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Abstract The paper discusses the kinetics, mecha-

nism and modelling of the microstructural evolution of

a 15Cr–15Ni–2.2Mo–0.3Ti modified austenitic stainless

steel (alloy D9) during dynamic recrystallization

(DRX). The experimental methodology included dif-

ferent hot working operations employing industrial

equipment such as forge hammer, hydraulic press and

rolling carried out in the temperature range 1,173–

1,473 K to various strain levels. The kinetics of DRX

has been investigated employing modified Johnson–

Mehl–Avrami–Kolmogorov (JMAK) model. It has

been found that the value of Avrami exponent varies

in a close range of 1.17–1.34 which implies that D9

exhibits growth controlled DRX. Optical metallogra-

phy has revealed that nucleation of DRX grains

occurred along the prior grain boundaries by bulging

mechanism. Microstructural characterization has

shown that a significant correlation between micro-

structural features and processing parameters exists.

However, this interrelation is ambiguous and fuzzy in

nature. Therefore an artificial neural network model

has been developed to predict the microstructural

features, namely fraction of DRX and grain size, at

different processing conditions. A good correlation

between experimental findings and predicted results

has been obtained. An instantaneous microstructure,

therefore, can be designed in order to optimize the

process parameters based on microstructural evolution.

Introduction

Austenitic stainless steels have been chosen worldwide

as materials for in-core applications in fast reactors

owing to their excellent elevated temperature mechan-

ical properties, compatibility with liquid sodium and

adequate resistance to void swelling [1]. Primarily AISI

type 316 and its modifications have been used as

materials for fuel subassemblies seeing a dose of

�65 dpa (displacements per atom). However, the

severe and hostile operating conditions of commercial

fast breeder reactors would demand development of

new austenitic stainless steels with improved swelling

resistance at damage levels greater than 125 dpa. In

order to meet the requirements for the core compo-

nents of 500 MW(e) fast breeder reactor project

(PFBR) in India, a 15Cr–15Ni–2.2Mo–0.3Ti austenitic

stainless steel has been developed indigenously [2].

This conforms to ASTM A771 UNS 38660 and is

commonly referred to as alloy D9. This is a candidate

material for in-core applications as fuel cladding tube

and hexagonal subassembly wrapper.

The alloy D9 has to be processed through various

hot forming techniques like rolling, forging and extru-

sion before it is fabricated into final components.

During this processing, material undergoes shape

change as well as change in microstructure that

depends on the process history. Therefore, it is of
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paramount importance to understand the kinetics and

mechanism of microstructural evolution which, in turn,

would help to achieve the required microstructure in

the end product.

Alloy D9 undergoes dynamic recrystallization

(DRX) during hot working, as it is a low to medium

stacking fault energy material [3, 4]. The domain of

DRX in this alloy has been identified by generating

processing map [5] and is found at temperatures higher

than 1,223 K and strain rates in the range 0.01–100 s–1.

However, the kinetics and mechanism of DRX behav-

iour of this alloy is less studied and needs a detailed

physical understanding and experimental evidences.

Therefore, in the present study, kinetics and micro-

mechanism of the dynamic processes of this alloy has

been investigated by performing various industrial

scale metal forming processes such as hammer forging,

hydraulic press forging and rolling. These hot forming

operations have been carried out in a wide range of

temperatures and strains in order to understand the

complete DRX behaviour.

Finally, an attempt has been made to establish a

model for microstructural evolution of alloy D9 during

hot forming. However, it is well known fact that

microstructural evolution in hot forming has fuzzy

characteristics [6]. Therefore, it is too difficult to use a

single mathematical model to represent microstruc-

tural evolution during thermomechanical processing of

alloy D9. Artificial neural network (ANN), on the

other hand, has the inherent capability to deal with

fuzzy information, whose functional relation is not

clear. Therefore, in the present study, an ANN has

been employed to model the microstructural evolution

of alloy D9 during hot forming.

Materials and experimental

Materials

The alloy D9 used in the present investigation was

supplied by M/s. MIDHANI, Hyderabad, India, in

mill-annealed condition as 30 mm diameter rods.

Chemical composition of the alloy is given in Table 1.

The cast ingots were hot forged and hot rolled to

30 mm diameter rounds. Cold swaging operation was

performed in order to reduce the diameter of the rod

to 20 mm. The cold swaged rod was then annealed in a

vacuum furnace at 1,323 K for 1 h in order to eliminate

the work hardening effect of cold working operations

as well as to get complete recrystallized structure.

From this solution annealed rod, 30 mm height and

20 mm diameter compression specimens for forging

operation were machined. For rolling, 24 mm thick

rectangular plates were machined from the initial

30 mm hot rolled and hot forged rounds.

Hammer forging and hydraulic press forging

Hammer forging operations were carried out with a

250-kg pneumatic hammer in a single blow in the

temperature range 1,223–1,423 K in steps of 50 K.

Temperature during the operation was monitored

based on the data obtained from cooling curve, which

has been established for the present study. The mean

strain rate of the forge hammer has been measured by

high-speed photography and was found to be 100 s–1.

True strains of 0.1, 0.2, 0.3, 0.4 and 0.5 were imparted at

each temperature in order to study the effect of strain.

The specified amount of strain in each sample was

achieved in a single step. As soon as the operation was

completed, the deformed specimen was water

quenched within 2–3 s in order to freeze the deformed

microstructure.

Hydraulic press-forging tests were performed on a

250-ton triple-action hydraulic press. The operations

were carried out in the temperature range 1,223–

1,373 K in steps of 50 K and similar amount of strains

were given at each temperature as mentioned in forge

hammer operation. The calculated mean strain rate

was equal to �0.22 s–1.

Rolling

The rolling operations were performed in a 2Hi/4Hi-

instrumented laboratory rolling mill (Carl Wezel

Model No. 420/350/275). The mill was fitted with a

2Hi hot-roller set, the roller being 420 mm in width

and 350 mm in diameter. Tests were carried out in the

temperature range 1,173–1,473 K (in steps of 100 K) at

a roll speed of 16 rpm, and a true strain of 0.3 was

achieved in a single step. The mean true strain rate

during rolling was estimated using the following

equation:

Table 1 Chemical composition (in wt.%) of 15Cr–15Ni–2.2Mo–Ti modified austenitic stainless steel (alloy D9)

C Mn Si S P Cr Ni Mo Ti B Co N

0.052 1.509 0.505 0.002 0.011 15.051 15.068 2.248 0.31 0.001 0.01 0.006
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_e ¼ v
ln h0

h

� �

ffiffiffiffiffiffiffiffiffiffi
RDh
p ð1Þ

where v is the peripheral speed of the work roll =

16 rpm, R is the undeformed roll radius = 175 mm, h0

is the thickness of the plate before rolling = 24 mm, h

is the thickness of the plate after rolling = 18 mm and

Dh is = (h0 – h). The calculated mean strain rate was

found to be �2.6 s–1.

Characterization

The hot worked samples were cut along the longitu-

dinal direction and one half of the sample was taken to

prepare metallographic specimens. Metallographic

specimens were polished and etched in 10% ammo-

nium persulphate [(NH4)2S2O8] solution. The micro-

structures were examined optically in the maximum

deformation zone of the samples and grain sizes were

measured employing linear intercept method.

Hardness measurements were carried out by

Microhardness tester [HMV-2000 SHIMADZU] using

200-g load. The measurements were taken on the

maximum deformation zone of the sample. Fraction of

recrystallization (%DRX) at different working condi-

tions was calculated employing the following equation:

%DRX ¼
HCWðxÞ �HHWðxÞ

HCWðxÞ �HSA
ð2Þ

where HCW(x) denotes the hardness of the cold worked

specimen at a strain level of x percent, HHW(x) is the

hardness of the hot worked sample at same strain in a

particular working temperature at which we want to find

out the fraction of recrystallization, and HSA denotes the

hardness of solution annealed sample. To obtain HCW(x),

cold working operation of alloy D9 at various strain

levels were carried out by high strain rate compression

testing machine at room temperature. Similar approach,

as depicted in Eq. 2, have been adopted by Sakai et al. [7]

to evaluate the degree of softening in polycrystalline

nickel after hot working employing flow stress value. Liu

et al. [8] have also employed similar hardness method to

calculate the fraction of recrystallization in Al alloy.

Results and discussion

Kinetics of DRX

The Johnson–Mehl–Avrami–Kolmogorov (JMAK)

model has been widely used to describe the kinetics

of recrystallization process [9]. According to this

model, recrystallization behaviour at a given temper-

ature should follow the relationship:

Xv ¼ 1� expð�ktnÞ ð3Þ

In this equation Xv is the recrystallization fraction at

any annealing time t, k is a constant and n is the Avrami

exponent or JMAK exponent. Experimental recrystal-

lization kinetics measurements are usually compared

with the JMAK model by plotting ln(–ln(1 – Xv))

against ln(t). According to Eq. 3, this should yield a

straight line of slope equal to the exponent n.

However, this JMAK model suits better for static

recrystallization where annealing time t is available.

For dynamic recrystallization, this model in present

form could not be applied to investigate the kinetics.

This is because in case of DRX, the whole operation

finishes in a fraction of second. So time t could not be

measured with present experimental facilities.

In the present study, some modification of JMAK

model has been carried out in order to investigate the

kinetics of DRX. The t term was replaced by e, where e
is true strain. The modified JMAK model can be

expressed as follows:

Xv ¼ 1� expð�kenÞ ð4Þ

Here Xv is the fraction of DRX which has been

calculated employing Eq. 2. According to this modified

model, if Xv versus e is plotted, it should yield a

sigmoidal curve. In Fig. 1a, the plot of Xv versus e for

forge hammer operation has been drawn. From this

figure one can see that the curves are sigmoidal in

nature. At high temperatures, the curves are steeper

compare to those at low temperatures. This is because

at high temperatures, available thermal activation

energy is more, which helps the process to be

completed in shorter times. Though the trend of these

sigmoidal curves is almost consistent, a deviation can

be observed at 10% deformation level in 1,273 K

which is showing higher extent of DRX. The most

possible reason of this variation could be post dynamic

softening that may have taken place due to slight delay

in quenching. Post dynamic softening like metadynam-

ic recrystallization (MDRX) can readily takes place

with little delay in quenching and thereby increases the

volume fraction of recrystallization.

Another important observation is made in Fig. 1a is

that the recrystallization process is not completed in

1,423 K during hammer forging though it is completed

at 1,373 K. This behaviour can well be explained on the

basis of a simple model of DRX in terms of rate of
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nucleation versus rate of grain boundary migration.

Alloy D9 is a low to medium staking fault energy

(SFE) material. Therefore rate of nucleation will

dominate over grain boundary migration [10]. The

rate of nucleation can be expressed as

_N ¼ b _e
bl

� �
exp

�Q

RT

� �
ð5Þ

where b = constant, _e ¼ strain rate, b = Burgers vec-

tor, l = dislocation segment length, Q = activation

energy for diffusion, R = gas constant and T = tem-

perature. Since alloy D9 is basically a Ti modified

stainless steel, TiC precipitates are likely to take place

in the matrix during straining. These precipitates will

pin the dislocations and thereby reduces the link length

‘l’ (Eq. 5) which eventually favours DRX. TiC precip-

itates, in fact, were found to facilitate DRX in alloy D9

with Ti/C ratio of 8 where the extent of DRX was

found much higher as compared to alloy D9 with zero

Ti at identical processing conditions [11]. However, if

the processing temperature becomes too high, dissolu-

tion of these precipitates would happen; thereby the

favourable conditions of DRX offered by precipitates

will be substantially lost. In yet another study by the

authors on the effect of annealing temperatures in the

range 1,323–1,573 K on engineering properties for

alloy D9, it was found that the amount of precipitates

decreases with increasing annealing temperature [12].

From the present study, it seems 1,373 K is the

optimum processing temperature for alloy D9 where

the complicated interactions between precipitates and

processing parameters (i.e. strain, strain rate and

temperature) are just sufficient to complete the DRX

process. On the other hand, 1,423 K is a higher range

of temperature where dissolution of the TiC precipi-

tates may take place; thereby the rate of nucleation will

be lowered despite the fact that available thermal

activation energy is more as compared to 1,373 K. The

detailed investigations using electron microscopy of

these samples forms the basis of further course of

study.

The modified Avrami plot has also been drawn for

hydraulic press forging and is shown in Fig. 1b. These

curves are also sigmoidal in nature. However, the

curves for higher temperatures, i.e. 1,323 and 1,373 K

are not steep, as found in the case of forge hammer

operation. The reason could be attributed to the

lower strain rate of hydraulic press. As the strain rate

for hydraulic press is low, there is always some

temperature drop and hence the process could not be

completed even at maximum temperatures and

strains.

According to the modified JMAK model, if

ln(–ln(1 – Xv)) versus ln(e) is plotted, it should yield

parallel straight lines whose slope would be equal to

Avrami exponent n. Such relationship is plotted and is

shown in Fig. 2a, b. From these figures one can see that

the plots are straight line in nature. The straight lines are

almost parallel for both the forge hammer and hydraulic

press operations. Therefore, it can be corroborated that

modification carried out in JMAK model is well

supported by the experimental results.

The values of Avrami exponent (n) at different hot-

working operations are summarized in Table 2. As can

be seen from the table, the value of n varies in the close

range 1.17–1.34. The variation of the Avrami exponent

is associated with the transition from cyclic to single

peak DRX [13]. A large value of n (~2) is an indication

of cyclic DRX where as a low value of n (~1) conforms

to single peak DRX. Therefore, based on the value of

n, it could be suggested that alloy D9 exhibits single

peak DRX. Sivaprasad et al. [14] have also reported

single peak stress strain curve of this alloy during hot

compression. The single peak DRX is also termed as

growth controlled DRX [15] where a large number of
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Fig. 1 Effect of true strain on recrystallization kinetics at various
temperatures during (a) forge hammer and (b) hydraulic press
operation
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growing nuclei are formed and these growing nuclei

mutually inhibit grain boundary. As a result grain

growth is restricted that eventually leads to grain

refinement. In the present study, the grain refinement

mechanism is clearly manifested in microstructural

investigation (Fig. 3) as well as grain size evaluation

(Fig. 4a, b) which shows that after hot working, the

resulting microstructure is always consisted of finer

grain size as compare to starting one (starting average

grain size was 200 lm).

Mechanism of DRX

At temperature of 1,223 K and at low strain levels, the

microstructure consists of big grains (200 lm) and

lamella like straight annealing twins (Fig. 3a). The

dynamically recrystallized grains are hardly found in

the matrix. At the same temperature and at moderate

strain level, the grain boundaries become serrated in

nature (Fig. 3b) which signifies the initiation of DRX

in the deformed matrix. The curvy twin surface also

indicates the initiation of DRX. The bulging of parent

grain boundary and subsequent evolution of new DRX

grain is clearly manifested in Fig. 3c. This signifies that

nucleation of DRX takes place in the parent grain

boundary by bulging mechanism. With increasing

temperature, many DRX grains appear in the

deformed matrix and incomplete necklace structures

develop (Fig. 3d, e). At a temperature of 1,373 K and

0.3 strain level, as shown by Fig. 3f, more than half of

the deformed matrix has been consumed by new DRX

grains. Finally, at maximum temperature and strain

level, the deformed grain structures have completely

been disappeared and microstructure consisted of

small equiaxed grains with average grain size of

45 lm (Fig. 3g). It could be noticed here that the

fraction of DRX in the deformed matrix, manifested

by optical micrograph, is showing similar kind of trend

as found in Fig. 1 calculated based on hardness

measurements method. So, it could be suggested that

the hardness measurement method can be successfully

applied to calculate the recrystallization fraction.

The bulging mechanism is able to describe how the

first recrystallized grains and, correspondingly, the first

layer of new recrystallized grains around the prior

grains form. However, this mechanism could not be

accounted for the expansion of the necklace structure

through out the deformed matrix. This is because, in

course of DRX when pre-existing grain boundaries are

entirely covered by new grains (site saturation), bulg-

ing would have to proceed from the small recrystallized

grains that requires a very high boundary curvature.

This makes further nucleation by bulging unlikely,

because the very high driving force necessary to offset

the high surface tension of the bulge is not available in

hot deformed microstructure [16].

The most crucial step for nucleation of DRX in the

deformed matrix is generation of mobile grain boundary.

The mobility increases with increasing misorientations,

Table 2 Avrami exponent (n) value at different hot working
conditions in forge hammer and hydraulic press operation

Hot working temperature (K) Avrami exponent value (n)

Forge hammer Hydraulic press

1223 1.27 1.26
1273 1.30 1.18
1323 1.30 1.20
1373 1.34 1.17
1423 1.30 –

2.2 2.4 2.6 2.8 3.0 3.2 3.4 3.6 3.8 4.0
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-1.0
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0.5

1.0

X-1(nl-(nl
V
)

ln(ε)

 1223K
 1273K
 1323K
 1373K
 1423K
 Best linear fit 

2.2 2.4 2.6 2.8 3.0 3.2 3.4 3.6 3.8 4.0
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V
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(a)

(b)

Fig. 2 Modified JMAK plot of recrystallization kinetics at
various temperatures in (a) forge hammer and (b) hydraulic
press operation
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but a 10–15� misorientation is commonly assumed to be

necessary. From the orientation image microscopy

(OIM) map (Fig. 5) and corresponding misorientation

distribution plot (Fig. 6), it has been seen that relative

frequency of misorientations in excess of 10� were

significantly low. On the other hand an appreciable

amount of large misorientations (>55�) are observed in

the matrix which could be accounted for twin boundaries

[17, 18]. The substantial amounts of twins are also

observed in optical micrograph. From the electron back

scattered diffraction studies (EBSD), it has been

observed that no significant texture component has been

developed in the recrystallized volume. As can be seen

from Fig. 7, the major texture component is only 4·
random for {100}. This moderation of texture could be

attributed to the repeated twining in the deformed

matrix. Twining results in the formation of new grains

with 60�, 180� or 300� rotated orientation around Æ111æ
axis with the parent grains. As all the directions except

the direction of rotation axis are changed by the rotation

operation, this means that no significant texture sharp-

ening is expected unless the stable orientation of defor-

mation is {111} [19]. However, the main component of

texture developed in fcc metals is not {111}, but {011} [20,

21]. Furthermore, twin boundaries will constrain the

orientations of the grain so that the texture will be

reduced. Gottstein [22] has also reported that multiple

twining results in moderation of texture in the matrix. So,

from the present observations, it seems twin may play an

important role during the nucleation and subsequent

expansion of DRX in alloy D9, which in turn moderate

the texture in the recrystallized matrix. The twining has

also been identified as an active nucleation mechanism of

DRX in alloy 800H (austenitic stainless steel) to promote

Fig. 3 Optical micrograph of
alloy D9 (a) forge hammer:
T = 1,223 K, e = 0.07; (b)
hydraulic press: T = 1,223 K,
e = 0.21; (c) forge hammer:
T = 1,223 K, e = 0.28; (d)
hydraulic press: T = 1,273 K,
e = 0.27; (e) forge hammer:
T = 1,273 K, e = 0.28; (f)
rolling: T = 1,373 K, e = 0.3;
and (g) forge hammer:
T = 1,423 K, e = 0.46
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the expansion of the recrystallization front in course of

DRX [23].

Grain size

As can be seen from the micrographs (Fig. 3), grain

size evolution during DRX is complex in nature. When

the extent of DRX is negligible (Fig. 3a), micrograph

shows a single peak distribution of parent grains.

However, at a higher extent of DRX, a clear bimodal

distribution of grains can be observed (Fig. 3b–f).

Some of these grains are equiaxed in nature while the

others are elongated parent grains. Finally, again a

single peak distribution of new equiaxed dynamically

recrystallized grains are observed when the DRX

process is almost completed (Fig. 3g). It is, therefore,

clear that grain size distributions and aspect ratios are

required in order to truly represent the DRX grains.

However, this necessitates to include more input

neurons in the neural network which would result in

increased number of connection weights in the model.

This would require more experimental data than that

was considered in the present study. Therefore, we

have considered the average grain size (along with the

fraction of DRX) for the model with out losing

relevant information about the developed microstruc-

ture.

Microstructural variables

From the DRX kinetics depicted in Fig. 1 as well as

microstructural pattern illustrated in Fig. 3, it is

evident that fraction of DRX increases with increase

of temperature and strain. At the same time, strain rate

Fig. 5 Orientation image microscopy (OIM) map of the forge
hammered sample hot worked at 1,273 K temperature with 0.2
strain
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Fig. 6 Misorientation distribution plot of forge hammered
sample hot worked at 1,273 K temperature with 0.2 strain
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press operation
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is also playing a significant role to generate DRX

volume in the product microstructure. The variation of

average grain size with temperature, strain and strain

rate is demonstrated in Fig. 4a, b. It could be seen that

average grain size decreases with increase of strain and

temperature.

So it could be suggested that a significant correlation

between the process parameters and product micro-

structure exists. However, this interrelation is ambig-

uous and fuzzy in nature. Therefore, instead of

conventional mathematical model, an ANN based

model is employed to model the microstructural

evolution of D9 alloy during hot forming. The input

parameters of this model are strain, strain rate and

temperature while microstructural features like frac-

tion of DRX and grain size are obtained as output.

ANN model for microstructural evolution

In this study, a multilayer perceptron (MLP) based

feed-forward ANN has been used since multilayer

network has greater representational power for dealing

with highly non-linear, strongly coupled, multivariable

system [24]. One hidden layer is found adequate for

present study. A logistic sigmoid function, presented

by Eq. 6, is employed as the activation function; the

learning is based on gradient descent algorithm and

hence requires the activation function to be differen-

tiable:

f ðxÞ ¼ 1

1þ expð�xÞ ð6Þ

The MLP based feed-forward ANN is generally

trained with back-propagation (BP) algorithm. In BP

algorithm, the error between target output and the

network output is calculated and this will be back

propagated using the steepest descent or gradient

descent approach. The network weights are adjusted

by moving a small step in the direction of negative

gradient of error surface during each iteration. The

iterations are repeated until a specified convergence is

reached. The convergence criterion for the network is

determined by the average root-mean-square (RMS)

error between the desired and predicted output values:

ERMS ¼
1

N

XN

i¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

p

Xp

j¼1

ðdji � yjiÞ

vuut ð7Þ

where ERMS is the average root-mean-square, N the

number of training or testing data, p the number of

variables in the output, and dj(n) and yj(n) are the target

output and network output for neuron j respectively.

Though BP algorithm is being widely used, it has

some inherent demerits. The BP algorithm uses an

instantaneous estimate for the gradient of error surface

in weight space. The algorithm is therefore stochastic

in nature; that is, it has a tendency to zigzag its way

about the true direction to a minimum on the error

surface. Indeed, BP learning is an application of a

statistical method known as stochastic approximation.

Consequently, it tends to converge slowly and

hence the back propagation networks with updated

algorithms are used in the present study. The algo-

rithms used are Resilient propagation (Rprop) and

superSAB. A little description of the working of

resilient propagation and superSAB algorithms is given

below.

Rprop

Rprop is an effective learning algorithm that is based

on direct adaptation of the weight step based on local

gradient information. It does not consider, different

from standard BP, the harmful influence of the

absolute value of the partial derivative for the calcu-

lation of weight changes, but only the sign of the

derivative to indicate the direction of weight update. If

the derivative is positive (increasing error), the weight

is decreased by its update value. On the other hand, if

the derivative is negative, the update value is added.

The algorithm can be mathematically expressed as

follow [25]:

Fig. 7 Pole figure of forge
hammered sample hot
worked at 1,273 K
temperature with 0.2 strain
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>>>>><
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where E(n) is the instantaneous value of total error

energy; Eav is the average error energy; wji is the

connection weight value, n denotes the number of

iterations and 0 < g– < 1 < g+.

As can be seen from the Eq. 8, the size of weight

change is solely determined by the weight specific

update value Dji(n). Each time the partial derivative of

the corresponding weight wji changes it sign, the Dji(n)

is decreased by a factor g– (Eq. 9), since it is indicated

that the last update was too large and the algorithm

jumped over a local minimum. On the other hand, if

the derivative retains its sign, the update value is

slightly increased by the factor g+ in order to accelerate

the convergence in shallow regions.

SuperSAB

The super self-adjusting back-propagation (superSAB)

algorithm is based on the idea of sign-dependant

learning rate adaptation. The basic of the function is to

change the learning rate exponentially instead of

linearly. This is done in order to take the wide range

of temporarily suited learning rates into account [26].

In case of a change in sign of two successive

derivatives, the previous weight is reversed. SuperSAB

algorithm is considered to be fast convergence algo-

rithm. It has been shown that superSAB converges

orders of magnitude faster than the original back

propagation algorithm, and is only slightly instable [27].

Predictability of model

The salient features of the model for fraction of DRX

prediction is depicted in Table 3. The optimum struc-

ture is constructed by varying the number of hidden

neurons from 1 to 20 and subsequently the network

with minimum RMS error is said to be adequate for the

present problem. It can be seen from the Table 3 that

best outcome is obtained when the network is trained

with Rprop learning algorithm. The corresponding

correlation coefficient (R) for test dataset is found to

be 0.984 (Fig. 8) which reflect that network can predict

the fraction of DRX with good accuracy and reliability.

The details of the model for grain size prediction

have been summarized in Table 4. The results show

that better performance is obtained when superSAB

learning algorithm is employed. The predictability of

the network is shown in the form of linear regression

between the experimental data and corresponding

predicted result for the test dataset (Fig. 9). It can be

seen that experimental data tracks well with the

predicted one. The deviation in correlation is about

5% and is shown by error bar. It can be observed that

the prediction is quite accurate for the lower grain size

range which corresponds to complete recrystallization

(single peak distribution). A slight underestimation can

be observed for the higher grain size which also

corresponds to single peak distribution of parent

grains. However, for the grain sizes in the range

Table 3 The salient features of the model for fraction of DRX
prediction in alloy D9

Learning
algorithm

Number of
hidden
neurons

RMS test
error (%)

Correlation
coefficient
(R)

Number
of
iterations

Rprop 12 4.31 0.984 400
SuperSAB 9 4.82 0.975 2400

20 40 60 80 100
20

40

60

80

100

Test data

R=0.984

)
%(

X
R

D
detcider

P

Experimental DRX(%)

 Fration of DRX
 Linear fit

Fig. 8 Correlation between experimental and predicted test data
for %DRX prediction employing Rprop learning algorithm
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80–100 lm, the deviation in prediction is significant.

This may be due to the bimodal distribution of grains

in this range as discussed earlier. However, this

magnitude of the error in prediction, in fact, is less

than the error that normally arises during grain size

measurement as shown by error bar (one sigma

confidence limit) in Fig. 4a, b. So the developed model

can be applied for grain size prediction with reasonable

accuracy.

From the above discussions, it could be suggested

that both Rprop and superSAB algorithm can effi-

ciently predict the microstructural features with rea-

sonable accuracy and reliability. However, it has been

found that Rprop required less number of iterations

(Tables 3 and 4) and therefore is a faster convergence

(~6 times faster) algorithm compare to superSAB.

Sensitivity analysis

It is often said that ANN is a ‘‘black box’’ because they

are believed to provide very little explanatory insight

into the relative contributions of input variables in the

prediction processes. Recently a lot of work is being

carried out to illuminate this black box [28, 29]. In this

present study also, relative importance of the input

variables is determined employing Garson’s algorithm

[30]. The method essentially involves partitioning the

hidden-output connection weights into components

associated with each input neuron using absolute

values of connection weights. The relative importance

of individual parameters for fraction of DRX and grain

size prediction is depicted in Table 5. The results show

that strain is the most significant parameter for

dynamic recrystallization while both strain and strain

rate contribute substantially for grain size. In fact, the

effect of strain on fraction of DRX and grain size is

well manifested in Figs. 1 and 4.

Conclusions

Based on the present investigation, the following

conclusions can be drawn:

• The kinetics of DRX in alloy D9 have been studied

using modified JMAK model represented by the

equation: Xv = 1 – exp(–ken). The experimental

recrystallization kinetics measurements of alloy

D9 have been found to agree with the modified

JMAK model.

• The value of Avrami exponent closely varies

between 1.17 and 1.34 which signifies that alloy

D9 exhibits growth controlled DRX.

• The microstructural study shows that nucleation of

new grains during DRX takes place on the parent

grain boundary by bulging mechanism.

• No significant texture component has been devel-

oped in the recrystallized matrix as revealed by

EBSD. This may be attributed to twin boundaries

that constrain the orientation of the grains and

thereby reduce the texture. A substantial amount of

twin has also been identified in DRX matrix by

optical micrograph and OIM. Therefore, it seems

twins may play an important role during the

nucleation and subsequent expansion of DRX in

alloy D9, which in turn moderate the texture in the

recrystallized matrix.

• A significant correlation between microstructural

features and process parameters has been found.

However, this interrelation is ambiguous and hence

fuzzy in nature.

60 80 100 120 140 160 180

60

80

100

120

140

160

180

Test data

R = 0.952

)norci
m(

ezis
niar

G
detcider

P

Experimental Grain size (micron)

 Grain size
 Linear fit

Fig. 9 Correlation between experimental and predicted test data
for grain size prediction employing superSAB learning algorithm

Table 5 Relative importance (%) of input parameters based on
Garson’s algorithm

Predicted
parameter

Temperature
(%)

Strain
(%)

Strain rate
(%)

%DRX 26.70 47.26 26.04
Grain size 19.65 38.26 42.09

Table 4 The salient features of the model for grain size pre-
diction in alloy D9

Learning
algorithm

Number of
hidden
neurons

RMS test
error (%)

Correlation
coefficient
(R)

Number
of
iterations

Rprop 8 7.31 0.945 500
SuperSAB 10 7.36 0.952 2700
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• A model for the microstructural evolution, includ-

ing the fraction of DRX and grain size, has been

established employing ANN. Instead of standard

BP algorithm, the network has been trained with

two upgraded algorithm viz. Rprop and superSAB.

Both the algorithm can predict the microstructural

features with reasonable accuracy and reliability.

However, Rprop is found to be a faster conver-

gence algorithm compare to superSAB.

• An instantaneous microstructure can be designed

from the developed model in order to optimize the

process parameters based on microstructural evo-

lution.
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