal treatment on the metal's subsequent 

behaviour was examined using steel number 1. In order to detennine the high temperature 

characteristics of the metal, compression tests to a strain of 1.2 were conducted at a broad 

range of strain rates and temperatures. In the second, the response of steel number 2 to multi­

stage, constant strain rate, isothermal compression was examined. The effects of 2 and 20-

seconds holding times at different strain levels on the static recrystallization and the retardation 

of dynamic recrystallization by precipitation were investigated. 
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S.4 Torsion Testing 

5.4.1 Material and Specimen Preparation 

The material used was steel number 1, sectioned from a transfer bar and machined to 

torsion samples of 25.4 mm (I") gauge length and 12.7 mm (0.5") diameter. The chemical 

composition is given in Table S-1. 

5.4.2 Experimental Equipment 

The experiments were carried out using the MfS torsion simulation of Dofasco Inc. A 

detailed description of the equipment is given elsewhere116
. The maximum constant surface 

strain rate is 22 s·1 (for this size of specimen), and continuous cooling capability of up to 40 °C 

per second is attainable with this machine. All tests were performed in high purity argon to 

minimise oxidation. 

S.4.3 Experimental Procedure 

Specimens were solution treated for IO minutes at 1200°C prior to the tests and cooled 

to the test temperature. Three-stand roughing with pass strains ofO.S and interpass times of25 

seconds was performed on all of the specimens prior to the finishing twists. It is expected that 

this roughing schedule would create the same grain size as the slab grain size entering the 

finishing mill, with the same potential for precipitation. Stress-strain curves were determined 

from the torque-twist data, using the Fields and Backofen method 100
. During finishing, 

different cooling rates were used to meet the targeted F7 (mill exit) temperature. In all 

experiments, the F7 temperature was set to 910± IO °C, which is the targeted exit temperature 

during rolling of this grade. The finish mill entry temperature (Fl) was varied between 1100°C 

to 950 °C., typical of the strip head and tail entry temperatures. All experiments were carried 

out under continuous cooling conditions, simulating the conditions in the mill. Post­

defonnation cooling rate was set to 1 O 0 C/s for all tests. The experimental matrix used is 

shown in Table S-2. 



Chapter 5. Experimental Equipment and Techniques 82 

Test Number 1 

Fl Temp:1100 °C Ferrite Grain Size: 4.42 µm 

Stand No. R1 R2 R3 Fl F2 F3 F4 FS F6 F7 

Strain 0.5 0.5 0.5 0.3 0.3 0.3 0.3 0.3 0.3 0.3 

Strain Rate 2 2 2 2 2 2 2 2 2 2 

Afterpass time 25 25 25 2 2 2 2 2 2 2 

Test Number 2 

Fl Temp: 950 °C Ferrite Grain Size: 4.52 µm 

Stand No. R1 R2 R3 Fl F2 F3 f F4 FS F6 F7 

Strain 0.5 0.5 0.5 0.3 0.3 0.3 I 0.3 0.3 0.3 0.3 

Strain Rate 2 2 2 2 2 2 I 2 2 2 2 

Afterpass time 25 25 25 2 2 2 i 2 2 2 2 

Test Number 3 

FI Temp:1100 °C Fenite Grain Size: 4.36 µm 

Stand No. R1 R2 R3 Fl F2 F3 F4 FS F6 F7 

Strain 0.5 0.5 0.5 0.3 0.3 0.3 0.3 0.3 0.3 0.3 

Strain Rate IO 10 ·10 10 18 20 20 20 20 20 

Afterpass time 25 25 25 2 2 2 2 2 2 2 

Table S-2 Experimental Matrix used for Torsion Simulations 
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TestNumber4 

Fl Temp: 950 °C Ferrite Grain Sae: 4.13 µ.m 

Stand No. RI R2 Rl Fl F2 F3 F4 FS F6 F7 

Strain 0.5 0.5 0.5 0.3 0.3 0.3 0.3 0.3 0.3 0.3 

Strain Rate 10 10 10 10 18 20 20 20 20 20 

Afterpass time 25 25 25 2 2 2 2 2 2 2 

Test Number 5 

Fl Temp:1100 °C Ferrite Grain Size: S.07 µm 

Stand No. R1 R2 Rl Fl F2 F3 F4 FS F6 F7 

Strain o.s 0.5 0.5 0.42 0.41 0.35 0.26 0.20 0.19 0.14 

Strain Rate 10 10 10 10 18 20 20 20 20 20 

Afterpass time 25 25 25 3.6 2.4 1.7 l.3 LOS 0.87 -

TestNumber6 

Fl Temp:1000 °C jF"emte Grain Size: 4.60 µm 

Stand No. R1 R2 R3 Fl F2 F3 F..t FS F6 F7 

Strain 0.5 0.5 0.5 0.42 0.41 0.35 0.26 0.20 0.19 0.14 

Strain Rate 10 10 10 10 18 20 10 20 20 20 

Afterpass time 25 25 25 3.6 2.4 1.7 1.3 LOS 0.87 -

Table 5-2 Experimental Matrix used for Torsion Simulations (Continued) 
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Three types of strip rolling simulations were performed: 

a) Average schedule (identical strains, strain rates, interpass times and cooling rates for all 

finishing passes) with a low strain rate of2 f 1
, as other researcher's work117

, 
118 (tests I and 

2). Using an average schedule eliminates the need for taking into account the effects of 

pass strain and pass to pass strain rate variations. 

b) Average schedule with the strain rate of20 s·1 (tests 3 and 4). 

c) Torsion simulations ofhot strip rolling with a schedule typical of mill practice (tests 5 and 

6). 

Stress-strain curves, obtained in continuously cooled test5y were corrected for a 

standardised temperature of950 °C. For this purpose, the effect of temperature on flow stress 

was investigated for temperatures between 900 to 1100 °C. These temperature-normalised 

stress-strain curves were plotted and analysed to examine the true material softening during 

rolling, independent of the effect of the temperature on the flow stress. 

Ferrite grain sizes were estimated using the linear intercept method, with samples of 

micro-graphs taken at 0.25 mm from the specimen surface. 
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6. Physical Simulation of Hot Strip Rolling 

One of the main purposes of the present research was to investigate the possibility and 

consequences of the occurrence of dynamic recrystalliz.ation during strip rolling of niobium 

treated HSLA steels through physical simulations. Compression testing was used to study the 

effects of pre-test thennal treatment on the recrystalliz.ation and precipitation kinetics of these 

steels. Also, interrupted compression tests were conducted to investigate the effects of 

different holding times on softening mechanisms, retardation of reaystalliz.ation, and final grain 

size. Torsion tests were carried out to detennine softening mechanisms which occur during the 

strip rolling of niobium steels. Mill data was analysed and compared with laboratory results. 

This chapter presents the results of compression tests, torsion simulations and mill log analysis. 

These results complement and confirm each other, and lead to the conclusion that dynamic 

recrystalliz.ation does actually occur in strip rolling, even though concrete physical evidence is 

not yet available. 

6.1 Compression Testing 

6.1.1 Pre-test Reheat Treatment 

In the present study, two different methods of pre-test thennal treatment were 

investigated. Each method has its own implications on the results of hot defonnation 

simulation and its applicability to industrial practice. In the first method, the specimens are 

solution treated, quenched, then reheated to the test temperature. In the second method the 

specimens are solution treated and cooled in the furnace to the test temperature. The methods 
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yield different initial austenite grain sizes prior to the test, since quenched specimens go 

through transfonnation grain refinement. The austenite to fenite grain ratio in niobium­

microalloyed steels is reported to be about two to one119
'
120

. In the present work, the average 

prior-austenite grain size of steel number 2 (refer to Table 5.1) after solution treatment and 

quenching was found to be 33.4 µm and after transfonnation to ferrite, the grain siz.e reduced 

to 13 .2 µDL These grains, after reheating to the test temperature and retransfonnation to 

austenite, will not grow in size considerably until the temperature rises to the grain coarsening 

temperature of the material (about 1100 °C for niobium steels). This will transla,e to higher 

yield stresses but lower strain to the peak stresses, ep, as the strain to the peak stress is directly 

proportional to the square of grain size. 121 The differences in the flow cwves of steel number I 

once different pre-test reheat treatments were employed are shown in Figure ~ l. The test 

temperature was 900 °C and the strain rate was 0.5 s·1. The solution treated and quenched 

specimen shows almost twice the strength than that of the furnace cooled specimen. It also 

can be noticed that the high niobium steel does not dynamically recrystallize at this range of 

temperature and strain rate. 

The larger original grains result in larger statically recrystallized grains. Sellars121 

summarised the data of several authors and developed a set of equations that relate the 

recrystallized grain size to the initial grain size and strain for C-Mn steels: 

(6-1) 

and for niobium treated steels: 

drc:t = D' d/·61 e..0.61 (6-2) 

where D and D' are constants (about 0.9 for niobium steels) and do is the initial grain size. 

Mishra et al. 122 developed similar equations for C-:Mn and titanium steels. According to these 

equations, the recrystallized grain size is a function of the initial grain size. 
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However, when large multipass reductions are involved, the effect of the initial grain size of the 

austenite on the final grain size becomes negligible. For example, a niobium treated austenite 

with initial grain sizes of 300 and 150 µm, upon reccystalli:iation after a strain of 0.3, yields 

grain sizes of 92 and 58 µ~ (ratio of 1.58) respectively. The same initial grain sizes after 

seven passes of strains of 0.3, produce final grain sizes of I 0.12 µm and 9. 71 µm respectively 

(a ratio of 1.04). The work of Cuddy et al. 123 also reveals ~ as a result of repeated 

recrystalliz.ation, the initially dissimilar grain sizes rapidly converge to nearly the same final 

grain size. 

The effect of initial grain size on the no-recrystalliz.ation temperature has also been 

studied by several authors. It has been reported that for a given concentration of microalloying 

elements in solution, the initial grain size prior to multipass deformation has no effect on the 

no-recrystallization temperature124
. Yue and Jonas125 also reported the independence of ~3 

and T ir from the initial grain size of austenite when these temperatures are detennined during 

multipass defonnation. 

Another implication of pre-test reheat treatment on the experimental results is the 

different potentials for precipitation of microalloying elements. This is due to the differences in 

the time spent at high temperatures and the different pattern of clistnoution of available 

elements for precipitation. 

6.1.2 Single Stage Compression Tests 

A series of single stage compression tests at different test temperatures (800 to 

1030 °C) and strain rates (0.001 to 12 f 1
) was conducted to study the high temperature 

defonnation behaviour of a niobium steel (steel number 2). The solution treated and quenched 

samples were held at the test temperature for seven minutes prior to compression. The average 

grain size after seven minutes at a furnace temperature of 1100 °C and 950 °C were found to 

be 16 µm and 9.3 µm respectively. Specimens were subsequently isothennally compressed to 

the strain of 1.2. 
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The results of these tests were used to detennine the peak strain and the dynamic 

recrystalliz.ation or the strain hardening regions at different combinations of strain rates and 

temperatures. The test results at 800 °C indicated that the onset of dynamic recrystallization 

occurs at very low strains (around 0.05). This is due to the fact that precipitation ofNb(C,N) 

is very slow at this temperature and almost all of niobium is in solution. Increasing the test 

temperature to the range between 900 °C to 1000 °C results in an increase in the peak strain 

(from 0.1 to 0.5) and a significant retardation of dynamic recrystaJ1ization by Nb(C,N) 

precipitation. As expected, all test results indicate that an increase in strain rate results in an 

increase in strain to the peak stress, ep. Thus, it can be inferred that in industrial rolling 

practices with the strain rates of more than 20 s91
, the required strain for the onset of dynamic 

recrystallization would be well above 0.5. However, the peak strain is dependent on 

deformation history and especially on the extent of carbo-nitride precipitation. 

6.1.3 Interrupted Compression tests 

Intenupted compression tests were used to study the effects of 2 and 20 seconds 

holding times (representative of strip and plate rolling interpass times) at different strain levels 

on the softening mechanisms, retardation of recrystalliz.ation and final grain sizes of the steel 

number 2. 

After solution treatment, quenching, and reheating to the test temperature, the 

specimens were isothennally compressed at a constant strain rate of 0.1 f 1 to a total strain of 

1.2. Samples of flow curves at both temperatures are presented in Figure 6-2. Fractional 

softening, according to the offset method, was estimated from the interrupted tests. The final 

average grain sizes after compression along with sample temperature, strain of intenuption, 

fractional softening, and holding times are listed in Table 6-1. It can be noticed that the final 

grain sizes are much smaller than those reported by other workers. 126
•
127 This is due to the fact 

that solution treatment, quenching and reheating to the test temperature, cause specimens to go 

through transfonnation grain refinement. 
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All tests conducted at 1030 °C indicate that dynamic recrystallization occurs at a peak 

strain of around 0.4. However, at the testing temperature of950°C, the flow stress levels off 

after the strain of 0.6, thus indicating dynamic recovery, but no dynamic recrystallization. 

Lowering the temperature to 900°C at the strain rate of 0.5 f 1 in a similar steeL results in 

continuous work-hardening in the range of the applied strain, as depicted in Figure 6-1. 

When the interruption was made before the peak in the stress was reached, a softening 

ratio of0.13 creating a grain size of3.85 µm, was attained. A softening ratio less than 20% is 

only attributable to static recovery, and does not involve the nucleation of new grains. 128
•
129 

However, once the same 20-second interruption was applied after the peak strain, i.e. after the 

onset of dynamic recrystallization, there was a considerable amount of static recrystallization 

(54%, 55%) and a slight improvement in grain refinement. This is an important observation, 

confuming the results of Sakai et al. 130
, indicating larger softening after the onset of dynamic 

recrystalliz.ation which results in finer grains. In all the tests at the temperature of 950 °C or the 

interruption of 2 seconds, no measurable static recrystallization was observed. This is 

confinned by other works119
'
122 and leads to the conclusion that under industrial strip rolling 

schedules with the interpass times below 2 seconds, and strains of less than 0.5, there is not 

enough driving force for any appreciable static recrystallization and the metal will experience 

some strain accumulation. 



Chapter 6. Physical Simulation of Hot Strip Rolling 

1ft 
rn e 

ui 

150 -

I 

• ' Tetnp,ntfllre: ISO"C: 
50 - l Holding Tone: 20 s 1 

j 
I 

0------------
0.00 

100 -; 

! 
' ; 

i 

i 
i 

,o -; 
i 
I 

i 
I 
I 

a.so 
Strain 

(a) 

1.00 

o~--i..---:--------
a.ao uo 

Str.ain 

(C} 

1.00 

-CG 
a. 
:! -

100 -

IO 

91 

: Twnpennun: 1035-C· 
...._Holding Tllffll: 2 .s 

0 -:------':--------

a.oo 

(b) 

uo 
Str:ain 

1.00 

1Tt1mparaa:nw: 103o•c 
lHolding rane: 20 s 

a~----+--------
o.ao 

{d) 

uo 
Strain 

1.00 

Figure 6-2 The effects of test temperature and holding time on the recrystallization of 

steel number 2: a, b) At the test temperature of 950 °C or holding time of two seconds 

there is no possibility of static recrystallization. c) At the test temperature of 1030 °C, if 

intermption is made before the peak strain, still there is hardly any recrystallization. d) 

An appreciable recrystallization is observed only at high test temperature and holding 

times of 20 seconds, provided interruption is made after the peak strain, i.e. onset of 

dynamic recrystallization. 
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Test Strain of Holding Fractional Grain 
Temperature Interruption Time Softening Size 

{i&C) (s) (µm) 

1026 - - - I 5.31 

1031 .25 20 0.13 3.85 

1027 .45 20 0.54 3.78 

10.29 .85 20 0.55 3.79 

950 - - - 2.98 

950 .25 20 0.06 2.68 

953 .65 20 0.02 2.41 

965 1.1 20 0.05 2.85 

1035 - - - 4.6 

1035 0.3 2 0.06 4.0 

1035 0.5 2 0.18 4.5 

1035 0.9 I 2 0.19 4.0 

950 - - - 2.9 

950 0.25 2 0.05 3.0 

950 0.7 2 0.03 2.6 

950 1.1 2 0.12 3.3 

Table ~ l Fractional softening and average prior-austeoite grain sizes at different test 

conditions. 
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In the presence of solutes such as niobium, molybdenum and titanium, and in the absence of 

static recrystallization (relatively low temperatures and significant amount of strain-induced 

precipitation) the strain accumulation occurs, which may lead to dynamic reaystallization. This 

has been confinned by Samuel and co-workers131 who plotted the flow curves of a niobium 

steel at a constant 'standardised' temperature. This was done by taJcing into account the effect 

of temperature on the mean flow stress of steel during a multistage torsion test. The 

temperature corrected flow curves indicate that after a peak strain of about unity, dynamic 

recrystallization occurs and the stress level decreases. 

The fact that there is no recrystallization at 950°C in niobium steels at small interpass 

times, versus considerable softening in C-Mn steels, indicates the role of niobium carbo-nitride 

precipitation in recrystallization retardation. Around 950°C, the kinetics of Nb(C,N) 

precipitation is the fastest, and once the process of precipitation starts prior to the onset of 

recrystallization, it retards or stops the recrystallization until all the niobium is precipitated127
. 

The seven-minute temperature stabilisation time used during the tests provide enough time for 

the start of static precipitation at this temperature, since niobium starts to precipitate under no­

load condition after 100 seconds of incubation time. During straining, the kinetics of 

precipitation increases by as much as two orders of magnitude, which results in higher volume 

fraction of precipitates. 127 Another interesting indication of precipitation during the straining 

and holding time is the change in the slope of flow curves, showing higher work-hardening and 

strength of the material following the intenuption. 

In comparing the flow curves at the two temperatures, it can be readily observed that 

lowering the temperature from I 030°C to 950°C results in a significant difference in the peak 

stress and strain levels. However, the most important observation is the behaviour after the 

peak strain has been reached. There was hardly any static or dynamic recrystalliz.ation at 

950°C at holding times of 2 seconds. Only at higher temperatures and holding times of 20 

seconds, some static and dynamic recrystallization was observed. 
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6.2 Torsion Tests 

Torsion testing is the only possible physical simulation technique, if the whole rolling 

sequence of a hot strip mill is to be studied. The other techniques are limited to strains of near 

unity, due to excessive interfacial friction between the test specimen and compression platens. 

Torsion testing has been used extensively to characterise the flow of material and study the 

metallurgical events that take place during defonnation. However, most of these tests have 

been done at strain rates of 2 s·1 and below, which is far from realistic when compared to the 

strain rates in rolling mills. Hence, the results and conclusion have been looked at with caution. 

A set of torsion tests with more realistic strain rates (up to 20 s·1) was designed to 

simulate finish rolling of a Nb-Ti steel to examine the type of recrystalliz.ation occurring. The 

experimental procedure, test parameters, and test setup have been described in Chapter 5. The 

torque-twist data was translated to true stress-strain curves by using Backofen fonnulations, 

explained in Chapter 5. 

6.2.1 Average Schedule Experiments 

After reheating the specimens to 1200 °C for l 0 minutes, they were subjected to a 

three-stage roughing sequence followed by cooling to the test temperature7 at a cooling rate 

similar to the mill cooling rates. Following this conditioning procedure, the specimens were 

subjected to a seven-stage twist according to the average schedule given in Table 5.2. To 

maximise the similarity and applicability of the test results to the real rolling practice, all tests 

were conducted under continuous cooling conditions, with a cooling rate similar to the cooling 

rate in the strip mill. This was done because isothennal tests produce quite different potentials 

for precipitation and recrystallization, which are not indicative of real mill conditions. Hence, 

the test temperature was different at each twist. 

The true stress--strain cwve of Test 1 is shown in Figure 6-3. The graph shows work­

hardening throughout the test, however, part of the increase in flow stress is due to the 

decreasing temperature, not metallurgical changes in the material. In order to examine the 
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metallurgical hardening or softening in the material, the stress-strain curves should be corrected 

to a standardised temperature, by excluding the effect of temperature on the flow stress. 
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Figure 6-3 Uncorrected true stress-strain curve of Test 1. 
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Temperature Standardisation: 

A series of isothermal continuous torsion tests was carried out between 900 and 

I 050°C at a strain rate of IO s·1. The mean flow stress (MFS} of the material was detennined 

by integrating the stress-strain curves up to the strain of 0.8. A plot of the :MFS versus the 

inverse of the temperature is given in Figure 6-4. 
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Figure 6-4 Mean flow stress variation with the inverse of the temperature. 
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Mean flow stress variation with the inverse of the temperature was modelled as: 

(
1000') 

MFS =-166.6+391.2 TJ 

97 

(6-3) 

This is in good agreement with a previous report for a similar material8
. Equation (6.3) was 

used to standardise the stress-strain curves of all tests to an arbitrary temperature of950°C. A 

spreadsheet program was used to get the flow stress values of each test and calculate the 

expected flow stress if the test had been done at 950 °C. 

The temperature-nonnalised stress-strain cwve of Test I is plotted in Figure 6-5. 

Now, the flow stress variation from twist to twist can be attn'buted solely to the metallurgical 

softening or hardening. It can be clearly observed that there is a strain accumulation in the first 

two twists, then the flow stress drops in the third, fourth, and fifth twists, and rises again in the 

sixth and seventh twists. The maximum flow strength variation in the seven twists follows the 

same pattern as a flow curve which exhibits dynamic recrystalliz.ation. In each individual twist, 

the flow CUIVe does not exlubit a peak or flattening of the curve. However, the level of strain 

reaches the critical magnitude for the creation of dynamically nucleated grains, i.e., the 

accumulated strain at the time of second unloading is somewhere between the critical strain, e.:, 

and the strain at the peak stress, ep. This fact is supported by the results of double-hit 

compression testing, indicating that the strain to the peak stress at the temperature of 1030 °C 

is less than 0.5132
. Moreover, static recrystalliz.ation kinetics is too slow to allow this level of 

softening to happen at these temperatures and interpass times. For example, fractional 

softening of a 0.027% Nb HSLA steel at 1000°C after three seconds of unloading is less than 

50%7
. At temperatures of950°C and lower, static recrystalliz.ation is essentially arrested in Nb 

steels7
. It could be argued that the nature of the softening in interstands 3 to 6 is not classic 

static recrystalliz.ation, but it is accelerated by nucleation during defonnation. 
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the temperature of 950 °C. 
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Another fact to be noted is the over-estimation of ec and 6P by the torsion testing 

method. This is due to the strain variation from the centre to the surface of the torsion 

specimens subjected to a twist. The level of strain in the outer layer reaches the strain to the 

peak stress while the inner layers still experience work hardening, due to lower strain levels. 

Hence, if the results of torsion simulations indicate the onset of dynamic recrystalliz.ation under 

a given strain, then the onset of dynamic recrystalliz.ation under real rolling conditions is very 

likely. 

Comparing the results of Tests l and 2, it is also observed that the level of flow stress 

is higher at F7 in Test 2 (180 MPa) compared to test I (160 :MPa), while the F7 temperature is 

the same for both tests. This difference in flow strength should be attnbuted to the effects of 

different softening and precipitation kinetics active in the previous stands. In Test 2, with Fl 

temperature of950 °C (compared to Fl temperature of l 100°C in Test 1), there exist a higher 

retained strain and higher precipitation potential. 

6.2.2 Average Schedule with Higher Strain Rates 

The main concern about the results of other torsion simulation studies regarding 

dynamic recrystalliz.ation occurrence arises from the low strain rates employed (mainly up to 2 

f 1
)

133
. Tests 3 and 4 were designed identical to tests 1 and 2, only the strain rate was increased 

to 20 f 1
. The same temperature correction (Equation 6.3) was applied to the results of these 

tests which are plotted in Figure 6-6. As expected, the level of the flow stress is increased by 

about 10 to 20%. There is significant softening after the second twist. Softening after pass 2 

increased with an increase in the strain rate, compared to the test 1. This observation further 

indicates that softening after pass 2 is not due to static recrystalliz.ation. Strain rate sensitivity 

of softening is characteristic of metadynamic recrystallization I.3. 
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Figure 6-6 Stress-strain curves of Test 3, normalised to the test 

temperature of 950 °C. 
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Strain Rate Corrections: 

A series of isothermal constant strain rate tests was conducted to evaluate the effects of 

strain rate on the flow stress level of austenite. Mean flow stress of each test was calculated by 

integrating the stress-strain curves over the strain path. Strain rate was varied between 0.1 to 

20 s91
. A log-log plot of the flow stress versus strain rate is given in Figure 6-7. The results 

indicate that flow stress varies exponentially with the strain rate. The slope of the best linear fit 

was calculated to be 0.08 and was used to correct the flow stresses to a standard strain rate of 

50 s-1
. This value is less than Shida's model prediction for low carbon steels, which is 0.12134

. 
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Figure 6-7 Mean flow stress variation of steel number 1 with the strain rate at the 

temperature of 1000 °c. 
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6.2.3 Finish Mill Schedule 

In tests 5 and 6, strains and interpass times were matched to typical mill values ( refer to 

Table 5.2). Strain rates up to the third twist were also typical of mill values. After the third 

twist, the strain rate was kept constant at 20 f 1, the maximum poSSI"ble strain rate available 

with Dofasco' s torsion simulator. The temperature-normalised stress-strain curve of test 5 is 

given in Figure 6-8. Compared to the previous tests, the increased strain in the first three 

stands increased the potential for the initiation of dynamic recrystallization. Higher interpass 

times of3.6 and 2.4 seconds, however, provided more time for interstand softening and reduce 

the strain accumulation required for dynamic recrystallization. Temperature-corrected stress­

strain curves of test 5 show a peak at twist one, followed by a slight decrease in the strength in 

the following twists. 

Test 6 was intended to simulate rolling conditions of strip tail-end which is usually 

rolled at lower temperature of950 °C. The true stress-strain curves of this simulation is given 

in Figure 6-9. Due to lower temperatures (FI temperature of 950 °C)compared to test 5, it 

appears that there is a strain accumulation in stand one and there is a marked increase in the 

flow stress in stand two compared to stand one. In this test, the peak stress is reached at stand 

two and remains constant for the remaining twists. 

6.2.4 Dynamic Recrystallization: 

Considering the simulation results of tests one to six, the flow stress curves do not 

round off or decrease in any single twist in any of these tests. This indicates that classical 

dynamic recrystalliz.ation, i.e. flow stress flattening during defonnation is not taking place. This 

is contrary to the hot strip mill simulations performed by some authors, in which dynamic 

recrystalliz.ation has been shown to occur in the finishing stands36.3
7

. These authors, however, 

used large strains (up to 0.6) in the first two stands, very low strain rates, and longer delay 

times between roughing and finishing stands. This kind of rolling schedule is applicable in less 

common rolling mills with only five finishing stands. Due to the lower number of stands, the 

strain per pass has to be higher, especially for thin gauges. Higher strains and lower strain rates 

promote the initiation of dynamic recrystalliz.ation. 
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It has been shown that strain to the peak (commonly called peak strain), ep, increases 

systematically with the Zener-Hollomon parameter135
: 

(6-4) 

where 

Z • (Qdef) = eexp RT (6-5) 

A is a material constant and n varies from 0.125 to 0.175 with no apparent systematic trend 

with the steel composition 15
. Since the peak in flow stress occurs after some low fraction of 

recrystallization, the peak strain is always greater than the critical strain for dynamic 

recrystallization ( ec) 136
. High strain rates employed in the mill cause the critical strain for 

dynamic recrystallization to increase. The effect of strain rate on the peak strain and the 

relationship between peak strain and critical strain at higher strain rates is still unclear. 

As was seen in tests 1 and 3, however, there is an unexpected softening after twist two. 

The time between passes is not large enough for the completion of static recrystallization. This 

is evident from the results of two-stage compression tests given in section 6.1.3. The softening 

after the second twist in tests one and three may therefore be attributed to metadynamic 

recrystallization. This means that softening after defonnation has been accelerated by the 

existing grain nucleation sites formed during deformation. 
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6.3 Mill Data Analysis 

Dofasco's Hot Strip Mill data was analysed in order to detect softening mechanisms 

and their effect on roll force predictions. It was of particular interest to investigate poSStble 

dynamic reccystalliz.ation during strip rolling of high niobium steels and its effect on roll force 

prediction. The on-line finishing mill set-up module uses a simplified Alexander and Ford137 

force model. Bar to bar feedback is used to tune-up the model. Both Alexander and Ford 

model (existing roll force model in Dofasco's hot strip mill), and Sims' roll force fonnulations 

are used to backcalculate the material mean flow stress variation from stand to stand using 

measured rolling forces at the mill. The calculated mean flow stress values were standardised 

to exclude the effects of varying temperature and strain rate from stand to stand. 

Roll Force Model: 

An accurate roll force prediction is required for the roll gap setup in order to get 

minimum variation in the head-end strip thickness. As discussed in Chapter 2, it is possible to 

simplify most rolling load models to: 

where: 

P = rolling load (N) 

Km = mean yield strength through the roll bite (N/m2
) 

W = strip width (m) 

k = arc of contact (m) 

Qp = geometric tenn. 

(6-6) 

The difference in the various force equations lies in the calculation of the geometric term, Qp. 

Other factors that affect the rolling force, such as strip tension and fiiction in the roll bite, are 

compensated for by this tenn. An accurate roll force prediction is dependent on an accurate 

prediction of the mean yield strength. 
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The average yield stress in the roll bite is a function of the chemical composition of the 

material, strip temperature, strain rate, work hardening or softening during rolling, and 

interpass times. The on-line model calculates yield strength with an equation of the fonn: 

KID = f( Kn, grade, temperature, strainrate) (6-7) 

where Ka is the average yield strength normalised for the base temperature of 95O°C and a 

strain rate of 50 s •1. This value, which is updated by a bar to bar feedback system, is stored by 

steel grade, finish mill gauge, stand and draught. 

This yield strength model was originally developed for plain C-Mn steels. The model 

assumes that there is no strain accumulation between stands and full static recrystalliz.ation 

occurs in each interpass time. While this is the case for C-Mn steels at high temperatures and 

large interpass times, it may not be the case for microalloyed steels. The results of a recent 

study-16 indicate that fractional softening of a low niobium steel (0.027% Nb) is less than 400/4 

during three seconds of interpass time at a temperature of 1000 °C. The results also indicate 

that the assumptions included in the existing yield strength prediction models disregard strain 

accumulation followed by possible dynamically nucleated recrystalliz.ation. The resulting error 

in yield strength prediction is absorbed by stand to stand feedback tenn, only if this softening is 

consistently happening for all the slabs. 

In the first part of this analysis, mill data for 80 slabs of the test steel (steel number l} 

was analysed. Sims' roll force model138 was used to back-calculate the steel's flow stress at 

different stands. Equation (6.3) was applied to standardise the flow stresses in seven stands, 

which experience a continuous decrease in temperature, to an arbitrary standard temperature of 

950°C. For most of the slabs (more than 800/4), the average temperature-nonnalised flow 

stress of this grade of material shows some strain accumulation in the first two stands then 

softening in the second interpass time, followed by a decrease in flow stress in the third stand. 

The flow stress variation of six slabs rolled consecutively is plotted in Figure 6-10. 
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Figure 6-10 Mean flow stresses of six slabs roUed consecutively with an 

identical rolling schedule. 
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The amount of softening in the second interpass time cannot be solely attributed to 

static reaystallization, since the fractional softening for even lower Nb steels (<0.03) at this 

temperature {1000°C) and interpass time (2.5 seconds) is about 30%36
. This drop in flow 

stress in the third stand implies that the softening rate has been accelerated through another 

mechanism, metadynamic recrystallization. After complete softening in the second interpass 

time, the material starts another cycle of strain accumulation until the critical strain for the 

onset of dynamic recrystallization is reached again. This kind of behaviour was not expected. 

However, this trend is not observed for all of the slabs. In some slabs, the mean flow stress 

increases monotonically from stand to stand. The effects of different process parameters on 

changing the softening regime are yet to be investigated. 

To confirm the occurrence of accelerated interpass softening, the plot of the roll forces 

are superimposed on the plot of flow stresses in Figure 6-11. According to the Finishing 

Setup Module ofDofasco' s hot strip mill control program, the force level should be decreasing 

monotonically from pass to pass, similar to the strain variation. However, a hump is observed 

in the roll force variation, that coincides precisely with the hump in the flow stress. This 

observation was unexpected and led to the conclusion that the flow stress in the third stand 

should have been affected by unpredicted metadynamic recrystallization during the second 

interpass time. 

The knowledge that metadynamic softening is occurring in some occasions and does 

not occur in other occasions cannot benefit steel mills, unless this knowledge is modelled with 

some acceptable degree of accuracy. Linear and nonlinear regression models were used to 

classify the conditions under which the softening in the third stand is taking place. It is 

expected that for a given steel grade and roughing conditions, this softening is a function of 

strain, strain rate and temperature in the first three stands (interpass time for a fixed stand to 

stand distance is a function of strain and strain rate). All of these variables were used to 

develop a model to predict softening in the third stand. 
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Also, different combinations of these variables along with Zener-Hollomon parameter were 

used as regressors. The author and Dofasco' s engineers attempted to develop regression 

models to predict the occurrence and extent of this softening. However, none of the regression 

models provided any acceptable solution. Hence, it was decided that more advanced modelling 

techniques, i.e. Principal Component Analysis and Artificial Neural Networks are to be 

investigated for this purpose. The results of these analyses are reported in the Chapter 7. The 

results proved to be quite satisfactory and demonstrate the great potential of these techniques 

in the material science and processing applications, or generally in any data modelling and 

classification tasks. 
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7. Neural Network Modelling 

A back-propagation Neural Network simulator program, based on the gradient descent 

learning algorithm was developed. This program was employed to develop Neural Network 

models for: 

a) Prediction of hot flow stresses of an aluminium alloy and an HSLA steel 

b) Prediction of rolling forces during aluminium cold and hot rolling 

c) Prediction of rolling forces in industrial hot strip rolling of a high niobium HSLA steel 

d) Prediction of the occurrence and extent of dynamic recrystallization in HSLA strip rolling 

during using a strip mill log. 

Neural Networks, alike statistical methods and the human b~ suffer from 

colinearities in the training database. Principal Component Analysis was integrated into the 

Neural Network training procedure to decouple the linearly correlated data. This technique 

was used to transform linearly correlated data to non-correlated principal components. Then, 

Neural Networks were trained on principal components and the results were back-transfonned 

into original variables. 

This chapter is devoted to the development and results of Neural Network modelling, 

performance comparison of Neural Network based models with statistical models, and the 

results of integration of Principal Component Analysis to Neural Network learning algorithm. 
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7.1 Flow Stress Predictions 

Knowledge of the material's constitutive behaviour is an essential requirement for the 

design and analysis of deformation processes. In spite of suffering some drawbacks in terms of 

ease of development, adaptability, accuracy, and speed, empirical stress-strain relationships and 

constitutive equations descnbing material behaviour during defonnation are being widely used. 

In the present study, back-propagation neural networks are used to model and predict the flow 

stress of an aluminium alloy and a microalloyed steel in a range of temperatures, strains, and 

strain rates. A neural network training code, based on the gradient descent algorithm, is 

developed and used to train the flow stress prediction networks. The performance of this 

technique is compared to those of the statistical models. The approach based on neural 

networks is shown to be superior in its predictive capability, adaptability and speed to that 

using non-linear regression models. 

7.1.1 Flow Stress Modelling of Hot Steel 

The results of this investigation are presented in two parts: Statistical Method and 

Neural Network Method. The purpose of both is to develop models to predict the flow stress 

as a function of strain, strain rate and temperature. The results obtained are compared to the 

experimental values. 

7.1.1.1 EXPERIMENTAL DATA 

The data used in this investigation were produced by Tajima and Lenard 139
. The experiments 

involved the isothennal7 constant true strain rate compression of cylindrical samples, made of a 

Nb-V stee~ the chemical composition of which is given in Table 7-1. The test equipment 

consisted of a closed-loop controlled servohydraulic testing system, an attached resistance 

furnace and a computer-based data acquisition and control system. 

Table 7-1 The chemical composition of the material (wt%) 

C Mn Nb V Si Cu Ni p Ti Ca s N 

0.1 1.093 0.0877 0.0795 0.3645 0.0152 0.0138 0.0076 0.0042 0.0032 0.0023 0.0092 
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Samples, 10 mm in diameter and 15 mm in len~ were machined with recesses of 0.1 

mm depth at each end to retain the glass lubricant. Type-K thermocouples, embedded in each 

sample at midheight, were used for temperature measurements. All samples were annealed and 

solution treated prior to reheating to the test temperature. The test results used in this work 

are those of single-stage compression at temperatures of 875, 900, and 950 °C. The 

experimental matrix, giving the details of the process parameters, is presented in Table 7-2. 

Table 7-2 Experimental matrix used in steel hot flow strength tests. 

Strain Rate (s-1) Q 
0.01 0.1 I 2 

Temperature.0-

875°C Al A2 A3 A4 

900°C Bl B2 B3 B4 

9so 0c Cl C2 C3 C4 

7.1.1.l Statistical Method 

As discussed in Chapter 2, the type of the constitutive relation that can adequately 

describe hot flow stresses of steels, depends on the stress level. The power relation is 

applicable below 110 :MPa, while the exponential relation is valid for higher magnitudes. The 

stresses in hot deformations vary over a wide range, hence, it is expected that the hyperbolic 

sine rate equation will lead to the best results140
. Rao et al141 verified the better fit of the 

hyperbolic sine relationship when compared to the power and exponential relationships for a 

0.34 % carbon steel. The procedure for determination of the values of A, n and Qin Eq. (2.7) 

as suggested by Rao leads to 

In(&)= ln(A) + n ln[sinh(acr )]- ir (7-1) 

For a given temperature and strain, the plot of ln(e) versus In[sinh(ao)] gives the strain rate 

sensitivity parameter, n. Plots for the present steel at a strain level of 0 .3 and three different 
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temperatures are given in Figure 7-1. The lines are nearly paralle~ indicating that the strain 

rate sensitivity is not strongly influenced by the temperature. The activation energy at a given 

strain level is obtained by rearranging Eq. (7. I) and differentiating with respect to {I/I), giving 

d {tn[sinh(aa)]} 
Q= Rn d(l/T) 

4.,..-----------------------

2 

0 

o T=875 °C1 
c T=900 °c! 

, A T=950 t: ' . 

~ 

OCIJ ..._, -2 
C: -

-4 

-6 

-8 -t------:------_;__----;.._-----1 

0 0.5 1 

ln[sinh(a.cr)] 

1.5 

Figure 7-1 Plot for determination of strain rate sensitivity parameter, n. 

2 

(7-2) 

The slope of a plot of In[ sinh( ao-)] versus (I/I) for a given strain and different strain 

rates should be equal, as another condition for applicability of the hyperbolic sine rate equation 
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and indicating that Q is also not a strong function of the temperature. A plot at the strain level 

of 0.3 is given in Figure 7-2, leading to activation energy values in the range of 330 kJ/mole. 

2.5 -----------------------

2 

....... g 1.5 

..._, 

.s:::. 
C: 
·0 
c'1 

0.5 

• 2 -1 E= S 

0 -t-----+-----+-----+---~---.-----+-----4 

0.81 0.82 0.83 0.84 0.85 0.86 0.87 0.88 

1000 I T(1/K) 

Figure 7-2 Plot for calculation of activation energy, Q. 

The natural logarithm ofEq. (2.8) leads to 

ln(Z) = ln(A) + n In[sinh(cxa)] (7-3) 
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A linear plot of ln(Z} versus In[ sinh( a.cr)] at a given strain level for the whole range of strain 

rates and temperatures indicates the general applicability of the rate equation, as shown in 

Figure 7-3. The value of ln(A) and the strain rate sensitivity parameter can be obtained from 

these plots. This n value differs slightly from one obtained through Eq. (7.1), as shown in 

Table 7-3. The value of n appears to follow an inverse power relationship with strain, but the 

variations of In( A) and the activation energy with strain are nearly linear for the present metal. 

The values of n, Q, and ln(A} for selected strain levels (0.1, 0.2, 0.3, ... ,0.9) obtained from 

Figure 7-1 to Figure 7-3 are given in Table 7-3. Rao et al. 141 reported an inverse power 

relationship with strain for all three parameters. 

The values listed in Table 7-3 were used to predict the flow stresses at given 

temperatures and strain rates. The predictions were compared with experimental values at 

875 °C in Figure 7-4, also showing the results obtained using the neural networks, to be 

discussed in detail in the next section. A mean difference of 2. 990/o, defined as 

100 x (experimental value-predicted va/ue)l(experimenta/ value}, with a standard deviation of 

0.68 was obtained. This level of accuracy is higher than the 3.35%, obtained on a low carbon 

steel by Rao et al 141
. This result was achieved by using an average n value. The n values found 

directly from Eqs. (7.1) and (7 .3) produced mean differences of above 3 .5%. Rao et al 141 used 

11 values obtained from Equation (7.3) as it provided the minimum deviation for their data. 
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Figure 7-3 Zener-Hollomon plot for general validity test and calculation of the strength 

parameter, ln(A). 
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Table 7 ... 3 The experimentally evaluated values for n, ln(A) and activation energy 

at difTerent strain levels. 

Strain 0.05 0.1 02 0.3 0.4 0.5 0.6 0.7 0.8 0.9 

n (Eq. 7.1) 9.01 7.23 6.03 5.73 5.36 5.12 5.04 5.03 5.01 4.98 

n (Eq. 7.3) 8.8 7.03 5:96 5.64 5.64 5.08 5.08 4.85 4.87 4.88 

n (average) 8.91 7.13 5.99 5.68 5.5 5.1 5.06 4.94 4.94 4.93 

ln(A) 28.05 24.43 23.93 25.17 25.17 26.41 26.44 27.39 28.58 29.7 

Q (kJ/m) 330.7 320.2 322.0 336.2 357.3 348.7 351.8 341.9 351.8 352.5 

7.1.1.3 Neural Network Modelling of Steel Flow Stress 

A fully connected feedforward backpropagation network was designed to model the 

flow stress variation with strain, strain rate and temperature. From each compression test data, 

9 data points were picked at equal strain intervals of O. I, beginning at a strain of O .1. 

Condition B2 of Table 7-2 was set aside for network generalisation test and the rest of the 

data were used in training of the network. All input and output values were nonnalised into 

the range (0.1 to 0.9] to avoid premature saturation of the sigmoid function. The normalising 

scheme was described in Chapter 4. 

Leaming rates between 0.5 to 0.9 were attempted. The higher the learning rate, the 

faster the learning, however, too high learning rates may lead to oscillations in the network 

output error. One way to increase the learning rate without leading to oscillations is to modify 

the gradient descent algorithm to include a momentum tenn which takes into account the 

effects of past weight changes on the current direction of weight modification. Equation. 

( 4 .17) then changes to 

flW .. (t + 1) = n6~ V.,. +ex AW--(t) 
IJ 'I I J lJ (7-4) 
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Figure 7-4 Comparison of the neural network predictions and statistical model 

predictions with the experimental flow stresses at the temperature of 87S 0C. 
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where t indexes the iteration number and a., the momentum parameter, is a constant usually 

between 0.5 to 0.9. The learning rate of0.7, with a momentum parameter of0.9, provided the 

fastest convergence. The logistic sigmoid function with a constant steepness factor of O.S was 

chosen as the activation function. Both one-hidden layer and two-hidden layer networks were 

examined to investigate the effects of the extra hidden layers. The error measure for network 

perfonnance evaluation was considered to be the average percent difference of network 

predictions and experimental values, as it was with the statistical model. It was found that the 

two-hidden layer topology had no advantage over the one-hidden layer for the equal number of 

total processing nodes in this particular application. Dynamic node generation scheme was 

used in order to find the optimum number of nodes. An increase in the number of hidden 

nodes up to 16 increased the accuracy. However, further increase in the number of hidden 

nodes had no considerable benefit. 

The plot in Figure 7-4 shows a comparison of the predicted and experimental flow 

stresses at the temperature of 875 °C. It is found that the predicted flow curves follow the 

experimental flow curves very closely. The average percent difference between the predictions 

and experimental points for all temperatures and strain rates, was calculated to be 2.17°/o with a 

standard deviation of 0.48, compared to the average difference of 2.99% and standard 

deviation of 0.68 obtained through statistical analysis. The accuracy of Neural Network 

predictions is about 27% higher than the Statistical method. 

Generalisation Test 

During learning, the outputs of a supervised neural network attempt to 

approximate the target values, given the inputs in the training set. This ability is useful in 

itself, but the purpose of using a neural net or any other model is to approximate target 

values given inputs that are not in the training set. This feature is called generalization, 

which has been discussed in detail in Section 4.2.10. 

In the present work condition B2 was set aside to be used for testing the 

generalization ability of the network. The network predictions for this condition (900 °C 
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and 0.1 s·1) are compared to the experimental values in Figure 7-S. The average 

difference between network predictions and experimental values for this unseen data was 

found to be 3 .3%. 
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Figure 7-5 Comparison of the neural network predictions, statistical model predictions, 

and the experimental flow stresses of the B2 test condition. 
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7.1.2 Flow Stress Modelling of Hot Aluminium 

Artificial Neural Network based models were developed to predict the hot flow 

stresses of an aluminium alloy. 

7.1.2.1 Experimental Procedure and Data 

Compression test samples of the Al I I00-Hl4 alloy (Si=l, Zn=O. l, Cu=0.05, Mn=0.05 

and remainder aluminium) were machined from aluminium plates with the longitudinal 

direction parallel to the rolling direction. The samples were sized to 20 mm in diameter and 30 

mm in height. Boron nitride was used as a lubricant to minimise interfacial fiiction. Recesses 

of 0.1-0.2 mm depth were machined at each end to retain the lubricant. A typ~K 

thermocouple was embedded centrally in each specimen. The compression tests were carried 

out on a servohydraulic computer controlled constant strain rate Instron machine, as descnbed 

in section 5.3. The test conditions and their designations are presented in Table 7-4. The 

temperature was set to 400, 450, and 500 °C and the strain rate ranged from 0.97 to 11.53 s-1
. 

Table 7-4 Experimental matrix used to develop a database of aluminum hot flow 

stresses at different temperature and strain rates. 

TemperatureO- Strain Rate c:) 0.97 2.97 5.04 7.58 11.53 

400°c Al A2 A3 A4 A5 

4so 0c Bl 82 B3 B4 B5 

500°C Cl C2 C3 C4 cs 

7.1.2.2 Flow Stress Prediction Results 

A fully connected feed.forward backpropagation network was designed to predict 

aluminium flow stresses at different temperatures and strain rates. The purpose of modelling 

was to develop an effective representation of material behaviour at high temperatures. 
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From each set of compression test data, 15 data points were picked in equal strain 

intervals of0.05. Conditions B2 and B4 were set aside as network generalisation test data and 

the rest of the data was used in training of the network. All input and output values were 

nonnalised into the range [0.1 to 0.9], to avoid premature saturation of the sigmoid function. 

The learning rates and momentum rates were varied between 0.5 to 0.9. The learning rate of 

0.9, with a momentum rate of 0.7, resulted in the fastest convergence. The logistic sigmoid 

function with constant steepness factor of0.5 was chosen as the activation function. Both one 

hidden layer and two hidden layer networks were examined to investigate the effects of e,ctra 

hidden layers. It was found that the two hidden layer topology had no advantage over one 

hidden layer for equal numbers of total processing nodes. Increasing the number of hidden 

nodes up to eight nodes increased the accuracy. However, a further increase in the number of 

hidden nodes had no considerable benefit. To avoid overfitting and enhance model 

generalisation ability, it is desired to use the minimum possible number of processing nodes. 

Therefore, an eight-node network was concluded to be the optimum network topology. 

The plots in Figure 7-6 show the comparison of the experimental values of flow stress 

with those predicted by the Neural Network at the strain rate of 5.04 s91
. It is clearly observed 

that the predicted flow curves follow experimental flow cwves very closely. The average 

percent difference was calculated to be less than 1.9%. A similar accuracy was found with 

other strain rates as well. This clearly indicates that the network was able to accurately learn 

the training data set. 

The main quality indicator of a neural network, however, is its generalisation ability, 

i.e., its ability to accurately predict the output for a given unseen test data. The network 

predictions for unseen B4 condition is plotted along with B4 experimental values in Figure 7-

7. The average percent difference was found to be 2.83%. 



Chapter 7. Neural Network Modelling 

50 ---------------~ i 
I 
I 
I 

l 
l 

40 ~ 
l 
I 

I ...-.... -
d I 0... I 

6 30 ~ 
r;/J : 
C/'j 
r ... , -~ i ,. -.. 
r;/J i 

~ 20 
0 , -~ "i 

t 

I • 
! • 
; . 

10 ~: 

'I 
t 

' I 

. ----

--Experiment 

---• -· Neural net 

... - ,,, ...... 

....... 
T == 450°C 

------·--··-----. 
T = 500°C 

• - 04 -l e=). sec 

0 ..L.---------:----:---:----:---

0 0.1 0.2 0.3 0.4 0.5 0.6 0. 7 0.8 

TRUE STRAIN 

125 

Figure 7-6 Experimental stress-strain curves of an aluminum alloy at high temperatures 

and perfonnance of a Neural Network model 
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This error is still less than the errors that usually arise in flow stress measurements due to the 

errors in the temperature, strain rate, and stress measurement. 
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Figure 7 .. 7 Perfonnance of a Neural Network model on prediction of stress-strain curve 

of an unseen test data. 
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7.2 Experimental Rolling Force Predictions 

Neural Network models were developed and tested to predict the rolling forces during 

hot rolling and cold rolling of an aluminium alloy. 

7.2.1 Aluminium Hot Rolling Force Prediction 

7.2.1.1 Experimental procedure 

Strips of a 3000 aluminium alloy were cut along the rolling direction and sized to 

6.12-6. l 6mm thickness, 50-52 mm width and 310 mm length. A type-K ( chromel-alumel) 

thermocouple was embedded to a depth of 15 mm in each strip's tail end. Rolling experiments 

were canied out on a two-high experimental mill with the roll diameters of 250 mm. Two 

industrial hot-air guns were used to heat the rolls to approximately 90 °C. The roll forces were 

measured by two load cells located under the bearing blocks of the lower roll. Two torque 

transducers were mounted on the roll spindles to measure the roll torque applied to both upper 

and lower rolls. The rolling speed was measured by a digital shaft encoder, installed in the top 

drive spindle. In order to measure the forward slip, two photo-sensors were installed at the 

mill exit a known distance apart. The signals of these sensors are used by a clock to measures 

the time elapsed for strip to travel between these sensors. The strip exit velocity was then 

calculated. Rolling reductions were set to 15% and 3 5% . The rolling speed was varied from 

20 rpm to 160 rpm, giving surface velocities of 0.26 to 2.1 mis, the higher value of which is 

close to industrial operating speeds. 

Four different lubricants (referred to as natural A, natural B, semi-synthetic A and 

semi-synthetic B) with different emulsion concentrations were used in the hot rolling tests. In 

the case of the natural oils, the emulsion ratios (by volume) were 1% and 3%, and for semi­

synthetic oil emulsion ratios were 1 % and 10%. Lubricant A is designed for low friction 

applications and lubricant B for higher friction conditions. Both lubricants are based on 

synthetic esters. The viscosities of these lubricants at 40 °C and 100 °Care given in the Table 7 .. s. 
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Table 7-S. Specifications of lubricants used during aluminum hot rolling 

Lubricant Density Viscosity at 40 °C Viscosity at 100 °C 
(g/nun3) (mm2/s) (mni2/s) 

Natural A NIA 37.9 5.S 

NaturalB NIA 76.3 8.6 

Semi-synthetic A 0.866 28.5 5.5 

Semi-synthetic B 0.883 29.6 5.7 

7.2.1.1 Aluminium Hot Rolling Force Prediction Results 

A dataset of the force variation during the aluminium hot rolling process was 

developed as explained in the previous section. In the first step of Neural Network modelling, 

the effects of the lubricant type was excluded, and a network was trained to predict roll forces 

for each lubricant. The model inputs were: reduction, roll speed, strip temperature, and 

emulsion concentration. The network was trained using all 22 data points and after final 

training the force variation was satisfactorily modelled. The maximum percent difference 

between model predictions and experimental values was found to be 7.5% with an average 

percent difference of2.5%. This level of accuracy is quite satisfactory for this application and 

dataset. This error value is smaller than errors that nonnally arise due to experimental 

variations and the accuracy of instrumentation. 

After successful development of a force model for a given lubricant, the lubricant type 

was also incorporated into the force prediction model. The experimental matrix included 66 

data sets, of which 59 were used for network training. The rest was set aside to test 

perfonnance of the trained neural network. A configuration of one hidden layer with 8 nodes, 

five inputs and one output node, with a learning rate of 0. 7 and momentum rate of 0. 7 was 

found to provide optimum accuracy. After 10,000 iterations, the network converged to a 

solution and further iterations had an insignificant effect on error reduction. The relative error 

values of the force model for both the training set and the test set are shown in Figure 7 ... s. 
The trained network predicted the roll force for 66% of the conditions within 5% relative error 
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band, 95% within 10% error band , and only three of the conditions were predicted with errors 

up to a maximum of 13%. The network also generalised well on the test data with errors less 

than 100/o. The network roll force predictions for the 15% and 3 5% reductions have been 

plotted along with the experimental values in Figure 7-9. 

7.2.1.3 Roll Torque Prediction 

A network similar to the one used for roll force predictions was trained to predict roll 

torques. The experimental matrix, training set and test set were also the same as the previous 

model. The training data and predictions on the test data after 15,000 iterations are shown in 

Figure 7-10. 

The relative errors of most of the training data are within 10% error band except two 

points. The network also predicted well on the test data with errors less than 10%. The 

network predictions for the 15% and 3 5% reductions have been plotted along with the 

experimental values in Figure 7-11. 
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Figure 7-10 Percent difference of roll torque predictions of a Neural Network model 

from experimental roll torque values during aluminum hot rolling. 
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Figure 7-11 Neural Network roll torque predictions and experimental values for two 

different reductions during hot rolling of aluminum strips. 
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7.2.2 Aluminium Cold Rolling Force Prediction 

The 25 mm wide and I mm thick strips of All lQ0 ... Hl4 aluminium were rolled in the 

mill descn"bed in Section 7.2.1. The rolling speeds used were 20, 60, 100, 140, and 180 RPM 

The reductions were aimed at 10, 20, 30, 40, and 50 percent. Mineral Seal oil, with no 

additive and with 1, 3, 5, and 7 percent Lawyl alcohol was used as lubricant. The average 

value of roll forces and roll torques for these 125 tests were collected. The first objective of 

the Neural Network modelling was to develop a predictive model to estimate the roll force and 

torque for any rolling conditions within the experimental domain used in these tests. The 

model inputs were rolling speed, reduction and percent of Lawyl alcohol additive in the 

lubricant. Every other ten data point (all together 13 for this data set) was set aside for 

network generalisation test and the rest of the data was used to train the network. A one 

hidden layer network with 12 processing nodes, a learning rate of 0.5, and a momentum rate of 

0. 7 provided the most accurate solution. Upon the convergence of the network to a solution 

with a minimum error, the network was tested through its prediction of roll forces for the 13 

unseen test data Roll force network predictions on these test data and the actual experimental 

values are compared in Figure 7-12. The results, in spite of an average percent difference of 

8%, can be considered satisfactory, and more accurate than conventional roll force models. 

The average percent difference is in the same range as experimental errors with the existing 

equipment. 

The main advantage of the neural network modelling compared to the classical roll 

force models is that it does not require any explicit knowledge of the coefficient of friction. 

Other models require the value of fiiction coefficient, which is a function of almost all process 

parameters, i.e. rolling speed, reduction, temperature, roll material and surface roughness, strip 

material and surface roughness, and type of lubricant. Furthennore, there is no direct way for 

the measurement of coefficient of friction in an industrial setting. That is why in the control 

algorithm of industrial strip mills, the coefficient of friction and all the rolVmaterial interface 

variables are lumped into a single factor called the "geometric tenn". The geometric tenn is 

back-calculated from measured roll forces after each pass and saved in a database. The 

geometric tenn is used in roll force prediction of new slabs for initial roll gap setup purposes. 
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The value of geometric tenn for different family of grades and different gauge families is 

stored in a lookup table. This table is updated after each pass. 

Oudier Detection 

In all experimental or even industrial databases there is a possibility for the existence of 

outlier data points. The inclusion of outliers in a database is deleterious to the accuracy and 

generalisation of any model developed based on this kind of databases. Hence, it is important 

to employ proper techniques to detect the outliers and exclude them from further analysis. 

Neural Network modelling is still in early stages of development and author is not aware of any 

systematic approach to deal with this issue. However, there are some intuitive ways of 

detecting outliers in simple applications with only a few variables. For example, considering 

the perfonnance of the roll force model of aluminium strips, depicted on Figure 7-12, it is 

observed that the network prediction on test number 8 is significantly worse than the rest of the 

test points. This could be due to the deficiency of the network in learning the roll force 

variation trend. However, it is also possible that this data point is actually an outlier. To 

investigate this possibility, this data point along with its neighbouring points were plotted in a 

roll force versus reduction graph for the same kind of lubricant and different rolling speeds, as 

depicted in Figure 7-13. It is clearly observed that the data for test number 8, denoted as 

outlier in Figure 7-13, is not in line with the rest, due to excessive experimental errors. After 

excluding this data point from modelling process, the average percent difference of the model 

predictions from experimental values dropped to 6. 7%. 
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Figure 7-12 Neural Network model performance in predicting rolling forces during 

experimental cold rolling of aluminum strips. 
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Invene Modelling : 

In the modelling of industrial processes, the usual objective is to find the dependence of 

the process outputs on a given set of process inputs. However, in many applications we need 

to find out the conditions (process inputs) under which a desired process output can be 

obtained. For example, it could be of interest to use roll force models and try to find out for a 

given set of process conditions (roll speed and lubricant type) how we may set the roll force 

value in order to achieve a desired reduction. This is called static inverse modelling. Inverse 

models are useful in the process control applications. A common technique to develop 

feedback control algorithms of industrial processes is to integrate the variable of '~e'' into 

these models and develop dynamic inverse models. 

Since Neural Networks do not rely on any closed form equatioI1.Sy lookup tables, or any 

physical understanding of the process, it appears that it is quite easy to convert Neural 

Network models to function as an inverse model. As an example, the database of aluminium 

cold rolling was used here to develop a model that predicts the reduction for any given set of 

roll speed, lubricant type, and measured roll force. The same network topology and learning 

parameters that were used for the force model, are used for reduction prediction model. The 

perfonnance of the network on the 13 unseen test points is demonstrated in Figure 7-14. The 

average percent difference of the predictions from experimental values was calculated to be 

7.6% (without removing the test number 8, which was an outlier). 



Chapter 7. Neural Network Modelling 139 

50 

45 

40 

35 
---.. 
;;!. 

30 ._.. 

z 
0 - 25 I-
0 ::, 
C 20 w 
D: 

15 

10 

5 

0 
1 2 3 4 

■ REAL REDUCTION 

ml ANN PREDICTION 

5 6 7 8 9 10 11 12 13 

TEST NUMBER 

Figure 7-14 Neural Network model performance in predicting the reduction for given 

roll speed, lubricant and rolling force. 



Chapter 7. Neural Network Modelling 140 

7.3 Hot Strip Mill Roll Force Prediction 

7.3.1 Industrial Importance and Applications 

One of the main quality indicators of steel strips, especially those which require 

stamping into complex shapes, is the gauge unifonnity and consistency throughout the coil. 

The accuracy is achieved through an accurate roll gap setup, which is a direct function of the 

predicted rolling forces at each stand. Furthermore, a large error in the roll force prediction 

and consequently wrong roll gap setup leads to the occurrence of cobbles (failure of strip to 

pass through all stands). Even in the modem strip mills there is about half a percent yield loss 

due to occasional cobbles. This half a percent yield loss for a typical strip mill can sum to 

couple of million dollars ofloss in production each year. 

A main focus of this research was to utilise Neural Networks for hot strip mill roll force 

predictions in an industrial setting. In this section, the results of the application of this 

technique to the hot strip mill of Dofasco Inc. will be presented. The results demonstrated 

superior perfonnance of Neural Networks which are readily applicable to industrial practice. 

7.3.2 Process Database 

A database of 831 coils of a high niobium HSLA steel ( steel number 1, in Table 5 .1) 

was extracted from a seven-stand hot strip mill. The data for each coil included material 

chemical composition, entry temperature to finisher, and for each stand: roll diameter and 

speed, strip entry and exit thickness, entry and ex.it width, predicted temperature, looper 

tensions, predicted force and actual measured force. Based on these data, the strain, strain 

rate, and Uh ratio (the ratio of projected length of arc of contact to the average strip thickness 

through the stand) for each stand were calculated. This database included three different types 

of measured and predicted roll forces: measured head-end, measured steady-state, and 

predicted head--end. Measured head-end force is the force measured after two seconds of 

rolling. Predicted head-end force is the prediction of the existing on-line roll force model for 

the first two seconds of rolling (before control action for roll gap correction takes place) based 
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on the predicted values for pass strains, strain rates, and temperatures for any given rolling 

schedule. This value at each stand is used to setup the roll gap at that stand. Steady-state roll 

force is the measured rolling force after 10 seconds of rolling. This is enough time for the feed­

back controller to adjust the roll gaps and reach steady-state rolling. This value is used to 

update hardness factors in the corresponding lookup tables. 

There were three reasons for this choice of material. First, this grade of high niobium 

strip is amongst the newly developed grades which are gaining a good portion of high strength 

strip market and they are not as well-understood as other grades. Second, there are 

speculations regarding the occurrence of dynamic recrystallization during rolling of these 

grades. Third, this grade is considered as a bad-behaved and difficult-to-roll grade due to the 

complex metallurgical events taking place during its hot rolling. 

The coefficients and exponents of empirical roll force models being used by steel mills 

are usually stored in lookup tables specific to a grade and a gauge family. This is because the 

accuracy of the predictions will be enhanced if the range of variation of input variables is 

smaller. For example, the strips are divided into output gauge families of : less than 2. 7 mm, 

between 2. 7 and 4.5 mm, between 4.5 to 7.2 mm, and above 7.2 mm. However, it is very 

desirable to have more general models applicable to wider variety of grades and output gauges. 

The main reason for this is not the difficulties associated with managing a large number of 

lookup tables. The bigger drawback of breaking products into a larger number of grade or 

gauge families is that, if a grade is not rolled for a while, then due to the continuous changes in 

the mill conditions over the time the saved model and its coefficients for this grade will not be 

able to provide accurate predictions. By the time that models' coefficients are adapted to new 

conditions there would be some off-gauge rolling or the possibility of cobble. Taking this into 

account, it was desired to develop Neural Network models that are able to predict rolling 

forces for a wider range of products. This would reduce the accuracy of the model. However, 

it would keep the model up-to-date all the time. Hence, two series of models were developed. 

First, a general model being able to predict roll forces for all output gauges, and the second 

series which was specific to the same output gauge families that Dofasco Inc. uses. 
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7.3.3 Network Architecture 

The first step in the modelling of a large industrial process is to decide or analyse which 

input variables or groups of variables have a significant effect on the process outputs. There 

are a number of statistical techniques that can be used for this purpose. The simplest one is the 

analysis of linear correlations between each possible input and the process output. However, 

most of these techniques are able to verify only linear dependencies. 

A quite interesting feature of Neural Network models is their capability to give strong 

indications regarding the significance of the variation of each process output with any given 

process input. This feature is overlooked in the literature, however, it is of significant 

importance for real industrial modelling where the number of possible input variables can easily 

be over ten or twenty. A simple procedure for the detection of important variables is as 

follows. A network is developed which includes all of the possibly important variables. All of 

the available data points are nonnalised and used for training. The network is trained for a 

large number of epochs for a number of learning rates and momentum parameters. The 

number of processing nodes is kept as small as possible. Then the weight matrix of the 

network with the lowest final error is analysed. The sum of the weights of the connections of 

any given input variable and the hidden layer is normalised to the [0-100] range. This 

nonnalised sum value is an indication of the covariance of the network output with any given 

input variable. They are analogous to the nonnalised eigenvalues of the covariance matrix. 

This technique or other statistical methods can identify important variables, however, 

they cannot replace the need for some physical understanding of the process for the optimal 

selection of input variables. For example, in the case of roll force modelling, it is easily 

understood that the roll diameter, input thickness, and output thickness have some effects on 

the rolling forces. However, through some understanding of the process, we may group these 

variables to one single variable, reducing the number of input variables, yet developing a more 
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accurate model. This variable, also used in other models, is the Uh ratio, the ratio of projected 

arc of contact to the average of the input and output thickness. 

Based on the above technique and considering the existing roll force models, a number 

of different input variables were tried. The results of the analysis indicated that the most 

accurate roll force model is developed once the following input variables were used: strain, 

strain rate, temperature, looper tension, and Uh ratio. 

Based on previous experience with aluminium rolling force models, it was decided not 

to try two-hidden layer networks. They did not produce any better results for the same number 

of processing nodes (CPU time). The dynamic node generation technique was employed to 

decide the optimum number of the processing nodes. The results indicated that 24 processing 

nodes are able to capture the variation of the data adequately. 

The early stopping method was used to decide about the number of epochs (iterations) 

for the best results. Every other ten data point was set aside for testing and early stopping 

purpose. This method stops the iterations once the average error in the network predictions on 

the test data starts to increase with the number of iterations. 

Both logistic sigmoid and hyperbolic tangent functions were tried. The results were 

identical. The scheme explained in Chapter 4 was used for data normalising. 

7.3.4 Final Roll Force Model 

An individual backpropagation Neural Network model was developed and trained to 

learn and predict the rolling force at each of the seven stands. Upon completion of training, the 

perfonnance of these networks was tested on the testing data For confidentiality reasons, no 

numerical data regarding the perfonnance of the existing online model and Neural Network 

model is provided here. However, to appreciate the significant improvement in the prediction 

accuracy by using Neural Networks, the predicted force values for unseen slabs are plotted 
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with the measured values in Figure 7-15. For better visualisation, the same values for 50 slabs 

are plotted in the Figure 7-16. 

This level of accuracy is quite satisfactory. The model easily outperforms the existing 

online roll force model. The improvement in the roll force prediction will translate to a marked 

reduction in the strip head-end off-gauge reduction. The model can readily replace the Set-up 

Module for roll gap set-up purposes. For a better appreciation of the model perfonnance, the 

average percent difference of the Neural Network model predictions from measured values are 

compared to those of the existing roll force model for all seven stands in Figure 7-17. This 

level of accuracy is still improved further once the data is broken down to the Dofasco Inc. 

gauge families and individual models were developed for each family. This was expected, since 

the variation of some of the input variables, i.e. strain, strain rate, and Uh ratio are reduced. 

The accuracy of the roll force predictions in experimental cold and hot rolling of 

aluminium strips is not as close to the accuracy achieved here. The obvious reason is the 

significantly lower level of noise in the database ofindustrial rolling. 
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The superior perfonnance of this model demonstrates the great potential of Neural 

Network modelling for the roll force prediction applications and many other industrial 

processes. Moreover, Neural Networks provide a number of other advantages. These include: 

ease of development, adaptation and maintenance, recall speed, and ease of integration to the 

control algorithms. These benefits are briefly explained here. 

Once the technique is understood and a Neural Network simulator code is developed, 

the processes of model development, training, testing, and infonnation recall are quite routine. 

With the future development of commercial codes, it can be argued that the ease of model 

development will be one of the main advantages of Neural Network modelling technique. 

Another very important characteristic of each modelling technique is model 

maintenance and adaptability. Neural Network models rely neither on lookup tables nor do 

they need any tuning, hence are easily maintainable. Model adaptation to the new process 

conditions and new experiential knowledge is done through retraining. However, this 

retraining is quite fast as the network initialisation is not random any more. Once new data are 

added to the database, the network is retrained with the initial weights and thresholds equal to 

those of previous trained network. The training is off-line and can be done as often as needed. 

However, retraining takes some time depending on the size of the network and database. 

The Neural Network recall process is quite fast. Recall involves a one-shot non­

iterative process of propagating input values through the network to output nodes. This 

feature renders the technique suitable for online control applications. Actually most of the 

industrial research in the Neural Network field is concentrated in control applications. 

7.4 Dynamic Recrystallization Modelling 

7.4.1 Background 

The possibility and occurrence of dynamic recrystalliz.ation during hot rolling of HSLA 

strips still remains controversial. Torsion simulations presented in Chapter 6 revealed some 



Chapter 7. Neural Network Modelling 149 

softening after the second interpass time which could be attnbuted to dynamic recrystalliz.ation. 

:Mill log analysis also confirmed the results of torsion simulations in more than 80%, of the 

slabs. However, there was no softening or there was some work hardening in the rest of the 

slabs. Independent attempts were made by the author and Dofasco' s researchers to model the 

occurrence and the quantitative amount of this softening, using linear and non-linear regression 

techniques. However, none of the different forms of the regression models resulted in an R­

squared value above 0.5. Hence, it was decided to employ Neural Networks to tackle this 

modelling task. The Neural Network technique managed to model this softening with 

satisfactory accuracy. The fact that Neural Network was able to perfonn this task indicates 

that there is a definite trend and physical basis for this softening and it is not a random 

occurrence. Neural Networks cannot learn anything from a random process. The accuracy of 

the results were further improved by integration of Principal Component Analysis to Neural 

Network modelling. 

7.4.2 Mill Log Analysis and Modelling 

lv1ill logs of 3 80 slabs of steel number I with an output gauge range of less then 2. 7 mm were 

analysed. The purpose of the study was to detennine the occurrence of unaccounted softening 

during strip rolling. The average softening of all six interstand intervals for all 380 slabs were 

calculated and plotted in Figure 7-18. This trend, repeated in other gauge families, clearly 

demonstrates a significant softening in the second interpass time. 

This softening is automatically accounted for in the Finishing Set-up Module (FSU, control 

module for roll force calculations and roll gap setup), because the hardness modifiers are saved 

for each gauge range and stand. However, in the lookup table used by the FSU module there is 

only one average hardness modifier value stored for each grade and stand. If the variation of 

the softening amount is small, this scheme could be sufficiently versatile. However, it is not so 

and this interpass softening is not occurring consistently. This fact has been shown in Figure 

7-19. The average value of this softening saved in the lookup table is about 5%, however, 

there are softening in the range of -100/o to 20%. 



Chapter 7. Neural Network Modelling 150 

14 

12 

10 

8 

c., 
z - 6 z w 
Q a:: 
< 4 ::c 
I-z w 
0 2 a:: w 
0. 

0 

-2 

-4 

-6 
1 2 3 4 5 6 

STAND NUMBER 
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Figure 7-19 Inconsistent interpass softening in the second interpass time. 



Chapter 7. Neural Network Modelling 152 

This much variation has to be modelled and accounted for during mill set-up, 

otherwise there would be consequential errors in the roll force prediction. 

In the first stage of Neural Network modelling, the strain, strain rate, and temperature 

at the first two stands were chosen as network inputs. The interpass times in the first and 

second passes are linear combinations of the strains and strain rates in the first two stands, so 

they were not included in the inputs. A network with these six inputs and 16 processing nodes 

was trained to learn the variation of this interpass softening. The predictions of this network 

have been plotted along with the real softening in Figure 7--20. Careful consideration of this 

plot reveals that the Neural Network model follows the general trend of the data well. 

However, the average absolute difference between the model predictions and the real values 

was calculated to be 3.40 MPa. The amount of this softening was varied from -10 :MPa (i.e. 

hardening) to 20 MPa in this database. The arrows in the plot point to the worst predictions. 

In the next stage, the processing conditions in the third pass ( strain, strain rate, and 

temperature) were included in the inputs of the model. After training of the network with the 

same number of the processing nodes as the pervious network, the average absolute difference 

of the model predictions and real softening was reduced to 2. 73 ~a. This improvement was 

an indication of the effects of processing condition in the third pass on the interpass softening. 

The network predictions are plotted with real softening in the Figure 7--21. 
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7.4.3 Analysis of the Correlation Between Input Variables 

As discussed in Chapters 3 and 4,. the linear colinearities of input variables in any given 

database create vagueness and instability in any model developed based on this kind of 

database. In the modelling of the dynamic recrystalliz.ation it is expected that there is some 

degree of linear correlation between input variables. To verify this, the correlation matrix of 

input variables was calculated. This matrix is demonstrated in the Figure 7-22. Looking at 

this matrix, there are some strong linear correlations between some of the input variables. A 

systematic way of looking at these corre]ations is to calculate normalised eigenvalues of this 

matrix. If the relative magnitude of eigenvalues are about the same, it means that the variation 

of these inputs are independent of each other. However, if some of the eigenvalues are much 

smaller than the rest,. it means that there are some strong correlations. The eigenvalues of the 

correlation matrix of input variables are given in the Table 7-6. These nonnalised eigenvalues 

add up to 9, the number of variables. 

Table 7-6 Eigenvalues of the correlation matrix of the original variables 

Eigen I Eigen 2 Eigen 3 Eigen4 Eigen 5 Eigen 6 Eigen 7 Eigen 8 Eigen 9 

4.510 1.776 1.384 0.716 0.509 0.077 0.016 0.006 0.002 

It is observed that the first eigenvalue is one order of magnitude larger than the fifth 

eigenvalue and two orders of magnitude larger than eighth eigenvalue. This means we can 

expect some model performance improvement if these correlated inputs are decoupled through 

transfonnation into the principal component space. 



Chapter 7. Neural Network Modelling 156 

Strain Strain Temp Strain Strain Temp Strain Strain Temp 
1 Rate 1 1 2 Rate2 2 3 Rate3 3 

Strain 1 0.38 0.395 0.55 0.513 0.566 0.402 0.314 0.172 
1 

Strain 0.38 1 0.489 -0.14 0.705 0.626 0.358 0.246 0.205 
Rate 1 
Temp· 0.395 0.489 1 -0.051 0.379 0.833 0.417 0.276 0.15 

1 
Strain 0.55 -0.14 -0.051 1 0.533 0.365 0.108 0.245 0.277 

2 
~ 

Strain 0.513 0.705 0.379 0.533 1 0.805 0.367 0.396 0.415 
Rate2 
Temp 0.566 0.626 0.833 0.365 0.805 1 0.462 0.404 0.34 

2--
Strain 0.402 0.358 0.417 0.108 0.367 0.462 1 0.941 0.814 

3 
Strain 0.314 0.246 0.276 0.245 0.396 0.404 0.941 1 0.955 
Rate3 
Temp 0.172 0.205 0.15 0.277 0.415 0.34 0.814 0.955 1 

3 

Figure 7-22 Correlation matrix of the original data (nine variables) 

7.4.4 Principal Component Analysis pre-processing 

A computer code was developed to read in the original database of a process, form the 

correlation matrix, calculate eigenvalues and eigenvectors of the correlation matrix, and 

transform the original data into principal components. The details of this development is 

explained in Chapter 3. This code was integrated into the Neural Network simulator code as a 

pre-processing module and was applied to the above database for dynamic reQystalliz.ation 

modelling. 
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Considering that the eigenvalues of the correlation matrix of original variables are the 

variances of principal components, then the sum of the variations exhibited by the last three 

principal components is only 0.26% of the total variation of data (sum of the last three 

eigenvalues divided by nine). This is better understood if we look at the standardised 

covariance matrix of principal components. The code was used to form this matrix which is 

given in the Table 7-7. 

Prin. 1 Prin. 2 Prin. 3 Prin. 4 Prin. 5 Prin. 6 Prin. 7 Prln. B Prtn.9 

Prln. 1 4.510 ::0.0 =0.0 =0.0 = 0.0 :::0.0 = 0.0 ::0.0 :0.0 

Prln. 2 :0.0 1.776 =0.0 =0.0 a0.0 3:Q.O = 0.0 aO.O aO.O 

Prin. 3 = 0.0 ::0.0 1.384 ao.o aO.O :0.0 ::0.0 ::0.0 a0.0 

Prin. 4 = 0.0 aO.O =0.0 0.716 aO.O == 0.0 ::0.0 = 0.0 :0.0 

Prin. 5 ::0.0 aO.O = 0.0 =0.0 0.509 = 0.0 ::0.0 ::0.0 :0.0 

Prin. 6 aO.O aO.O = 0.0 =0.0 :0.0 0.077 = 0.0 ::0.0 ;;;0.0 

Prin. 7 :0.0 =0.0 =0.0 :::0.0 =0.0 = 0.0 0.016 aO.O ao.o 

Prin. 8 ::0.0 ::0.0 =0.0 =0.0 ::0.0 :0.0 ::0.0 0.006 ::0.0 

Prin. 9 = 0.0 ::0.0 = 0.0 = 0.0 = 0.0 1 =o.o = 0.0 = 0.0 0.002 

Table 7-7 Standardized covariance matrix ( correlation matrix) of the nine principal 

components corresponding to nine input variables. 

The diagonal elements in this matrix are variances of principal components. The first 

diagonal element is the variance of the first principal component, the second element is the 

variance of the second principal component and so on. These variances which are the 

eigenvalues of the correlation matrix of the original variables, are ordered in descending order. 

If there are strong correlations between the original variables, then the variation of the last 

principal components are small. If so, the last principal components can be ignored without 

loosing much of the variation of the data In this way, the problem can be analysed in a lower 

dimensional space. Moreover, the principal components do not have any linear correlations 

with each other. This is evident from the covariance matrix of principal component, in which 
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all of the off-diagonal elements are zero (Theoretically off-diagonal elements are zero, 

however, here they have very small values due to machine round-off errors). 

7.4.S Integration of Principal Component Analysis and Neural Networks 

Based on the values of the nine principal components above, corresponding to the nine 

original input variables, the last three principal components were ignored and only the first six 

principal components were used in the analysis. A six-input Neural Network model was 

developed and trained based not on the original variables, but on these six principal 

components. Upon completion of the training, the Neural Network learned the variation of the 

softening based on the first six principal components. The recall phase ( calculation of model 

output for any given input) changed to a two-step procedure. First, the principal components 

corresponding to the input variables of the data point under consideration were calculated. 

Then these principal components were propagated through the network to determine the 

network prediction. 

The average absolute difference between network predictions and the measured 

softening for all the I 3 O unseen test data points was calculated to be 2.17 :rvlPa This means a 

36% perfonnance improvement compared to a six-nodded network with process conditions in 

the first two stands, and a 20% improvement compared to the nine-nodded network using 

original variables. The predictions of this network is plotted along with the measured interpass 

softening in the Figure 7-23. 
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Figure 7-23 Neural Network predictions of interpass softening once the first six principal components were used. 
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This improvement in the performance compared to the nine-nodded network is solely 

attnbuted to the decoupling of the input variables. Another added benefit of this kind of data 

pre-processing prior to the Neural Network modelling is savings in CPU time. Principal 

Component Analysis is a non-iterative procedure, which takes a minimal computing time 

compared to the iterative network training procedure. Principal Component Analysis pre­

processing, through a reduction of the number of input nodes, reduces the network siz.e and 

training time significantly. Of course this is only poSSible once there are considerable linear 

correlations between input variables, which is the case for most of the industrial processes such 

as multi-stand rolling, machining, and welding. 

7.S Comparison of Neural Net Models with Statistical Models 

The results discussed in this chapter provide another case-specific comparative study of 

the Neural Network techniques versus statistical methods. The Neural Network based model 

of steel hot flow stress prediction outperfonns the statistical method in terms of both accuracy 

(mean difference of2.17% versus 2.99%) and consistency (standard deviation of 0.48 versus 

0.68). Another advantage of Neural Network modelling is ease of development, maintenance 

and recall. In hyperbolic sine function modelling the individual values of ~ Q, and ln(A) at 

each strain level should be stored and retrieved from a data bank. Handling of such data banks, 

in the cases of multidimensional processes becomes cumbersome and requires some 

computational time to search and interpolate. However, the recall mechanism of 

backpropagation networks is very fast since all that is necessary is a one-step forward 

propagation of inputs through the layers. This recall speed, along with its accuracy, renders the 

technique promising for on-line control applications. Another major advantage of neural 

network models is their easy adaptability to new data. Upon presentation of a new data point, 

the network has to be trained again.to learn this new pattern. However, the convergence to an 

acceptable solution is achieved with minimal iterations, as the previous weight matrix is used to 

initialise the network. 
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There are also some drawbacks to this technique. The network does not represent the 

knowledge in the familiar form of equation-based models. Thus, reasoning about the material 

or process behaviour and desired changes would not be as intuitive as they are in the regression 

methods. Moreover, network training relies on a comprehensive database of the given 

problem. However, the criteria to judge what constitutes the comprehensiveness of the data is 

neither well defined nor obvious. 
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8. Conclusions 

A number of conclusions may be deduced from the results of physical simulations, 

mill data analysis, applications of Neural Networks, and Principal Component Analysis. 

These conclusions are listed under the above headings and are presented in the following 

sections. 

8.1 Compression Testing 

I . The type of pre-test solution treatment of compression samples prior to reheating to 

the test temperature has a significant effect on both microstructure and mechanical 

behaviour of HSLA steel specimens. When specimens are solution treated, quenched, 

then reheated to the test temperature, it results in finer grains and much higher super­

saturation and potential for the Nb(C,N) precipitation upon reheating compared to the 

specimens which are solution treated and cooled to the test temperature. 

2. The above increased potential for precipitation also affects the recrystallization kinetics 

substantially. The recrystallization kinetics results produced from the tests with 

different pre-test solution treatments should not be mixed together. 

3. Interpass times experienced in hot strip rolling of HSLA steels are not long enough for 

complete static recrystallization. In the absence of full static recrystallization, the 

pass-to-pass strain is accumulated and can reach the critical strain for the initiation of 

dynamic recrystallization. 
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8.2 Torsion Testing 

1. Kinetics of static recrystallization during interpass times of HSLA strip rolling is not 

fast enough to relax the strain during the first passes, even in a seven stand mill which 

has lower strain per pass compared to the six or five stand mills. Strain accumulation 

leads to the nucleation of new strain-free grains during defonnation. During interpass 

times after the nucleation of new grains, kinetics of recrystallization is accelerated 

drastically. This accelerated recrystallization is due to the surpassing of the grain 

nucleation phase of the recrystallization process. 

2. The accelerated softening after dynamic formation of new grains relaxes all 

accumulated strain and softens the material. This complete relaxation translates to 

lower flow stresses in the intennediate stands of the hot strip mill. If this softening is 

not taken into account, erroneous roll force predictions will result. 

3. Once appropriate corrections have been incorporated, torsion based physical 

simulations of hot rolling processes are able to simulate the real process quite closely. 

8.3 Mill Data Analysis 

1. A portion of the errors in roll force predictions in the industrial rolling of HSLA steels is 

due to the unaccounted accelerated softening (metadynamic recrystalliz.ation) in the 

intermediate stands. The existing method of storing material flow stress characteristics in 

tenns of one single value of hardness factor for each grade at each stand is not appropriate 

for HSLA strips. 

2. The amount of this softening is between 20 :rvIPa and-IO MPa (hardening). So far, there is 

no mathematical model able to predict the amount of this softening based on process input 

variables. 

3. The existing strip rolling conditions of high Nb HSLA steels lie in the border of the domain 

of processing conditions that initiate dynamic recrystallization. If the change from one 

softening mechanism to another is not properly modelled and included in the control 

algorithm, then there would be a consequential unaccounted variation in the material flow 
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stress which will cause roll gap setup problems. This adds to the importance of such a 

model and explains why these grades are called "bad-behavedn grades. 

8.4 Artificial Neural Network Applications 

1. Artificial Neural Networks have evolved as powerful modelling techniques. They 

outperfonn statistical models of steel flow stress variation at high temperatures. Neural 

Networks are equally applicable to aluminium and other materials, as they do not rely on 

any mathematical equation derived from the material's physics. 

2. Neural Network based models for roll force predictions during strip rolling of HSLA steels 

have a significant advantage in terms of prediction accuracy over the existing roll force 

models used in the industry. Their increased accuracy can be utilised in order to minimise 

the head-end off-gauge problems, reduce the occurrence of cobbles, and increase gauge 

consistency of the rolled strips. 

3. The most advantageous applications of Neural Networks are in the modelling of those 

processes where there is no mathematical equation available to describe the input-output 

relationships. This is the case with the modelling of the amount of softening in the 

intennediate stands of hot strip rolling of HSLA steels. There is no other model available 

able to predict the amount of this softening. However, Neural Networks are able to do so 

\Vith an acceptable accuracy. 

4. Neural Network modelling is a potential candidate for the adaptive control of multi-variate 

industrial processes. It is expected that in the next millennium, Neural Network based 

control algorithms will be the dominant choice for the control systems of the industrial 

processes in general and the rolling processes in specific. 

8.5 Integration of Principal Component Analysis to Neural Nehvorb 

1. Neural Network training algorithms, similar to statistical models, are poorly behaved when 

linear correlations exist between input variables. Principal Component Analysis is an 

effective and reliable multi-variate statistical technique which can transform linearly 

correlated input variables to uncorrelated principal components space. Principal 

Component Analysis was integrated into the Neural Network training algorithm as a data 
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pre-processor. Decoupling of the data using Principal Component Analysis increases the 

prediction accuracy of Neural Network based models significantly, for a minimal 

computational cost. 
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