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In this study, a new method is developed to predict an accurate convective heat transfer coefficient (HTC) during quenching of large size steel blocks, using a combination of 3D Finite
Element (FEM) simulations and a progressive artificial neural network (ANN).
The HTC profile of the first inputs used for FEM simulations were acquired from the literature
to calculate the cooling temperature profiles at specific locations. The training of the ANN was set
up between HTCs and their corresponding FEM-calculated temperature. Experimental validation
was carried out by instrumenting a large size forged steel block during the quench process. The
experimental cooling curves were used for validation of the FEM simulation, as well as for the
prediction of new HTCs by simulating the ANN. Results show that the proposed method provides
progressively more accurate predictions than the existing ones reported in the literature.
A mean absolute percentage error (MAPE) of 1.47% was found between experimental and
calculated cooling curves for the predicted HTC, further demonstrating a better prediction ability
of the proposed method.

1. Introduction
Medium carbon low alloy steels are commonly used as die materials for plastic injection molds in the automotive industry [1]. The
manufacturing process consists of ingots casting, open die forging, and finally, quench and temper operations [2]. Uniform hardness
and grain size, along with a bainitic microstructure, are among the most important characteristics required by the industry for these
steels. These characteristics are mostly dependent on the efficiency of quenching and temper operations [3,4]. Large size forging
ingots must be produced in order to respond to demand by the automotive and trucking industries for the manufacture of large size
plastic injection molded components [1]. However achieving a uniform hardness, microstructure and grain size through the thickness
of a large size forged blocks during quenching and tempering is a very challenging task [4,5].
The challenge is mainly due to the formation of a significant thermal gradient between the surface and the center, associated with
the large size of the block. Each point along the block is associated with a specific cooling profile, which in turn, is able to trigger a
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Nomenclature
a
Bs
bj , bk
Cp
H
ei , ei x
f
f
h, HTC
hr

hc

[HTC ]k × m
HTC x

HTC ANNp
HTCn
L
Ms
n, ni
P
Q
R

t
T
Ts
Tf
[T ]i × m
Tn
T exp
Tx

Activation function
Bainite transformation start temperature (in °C)
Bias of the neuron j , k
Specific heat (J.kg−1. K−1)
Enthalpy of phase transformation (J.kg−1)
Absolute percentage error at time ti
Volume fraction of each phase
Volume fraction of the phase
Heat transfer coefficient (W.m−2. K−1)
Heat transfer coefficient due to radiation (W.m−2.
K−1)
Heat transfer coefficient due to convection
(W.m−2. K−1)
Heat transfer coefficient matrix with k lines and m
columns
HTC column vector, where x is the column position of a matrix
HTC predicted by ANN, where p is the number of
predictions
Normalized Heat transfer coefficient
Characteristic length (m)
Martensite transformation start temperature (in
°C)
Exponent of JMAK equation at time ti
Thermo-physical property of the phase
Internal heat source due to latent heat
Correlation coefficient

i

ti*
uj
wji, wkj

Time (s)
Temperature (in °C)
Temperature at the surface (in °C)
Temperature of fluid near to the surface (in °C)
Temperature matrix with i lines and m columns
Normalized temperature
Temperature measured by thermocouple (°C)
Temperature calculated by FEM, where x is the
column position of a matrix
Time step (s)
Fictitious time (s)
Output value of the neuron j
weight matrices

Greek symbols

,

i

Constant of Marburger equation
Volume domain used for simulation
Surface domain used for simulation
Stefan-Boltzmann constant, σ = 5.670367 × 10−8
W.m−2. K−4
Constant of JMAK model,
Denotes the present phase (i.e austenite, bainite,
B or martensite, M).
Thermal conductivity (W.m−1. K−1)
Density (kg. m−3)
Emissivity of oxidized steel
Value criteria for the MAPE convergence

precise sequence of phase transformations from austenite to different products, such as martensite, bainite, pearlite or ferrite, depending on the steel composition. As a result, the phase mixture may vary from one point to another, and consequently, the mechanical properties of the material (Hardness, Yield and Ultimate Tensile Strength) are expected to vary from the surface to the core.
High residual stresses are then generated in the block to balance the heterogeneity caused by the thermal gradient and non-uniform
phase transformations. These stresses induce distortions that could even initiate cracks in severe cases [6,7]. It is therefore very
important to understand and quantify the impact of various quenching parameters on the evolution of hardness, residual stresses and
metallurgical structure [8].
Nevertheless, the traditional trial and error method is questionable, given the variability of the products (dimensions, steel
composition, property requirements) and quenching conditions (austenitization temperature, quenching bath temperature, bath
turbulence, positioning in the bath, etc.). Therefore, the quantification of quenching process parameters at industrial levels requires
the development of reliable simulation tools that would integrate the coupling between thermal, metallurgical, and mechanical fields
during the quench process [9].
The most important process parameter that influences the quench severity is the heat transfer coefficient (HTC), which estimates
the heat extraction rate at the surface. An inaccurate estimation of HTC may lead to significant uncertainties in microstructure
prediction or residual stress levels after quenching [9], due to the strong interactions between the temperature, microstructure, and
mechanical properties. Similarly, an accurate determination of the material properties for each phase (i.e., austenite, bainite, martensite, etc.) at different temperatures is necessary, but very challenging and time consuming [10]. Generally, a constant HTC and
material properties that are only temperature-dependent (i.e., that do not consider the influence of steel composition) are most
commonly used [11–14]. HTC is often formulated as surface temperature-dependent in describing the wetting phases during water
quenching (i.e., vapor blanket, boiling, convection) [15,16]. Although such simplifications may be reasonable when small parts are
studied [17–20], their application to large size components may lead to significant inaccuracies in temperature prediction inside the
block [10]. However, little data is available in the case of large size forged blocks, and most results that have been obtained are based
on simulations with limited or no experimental validation during the quench process.
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Several techniques and methods are used for HTC estimation during quenching. For instance, in small specimens, characterized by
hL
low Biot numbers (Bi =
< 0.1), it is usually assumed that the excitation due to the quench medium provides a uniform thermal
field in the entire volume of the part (i.e., the surface and core react similarly) [15,21]. For this reason, the lumped capacitance model
has been considered as a direct method for HTC calculation. The above assumption, however, is not applicable when quenching large
size blocks which are characterized by non-uniform thermal fields. Attempts have been made to use a modified lumped capacitance
method to estimate the HTC of large size shafts; however, significant differences between the experimental and simulated temperature profiles were observed [22].
Inverse thermal analysis has usually been considered as a suitable approach to determine HTC during cooling. In this procedure,
the link between HTC and the calculated temperature could be established by several techniques such as finite difference, finite
element or analytical methods. HTC is estimated indirectly during quenching by considering an optimization process in which the
temperature cost function (sum of squared errors) between the calculated temperature and the measured one must be minimized
[23]. However, the application of the inverse method in the determination of HTC in the case of cooling has been limited to medium
size or axi-symmetrical 2D models, mostly due to the associated computational costs [20,24]. Publications on the application of 3D
FEM combined with inverse methods in HTC determination are very limited, and often do not consider the effect of phase transformations [20,25,26].
In this investigation, a new methodology for the accurate determination of HTC during quenching of a large size steel block is
presented. The methodology is based on the design of a progressive neural network between pre-existing HTC data and their corresponding calculated cooling curves using 3D FEM simulations in specific locations inside the block. A step-by-step approach was
used to determine the most accurate estimation of HTC by minimizing errors between simulations and experimental measurements.
The validity of the proposed model was assessed through the instrumentation of a large size ingot and temperature measurements
during the quench process.
2. Coupled fields in numerical modeling of the quenching process
Steel quenching is a complex multi-physics problem during which, driven by heat transfer, phase transformations and mechanical
interactions simultaneously takes place inside the material [27]. The occurrence of phase transformation in steel, from austenite to
martensite, bainite, or pearlite, releases a significant amount of heat (latent heat) that must be taken into account [12]. However, the
presence of significant thermal gradients during water quenching, particularly in the case of large size ingots, results in a variety of
phase transformations (i.e., different amount of latent heats) at different locations of the ingot. Therefore, a metallurgical constitutive
model is needed to predict the generated latent heat as an internal heat source during phase transformation. The final stress state of
the part must therefore also incorporate the contribution from phase transformation in addition to that from the thermal gradient.
Fig. 1 shows schematically the coupling between the temperature, stress and phase transformation that occurs during the steel
quenching process.

Fig. 1. Coupling between thermal, mechanical and microstructural fields in quench modeling.

The current quench problem was modeled by FEM using the quench module of Forge® NxT 1.1 software [28]. The code takes into
account the coupling between thermal, metallurgical and mechanical phenomena, as described in Fig. 1. In the present study, only
the coupling between the thermal and metallurgical fields were considered, as the focus of the paper is on the determination of an
accurate HTC, and not on the generation of residual stresses. The constitutive equations used to solve thermal and phase transformation models are detailed in sections 2.1 and 2.2. It should be noted that the heat generation resulting from the plastic deformation
due to quenching is not considered in the present numerical model due to its relatively minor effect on the overall heat balance of the
large size ingot [27].
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2.1. The thermal model
The thermal field could be modeled using the Fourier heat conduction equation of the transient problem as follows [29]:

T
= div (
t

Cp

T) + Q

(1)

with ,Cp and density being the specific heat and thermal conductivity, respectively, and where Q is the internal heat source due to
the latent heat released after decomposition of the volume fraction of austenite ( f ) to another -phase ( represents austenite ( ),
bainite (B) or martensite (M)).
This heat could be expressed as:

Q =

.

H .f

= .

df
dt

H .

(2)

The boundary conditions used for Eq. (1) are:
(3)

T (x , y, z , t = 0) = T (x , y , z ) ; (x , y , z )
where
T (x , y , z , t = 0) is the initial temperature of the block before quenching,
and

T
= q; (x , y , z )
n

(4)

The term q is related to the heat transfer mechanism (e.g., convective, radiation) that governs the energy flow.
At the cooling stage, the total HTC describes the sum of the convective and radiative heat transfer coefficients at the surface of the
workpiece [21]. Thus, Eq. (4) can be written as:

T
= HTC (Ts
n

Tf ) =

(hc (T ) + hr (T ))(Ts

Tf )

(5)

where
(6)

hr (T ) = . . (Ts 2 + Tf 2)(Ts + Tf )

The HTC used in this study was applied on all the surfaces of the block as a boundary condition. Details regarding the HTC values
are provided in sections 3.4 and 4.2, respectively. The emissivity of steel was set to = 0.8, corresponding to an oxidized surface of a
carbon steel during austenitization [1].
2.2. The phase transformation model
Water quenching of the large size steel block introduces a significant range of cooling rates between the surface and the core [30].
As a result, a gradient of microstructure from full martensite to full bainite is formed in the investigated large size forged ingots, as
previously reported experimentally [31]. Thus, a thermo-physical property, P of the material, such as the thermal conductivity,
density and specific heat during the quenching process, change as a function of the volume fraction, f and the thermo-physical
property, p of each individual phase .
The additivity rule is generally used to quantify the contribution of each phase to different thermo-physical properties of the
material at temperature T [32,33]:

P=

P f

(7)

In case of phase transformation under isothermal conditions, the calculation of the decomposed volume fraction of austenite is
described by the John-Mehl-Avrami equation, considering the diffusion phenomenon [29]:

f=1

exp {

(8)

t n}

In the present analysis, the nucleation and growth of a new phase during quenching occurs under non-isothermal conditions.
Phase transformation during continuous cooling was divided into the sum of a finite number of isothermal steps using the Scheil's
additivity rule [34]:

t
i (T )

=1

(9)

Two variables, fictitious time, ti*, and fictitious volume fraction of transformed phase, fi*, were used to obtain the real transformed
fraction of each phase. They are represented by the following equations:

ti* =

ln (1 fi 1 )

1/ ni

(10)

i
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ti* represents the total time required at temperature Ti to form a volume fraction of the new phase equivalent to the summative
quantities of the transformed phases until Ti .
The time interval, t, at each temperature step is:
ti =

(11)

t + ti*

Therefore,the amount of fictitious the transformed phase is given by:

fi* = 1

exp {

i

(ti* +

t )ni}

(12)

Hence, the real transformed fraction at the end of each time step is defined by:

fi = fi* (fi

1

(13)

+ fi 1 ) fmax

where fmax is the maximum possible amount of the new fraction, and fi 1 and fi 1 are respectively the untransformed austenite and
new phase transformed fraction at the time step i 1.
For martensitic transformation, the Koistinen-Marburger equation was employed in the numerical modeling as follows [29]:

fM = 1

exp {

(14)

(T Ms )}

3. Material and methods
3.1. Experimental setup and procedures
The instrumentation of the forged block and the quench bath followed specific procedures to ensure that the experimental
conditions are consistent with the simulation conditions, as described below:
3.1.1. Block Instrumentation
A large size block measuring 2566 × 1220 × 508 mm3 was austenitized at 871 °C in a gas-fired furnace and then quenched and
maintained in agitating water at 20 °C for 2.5 h. The forging and quenching processes were conducted at Finkl Steel-Sorel Forge,
Sorel, Quebec, Canada. Cooling curves were obtained during the quenching process by embedding two K-type thermocouples (TC1 &
TC2). The standard error associated to the thermocouples measurement in the experienced range of temperature was estimated to
be ± 0.75%.
The chemical composition of the forged medium carbon low alloy steel ingot used in the present investigation was provided in
Table 2.
Fig. 2 illustrates the size of the block and the positions of TC1 and TC2 and their corresponding sensors in the FEM model.
The data extracted from the thermocouples were implemented in the ANN model to predict HTC and study the effectiveness of the
FEM simulation. Details regarding the progressive ANN will be presented in section 3.5.

Fig. 2. Geometry of the quenched block, position of the thermocouples, meshing and the tetrahedral elements used for FEM simulation.
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3.1.2. Quench bath Instrumentation
The quench bath was equipped with pumps to maintain constant water contact by providing high recirculation over the block
(forced convection). To assess the interfacial heat transfer between the block and the quenchant, two supplementary thermocouples
were used to record the evolution of the inlet and the outlet water temperatures in the quench bath. TMean was the average temperature between the inlet and outlet thermocouples, which was used as an input temperature, Tf in FEM simulations. Table 1 shows
the evolution of the inlet, outlet and the calculated mean temperature, which represents the medium temperature.
Table 1
Evolution of the quench bath temperature during the process.
Time (s)

0

300

600

900

1200

1800

3300

4500

5700

7200

9300

TInlet (°C)
TOutlet (°C)
TMean =Tf (°C)

20
38.4
29.2

20
46.8
33.4

20
49.7
34.8

20
50.8
35.4

20
51.0
35.5

20
50.1
35.0

20
44.9
32.4

20
39.8
29.9

20
36.0
28.0

20
34.2
27.1

20
32.6
26.3

3.2. Material data set
3.2.1. TTT/CCT diagrams
Time-Temperature-Transformation (TTT) and Continuous-Cooling-Transformation (CCT) diagrams provide critical information
with regard to phase transformation occurring under isothermal (TTT) or non-isothermal (CCT) conditions [30] which are used as
input data in the simulation of the quenching process [35–37]. In the present investigation, JMatPro® software [33] was utilized for
the generation of the TTT and CCT diagrams of the investigated steel. It should be noted that such an approach has successfully been
used in the case of highly alloyed steel [38]. However, for further validation, the predicted CCT diagram was compared with the one
previously determined experimentally by some of the authors in this work [39], and the results are reported in Fig. 3.
It can be seen that there is good agreement, particularly for BS and MS between the experimentally observed CCT diagram and the
calculated one. The above comparison confirms the reliability of the calculated TTT by JMatPro®, which will be used as input for the
FEM analysis.

Fig. 3. Comparison between experimental CCT determined from [39] and the simulated one using JMatPro®.
Table 2
Typical chemical analysis of the investigated steel - % weight.
C

Mn

Si

Ni

Cr

Mo

Other

0.33

1.00

0.40

0.50

1.85

0.50

Micro-alloying

3.2.2. Thermo-physical properties
A combination of data from the literature and JMatPro® was also used for estimating the thermo-physical properties. This approach has already been used by several other authors [33,40,41], and is considered accurate enough over the temperature range of
interest that covers the quench process, especially for thermal conductivity (T ), specific heat Cp (T ) and density (T ). The latent heat
released during martensitic transformation was also calculated by JMatPro®, and considered equal to that corresponding to bainitic
transformation ( H B = H M ) based on Piekarska's studies [42,43].
6
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3.3. FEM model specifications
Initially, the 3D model of the workpiece was built using Catia V5R21 software. The symmetrical shape of the block allowed the
use of one eighth (1/8) of the model. The model was then imported into Forge® NxT 1.1 code for meshing. The P1 + /P1 linear
tetrahedral mesh elements with four integration points, for the temperature-pressure was implemented to discretize the 3D model.
The independence of the grid was tested by varying progressively the grid size until reaching an optimized number of nodes (18,210)
and elements (86,664) that ensure both precision and convergence in an acceptable calculation time. Fig. 2 shows the 3D FEM model
and the mesh type used for the simulations. It should be noted that the time step during the FEM simulations was controlled
automatically by the software using implicit schemes (Crank Nicolson's scheme for initialization, followed by Dupont's scheme) [34].
The above approaches allowed a better stability of the calculation and reduced the impact of temperature oscillations due to thermal
shock during quenching, as detailed in [34,44].
Table 3 below summarizes all the inputs used for FEM simulations.

Table 3
FEM Simulation input parameters.
Material parameters

Process parameters

TTT/CCT: Acquired from JMatPro® (Calibrated with experimental data in
Fig. 3)
Thermo-physical properties:
(T ), (T ), Cp (T ) ( JMatPro®)

Geometry: 2566 × 1220 × 508 mm3 using one-eighth (1/8) symmetrical
model (Fig. 2)
Initial temperature = 871 °C
(Austenitization temperature)

Latent heat (JMatPro®)

HB = H M
The emissivity of steel:

The medium temperature: averaged from experimental measurement
(Table 1)

= 0.8

HTC1
HTC

5:

acquired from the literature (Fig. 4(b))

ANN1 6 :

acquired from ANN predictions (Fig. 6)

3.4. Neural network specifications
In order to optimize the HTC parameter related to the quenching process of the large size steel block, an ANN approach was
implemented under MATLAB using the Neural Network ToolBox [45]. The structure of the network, the activation function and the
learning algorithm are the main requirements which should be implemented in an ANN.
The output data of the ANN were digitized from five HTC profiles reported in the literature in the works of Li, H. et al. (2008) on
quenching of a steel similar to that investigated in the present study [20]. As shown in Fig. 4(b), the data were chosen, to cover the
largest possible range of HTC fluctuations in order to allow a better training of the data, thereby increasing the accuracy and
reliability of the predictions.
On the other hand, each HTC pattern was introduced as a boundary condition in the FEM code to calculate the temperature
evolution for each 300 s time interval during the total quenching time (9300 s) of the block. In particular, the temperature profile Ti at
TC1 for each time step was considered as an input for the ANN (Fig. 4(a)).
To present the dimensionless temperature and heat transfer coefficient, the input and the output samples were automatically
normalized by MATLAB between -1 and 1 using the following equations:

Tn =

2(T
(Tmax

HTCn =

Tmin)
1
Tmin)

2(HTC
(HTCmax

HTCmin )
HTCmin)

(15)

1

(16)

A back-propagation (BP) learning algorithm, between HTCk data and Ti data simulated by FEM at TC1, was selected for data
training, as can be seen in Fig. 4(c). One hidden layer was set in ANN architecture with eight neurons, which, after several trials,
proved to be efficient for training.
The weights wji, wkj and the bias bj , bk of the neural network indicate how the network alters the association of the neurons.
At the level of the hidden layer, the above variables generate a trigger value uj toward the node j [46], using the following
equation:
N

uj =

wji. Ti + bj

(17)

i=1

In this work, the use of the hyperbolic tangent as an activation function for hidden and output layers provided better performances. The “tansig” transfer function at the output of the hidden layer is given by:

a (uj ) =

e uj e
e uj + e

uj

(18)

uj
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Fig. 4. (a) Predicted cooling curves (solid lines) obtained by FEM using HTC1–5 and experimental temperature profile (dotted lines) recorded by the
thermocouple located in the near surface (TC1). (b) HTCs digitalized from the works of [20] used as output for ANN training. (c) Schematic of the
back-propagation ANN training used in the present study.

The activation function is also applied to each node of the output layer by the following equation:
nh

HTCk = a

wkj . a (uj )+bk

(19)

j=1

The Levenberg-Marquardt algorithm (TRAINLM), which is known to be a fast converging algorithm and one that has already been
used for calculating HTC, was selected for [47,48] training. The training of the ANN network was considered efficient when a
correlation coefficient above 0.95 was obtained (R 0.95). A script was written in MATLAB, in order to maintain an automatic
training until the required value of R was achieved.
The correlation coefficient during training, validation and testing was defined as follows:

R =

No
1

(HTCktarget HTCktarget )
No
1

2

(HTCktarget ) .

No
(HTCkoutput HTCkoutput )
1
No
(HTCkoutput )2
1

(20)

The experimental cooling temperature T
recorded at TC1 was used for the simulation of the network after being trained.
HTC ANNp denotes the predicted HTC using ANN simulations, where p represents the number of predictions. The HTC ANNp was then
smoothed with MATLAB to adjust the prediction irregularities at certain temperature zones before having it added to the previous
exp
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trained network.
The effectiveness of prediction due to any HTC x was indirectly evaluated by using the mean absolute percentage error (MAPE)
between the T exp and its corresponding T x . The MAPE for any calculated T x is expressed as:

MAPE =

1
N

N
i=1

Tiexp
T

Tix

=

exp
i

1
N

N

ei

(21)

i=1

where ei is the absolute percentage error between Ti
defined in Fig. 4(c).

exp

and Ti for each time step i, with ti = 30 0 s. The coefficient N is the same as
x

3.5. Configuration of the ANN with FEM model for HTC optimization
The five selected HTC1 5 and their corresponding FEM simulations T1 5 at TC1 sensor was used for the initialization of the ANN in
MATLAB (left block in the flow chart of Fig. 5). Specifically, the matrices [T ]i × m and [HTC ]k × m (with m=5) were used as input and
output layers of the proposed ANN model (ANN Training BLOCK in the flow chart of Fig. 5), respectively.
Once the ANN training is completed, the ANN simulation step takes place using the experimental temperature, T exp , as input (the
ANN Simulation BLOCK in the flow chart of Fig. 5). The HTC predictions based on ANN simulations are only considered acceptable

Data initialization for ANN
and

are constructed by assembling

with 1 ≤ x ≤ m and m=5

and

ANN Simulation BLOCK

ANN Training BLOCK

×

FEM

ANN Model is used for
simulation when the
training performance is
reached (R ≥ 0.95)

ANN Simulation
Model

ANN Training
(back propagation)

Smoothing of HTC

Feed ANN training block
with new data for retraining

m=m+1

FEM

While:
MAPE
Yes
FEM BLOCK

END

is optimized
Fig. 5. Flow chart of HTC prediction using ANN combined with FEM.
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when the MAPE is smaller than the minimum specified value, . As long as the MAPE does not meet the specified criteria, both the
predicted HTC ANNp (ANN simulations) and T ANNp (FEM simulations) are added simultaneously to the previous network dataset for
retraining. After each prediction, the network grows progressively by feeding the input matrix [T ]i × m and the output matrix [HTC ]k × m
respectively with new columns T ANNp and HTC ANNp to transform the new dataset to [T ]i × m +1 and [HTC ]k × m +1 for a new training. The
flow chart used for HTC prediction is illustrated in Fig. 5.
The ANNp notation is used mainly to distinguish between the predicted and the initially trained HTC drawn from the literature;
nevertheless, the two categories could be linked as follows: (HTC ANN1 = HTC 6 , HTC ANN2 = HTC 7 ...)
The ranking of the HTC ANNp accuracy is managed mainly by MAPE minimization, with the tracking of the maximum error
Max (ei ) indicating the magnitude and the location of the errors.
4. Results and discussion
4.1. ANN predicted HTC Profile
For each prediction of HTC ANNp, obtained using ANN simulation, the performance of the trained network was tested using the
correlation coefficient ‘R’. The initial datasets were limited (5 HTC profiles) and dispersed (differences in HTC profiles), which made
it difficult to identify the patterns between data from the first two trained networks (under fitting). However, after the third training,
the progressing ANN showed excellent performance. Fig. 6 shows that the first two predicted HTC ANN1 and HTC ANN2 present different
shapes from HTC1–5 used for the initial training. It should be noted that starting from the third prediction, the shape of HTC ANN3 is
converging for a common shape like as indicated for HTC ANN4, HTC ANN5 and HTC ANN6, with the maximum HTC value being located
at around 320 °C.

Fig. 6. HTCs predicted by ANN.

4.2. Temperature prediction using HTCs predicted via ANN
As it can be seen in Fig. 7, the temperature values of the cooling curves at TC1 are lower than those at TC2. This is related to the
position of TC1 which is located at a shorter distance from the cooled surfaces of the block as compared to TC2, which is located in the
center region of the block (see Fig. 2). The center region is only affected by the cooling of the top and bottom surfaces (assumption of
an infinite rectangular parallelepiped) as a consequence of the thermal inertia due to the large length (2.56 m) of the block, as
opposed to TC1, which is affected by several surfaces. Accordingly, the MAPE was evaluated at the level of TC1 to cover and average
the effect of convection for all surfaces of the block. Fig. 7 also shows that the cooling curves, T ANN1-6, calculated using HTC ANN1-6 get
progressively closer to the target temperature, T exp, especially for T ANN5 and T ANN6, which show the best fits.
Further analysis of Fig. 7 indicated that, both experimental and simulated cooling profiles show a change in the slope at around
bainite start temperature, Bs; however, the change is more significant for TC2 thermocouple. This change is mostly related to the
latent heat generated as a result of bainitic transformation. The larger difference observed for TC2 is due to the higher transformed
proportion of bainite (i.e. higher heat generation) in the center compared to the near-surface region where TC1 is located. The large
size of the block is another contributing factor to a higher temperature increase at the center, as the generated heat will take longer to
be evacuated compared to the surface regions. It must be noted that accurate estimation of the latent heat of transformation has been
a challenge for scientists and sometimes important differences between the predicted and measured values are reported as in the
works of [22,49].
In the present work, the latent heat value obtained from the database of the JMatPro® software appears to be overestimated. An
Attempt was made to use the assumption considered by Piekarska [42,43] to improve latent heat prediction; however, the overestimation for TC2 was still visible, as indicated in Fig. 7. A comprehensive experimental study is needed to accurately estimate the
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latent heat of phase transformation during cooling and will further increase the quality of the predictions; however, such study was
not in the scope of the present investigation.

Fig. 7. FEM of cooling curves using predicted HTCs.

4.3. Prediction accuracy and error analysis
The analysis of the prediction effectiveness based on the predicted HTCs in Table 4 indicates that both the MAPE and the
maximum error were improved after each ANN simulation (i.e. after each prediction). T ANN6 presents the best performance for all
predictions, with a MAPE value of 1.47% and a maximum error of 3.78%. Accordingly, it can be said that HTC ANN5 and HTC ANN6
perform almost equally. However, it can be seen that the MAPE improved by only 0.08% from T ANN5 to T ANN6, indicating that the
maximum effectiveness of prediction was already reached by HTC ANN5. Moreover, as shown in Table 4, because after HTC ANN5 it is
difficult to further reduce the error (MAPE reducing from 1.55% to 1.47%); therefore HTC ANN6 could be considered as redundant.
This over-fitting explains why the subsequent training predicts the same common shape, with only minor differences.
The character of the predicted datasets via ANN are supposed to cover the “unknown” real HTC curve of the studied quench
process, with less dispersion (MAPE < 10%). Feeding the ANN with that kind of data increases the quality of the datasets and helps to
make the network training process easier [49].
It must be noted that the accuracy of the predictions is also intimately dependent on the quality of the experimental inputs (T exp).
Generally, during quenching of large steel components, factors related to the material inhomogeneity and/or the instrumentation
process itself, may affect the uncertainty of the experimental measurements. For example; a local change in chemical composition,
due to the occurrence of macro-segregation, may affect the metallurgical field [50] and therefore result in slight deviations in the
thermal field. Considering the large size of the component, obtaining the precise location of the thermocouples in deep drilled holes
or an estimation of the disturbance of the thermal field introduced by drilled cavities [51] are challenges that cannot be easily
overcome from a technical point of view. Such uncertainties may also play a role in the differences observed between the experimental measurements and simulation results.
Table 4
Analysis of FEM effectiveness using the predicted HTC

Max (ei)
MAPE

ANN1-6

.

e ANN1

e ANN2

e ANN3

e ANN4

e ANN5

e ANN6

20.57%
8.53%

13.13%
5.56%

7.74%
3.36%

8.69%
2.97%

4.12%
1.55%

3.78%
1.47%
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5. Conclusions
The following conclusion can be drawn from the present study:
1) A new approach using a combination of a progressive ANN and FEM was used to improve HTC prediction in the water quench
process of large size forged steel blocks. Experimental measurements, by instrumentation of the large size blocks, were carried out
to provide data for the ANN, as well as to validate FEM results.
2) The shape of the HTC ANN4-6 predicted by ANN (including HTCs with less than 3.0% MAPE) shows the establishment of a recurrent
pattern that is similar in the water quench field, and it could be described by the wetting kinetics process during water quenching.
3) The minimum average deviation between the experimental and FEM-calculated temperature was 1.47%, indicating that the
optimal HTC was predicted. It is believed that the progressive ANN increased step by step the quality of data preparation for the
coming trainings, which improves significantly the accuracy of prediction in this study.
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