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In this paper, neural network 
based cons�tu�ve models relat-
ing stress to deforma�on condi-
�ons of mild steel subjected to 
hot forging is a�empted through 
a parallel distributed process-
ing paradigm based on ar�ficial 
neural network predic�on of the 
metal material response. Labo-
ratory data of the stress-strain 
behaviour of the mild steel sub-
jected to compression tests with 
different temperature and strain 
rate condi�ons were u�lized to 
evaluate different feed-forward 
back-propaga�on neural network 
models for flow stress predic�on. 
The results obtained displayed 
a good agreement with the ex-
perimental data, showing that 
the neural network approach can 
accurately describe the material 
flow stress under the considered 
processing condi�ons.

1. INTRODUCTION
In the last two decades, many at-
tempts have been made to model 
the rheological behaviour of met-
als under hot forging condi�ons 
[1, 2]. The hot strength of a ma-
terial during hot forging is the 
measure of the material resist-
ance to the imposed deforma�on 
condi�ons; this parameter is cri�-
cal in the development of a model 
for hot forging force evalua�on 
and is the subject of the present 
work. To date, the rheological 
behaviour of hot forged metals is 
represented through cons�tu�ve 
equa�ons, where the material 
response is correlated only to the 
instantaneous values of process 
parameters (strain, strain rate, 
temperature). Even under this 
approxima�on of opera�ng con-
di�ons, the defini�on of correct 
analy�cal rela�on-ships involves 
the complete understanding of all 
the phenomena influencing the 
instantaneous material response 
(strain hardening, dynamic recov-
ery, recrystallisa�on) that, par-
�cularly in hot forging, are very 
complex and not easy to model. 

More recently, the introduc�on 
of ar�ficial neural networks (NNs) 
has led to alterna�ve models be-
ing proposed to predict the flow 
stress of various materials [3-8]. 
The main objec�ve of this work 
is to iden�fy a reliable and easy 
to use tool to represent the rheo-
logical data even under deforma-
�on condi�ons where not all the 
parameters contribu�ng to the 
defini�on of the material rheo-
logical behaviour are well known. 
To this scope, a parallel distrib-
uted processing approach, based 
on feed-forward back-propaga-
�on NNs, is employed to model 
and reconstruct the rheological 
behaviour of metals under hot 
deforma�on condi�ons, typical of 
industrial hot forging processes. 

2. MATERIAL AND EXPERIMENTAL 
TESTS
The evalua�on of the NN models 
for flow stress predic�on was car-
ried out on the basis of laboratory 
data of the stress-strain behaviour 
of a mild steel material subjected 
to compression tests with differ-
ent temperature and strain rate 
condi�ons. The mild steel com-
posi�on was: C 0.16, Mn 0.63, Si 
0.33, Ni 0.24, Cr 0.16, Mo 0.04, Cu 
0.17, Al 0.05, S 0.047, P 0.011. 

The hot compression test results 
considered in this paper were 
retrieved from Ponthot’s Metal 
Benchmark available in the Esa-
form official web-site: www.esa-
form.com [9]. Hot compression 
tests were carried out at different 
constant values of temperature 
and strain-rate, with the aim of 
evalua�ng the material sensi�vity 
to process parameters varia�ons. 
The ini�al room temperature ge-
ometry and the final geometry 
a�er cooling down to room tem-
perature are reported in Table 1 
for the hot compression samples 
taken into considera�on.

The sample geometrical dimen-
sions were measured at room 
temperature and modified 
through the linear coefficients of 
thermal expansion in Table 2 to 
refer to the actual test tempera-

tures. Three thermal condi�ons 
were considered for tes�ng: 950 
°C, 1050 °C and 1150 °C. The 
temperature condi�ons were as-
sumed to be constant during the 
whole test. The tes�ng machine 
cross-head speed was set up to 
provide a quasi-constant strain 
rate. The selected values for strain 
rate were: 0.02 s-1, 0.5 s-1 and 5.0 
s-1.

During each hot compression 
test, reported in Table 1, experi-
mental data were sampled from 
the stress-strain curve and a 
curve vector consis�ng in a se-
quence of data points, each iden-
�fied by a stress value, σ, and its 
corresponding strain value, ε, was 
generated. The number of curve 
data points depends on the �me 
dura�on of each hot compression 
test. The set of the 7 curve vec-
tors made up the training set for 
NN processing.

Figure 1 shows some examples of 
the experimental curves, exhibit-
ing a peak stress a�er work hard-
ening at low strains followed by 
gradual work so�ening towards 
steady state.

3. NEURAL NETWORK DATA 
PROCESSING
Different 3-layered feed-forward 
back-propaga�on NNs were 
trained and tested to produce a 
mapping from input vectors to 
output values, in order to model 
the material response to hot forg-
ing process condi�ons, The inputs 
to the NN were chosen to be the 
parameters that define the physi-
cal meaning of the process.
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The inputs to the NN were cho-
sen to be the parameters that 
define the physical meaning of 
the process. Strain, strain-rate 
and temperature values for each 
experimental curve were always 
u�lised as input features. In some 
NN configura�ons, also strain and 
strain-rate as logarithmic func-
�ons, ln( ε ) and ln( ε&), tempera-
ture as inverse func�on, 1/T, and 
curve peak strain (strain value for 
which flow stress is maximum in 
the stress-strain curve), ε p, were 
employed as input features. This 
was accomplished to take into ac-
count the analy�cal rela�onships 
exis�ng among the considered 
process parameters [4, 5] and the 
influence of curve peak strain on 
the material behaviour modelling 
[10]. 

The various NN configura�ons 
(Table 3) had a number of nodes 
in the input layer equal to the 
number of features in the input 
vector. In all configura�ons, the 
hidden layer had 3 nodes, deter-
mined by the “cascade learning” 
procedure [11], and the output 
layer 1 node for flow stress pre-
dic�on. NN training was carried 
out by the “leave-k-out” method, 
par�cularly useful when dealing 
with small training sets: one curve 
vector (k = 1) was held back in 
turn for the tes�ng phase and the 

Table 1: 

Summary of hot 
compression tests.

h0 = ini�al height, 
d0 = ini�al diam-

eter, 

hf = final height, 

df = final diameter.

Table 2:

Linear coefficients 
of thermal expan-

sion.

Figure 1: 

Experimental 
stress-strain curves 

at T = 950 °C and 
various strain rate 

values.

Table 3: 

NN configura�ons.

ε  = strain;

ε& = strain-rate; 

T = temperature; 

ε  p
 = peak strain; 

σ   = flow stress.

Test id.
h0

(mm)

d0

(mm)

hf

(mm)

df

(mm)

Tempera-
ture

(°C)

Strain rate

(s-1)

# of curve 
data 

points

125A 20.10 13.14 10.19 19.76 950 0.02 2328

135A 20.31 13.22 10.29 19.79 1150 0.02 2323

315A 20.18 13.13 10.18 19.43 950 0.50 494

325B 20.23 13.21 10.37 19.64 1050 0.50 493

515B 20.10 13.14 10.06 19.66 950 5.00 497

525A 20.25 13.16 10.23 19.73 1050 5.00 499

535A 20.26 13.16 10.25 19.74 1150 5.00 299

Temperature (°C) Alpha

from 20 °C to 872.5 °C 13*10-6

from 872.5 °C to 904.4 °C -56*10-6

from 904.4 °C to 1200 °C 26*10-6

NN configu-
ra�on Input vector Output 

vector

3-3-1 { ε , ε&, T } σ

4-3-1 { ε , ε&, T, ε p
} σ

6-3-1 { ε , ε&, T, ln( ε ), ln( ε&), 1/T} σ

7-3-1 { ε , ε&, T,ln( ε ), ln( ε&), 1/T, ε p
} σ
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other curve vectors were used for 
training. 

The strain value of single data 
points from each curve vector, 
together with curve and process 
parameters, were sequen�ally 
presented to the NN input layer 
and the corresponding flow stress 
was fed to the output layer for NN 
training, following the procedure 
reported in [11]. During NN test-
ing, the complete stress-strain 
curve for a given test condi�on 
was reconstructed and the er-
ror was evaluated by comparison 
with the experimental curve.

4. FLOW STRESS PREDICTION

4.1.  3-3-1 NN configura�on
Three-component input vectors 
including strain, constant strain-
rate and constant temperature   

{ ε , ε&,T} were used for training 
and tes�ng the 3-3-1 NN con-
figura�on. Desired flow stress 
σ , predicted flow stress σ pred, 
yielded by the learned 3-3-1 NN, 
and percent error 

E% = (σ pred - σ )/ σ pred were 
plo�ed versus strain. The curve 
RMS error was evaluated and re-
ported in Table 4.

Figure 2 reports a typical 3-3-1 NN 
response for the reconstruc�on 
of the stress-strain curve of test 
315A. From the figure, it can be 
seen that curve reconstruc�on is 
very poor in terms of both curve 
geometry (the reconstructed 
curve is a straight line) and flow 
stress values (the predicted flow 
stress is much higher than the ac-
tual one).

Accordingly, the curve RMS error 
is as high as 65.2. The 3-3-1 NN is 
unable to predict both the steep 
varia�on of stress with strain at 
low strains in the work harden-
ing region and the gradual work 
so�ening a�er peak stress in the 
recrystallisa�on region.

4.2.  4-3-1 NN configura�on
To consider the influence of char-
acteris�c experimental curve fea-

tures on the material behaviour 
modelling, curve peak strain ε p 
was added to the input features 
and 4-component input vectors    
{ ε , ε&, T, ε p} were used for train-

ing and tes�ng the 4-3-1 NN. The 
ε p value u�lised in the leave-k-
out NN training and tes�ng was 
obtained by averaging the ε p 
values of the curves available for 

Test id.
Curve RMS error

3-3-1 NN 4-3-1 NN 6-3-1 NN 7-3-1 NN

125A 15.3 7.6 12.1 6.5

135A 51.8 30.3 48.3 27.8

315A 65.2 15.1 57.6 12.7

325B 83.6 46.7 48.9 29.0

515B 83.6 48.1 76.9 31.7

525A 27.1 16.1 23.2 9.7

535A 28.3 18.8 20.1 15.9

Table 4: 

Performance of 

the different NN 
configura�ons in 
terms of curve 
RMS error.

Figure 2: 

3-3-1 NN configu-
ra�on using input 
vectors { ε , ε&, T} 
Test 315A.

(a) Desired and 
predicted flow 
stress vs. strain; 

(b) flow stress 
percent error vs. 
strain.

Figure 3:

 4-3-1 NN configu-
ra�on using input 

vectors { ε , ε&, T, 
ε

p
} Test 315A.

(a) Desired and 
predicted flow 
stress vs. strain; 

(b) flow stress 
percent error vs. 
strain.
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training, i.e. all curves but the one 
le� out for tes�ng. This procedure 
was adopted because the   ε p val-
ues for the available training set 
did not show any dependence 
on temperature or strain-rate in 
the considered varia�on ranges. 
Desired flow stress σ , predicted 
flow stress σ pred and percent er-
ror E% were plo�ed versus strain. 
The curve RMS error was evalu-
ated and reported in Table 4. In 
Figure 3, the flow stress and error 
curves for test 315A are shown. 
Curve reconstruc�on is s�ll poor in 
terms of curve geometry (the re-
constructed curve is s�ll a straight 
line) but the predicted flow stress 
is very close to the actual one, at 
least at large strains. Accordingly, 
the curve RMS error is as low as 
15.1. Also the 4-3-1 NN is unable 
to predict the work hardening 
and work so�ening material be-

haviour. However the addi�on of  
p seems to provide the NN model 
with informa�on useful to reduce 
the offset between predicted and 
desired flow stress values, at least 
in the steady state region.

4.3.  6-3-1 NN configura�on
To take into account the analy�cal 
rela�onship among the consid-
ered process parameters, 6-com-
ponent input vectors including the 

logarithmic func�ons of ε  and ε& 
and the inverse func�on of T, { ε
, ε&, T, ln( ε ), ln  ( ε&), 1/T}, were 
used for training and tes�ng the 
6-3-1 NN. Desired flow stress σ
, predicted flow stress σ pred and 
percent error E% were plo�ed 
versus strain. The curve RMS er-
ror was evaluated and reported in 
Table 4. In Figure 4, the flow stress 

and error curves for test 315A are 
shown. At least on a qualita�ve 
basis, the work hardening and 
the dynamic recrystallisa�on re-
gions are reproduced by the pre-
dicted curve. The curve RMS error 
is however high, achieving 57.6. 
The addi�on of the logarithmic 
func�ons of strain and strain-rate 
and the inverse func�on of tem-
perature appears to provide the 
NN model with informa�on cri�-
cal for material behaviour model-
ling, at least on a qualita�ve basis. 
The 6-3-1 NN seems able to mod-
el the work hardening and work 
so�ening material behaviours, 
although the general curve offset 
is s�ll high.

4.4.  7-3-1 NN configura�on
To further improve the informa-
�on content of the NN input, 
curve peak strain ε p was added 
to the input features to construct 
the 7-component input vectors     
{ ε , ε&, T,ln( ε ),ln( ε ), 1/T, ε p

} 

used for training and tes�ng the 
7-3-1 NN. Desired flow stress σ
, predicted flow stress σ pred and 
percent error E% were plo�ed 
versus strain. The curve RMS er-
ror was evaluated and reported 
in Table 4. In Figure 5, the flow 
stress and error curves for test 
315A are shown.

A generally good fit is verified 
both in the work hardening and 
the work so�ening regions. Ac-
cordingly, the curve RMS error 
is reduced to 12.7. The 7-3-1 NN 
gives a much be�er agreement 
with experimental data than all 
the previous NN configura�ons 
examined, providing more accu-
rate predic�ons in the full region 
of the stress-strain curve, from 
work hardening to dynamic re-
crystallisa�on of the mild steel 
material. The presence in the in-
put vectors of features accoun�ng 
for both the analy�cal rela�on-
ships exis�ng among the process 
parameters and the influence of 
peak strain on the material be-
haviour modelling allowed for an 
accurate descrip�on of the mild 

Figure 4:

 6-3-1 NN config. 
using input vectors 

{ ε , ε&, T,ln(ε ),     

ln( ε&), 1/T} Test 
315A.

(a) Desired and 
predicted flow 

stress vs. strain; 

(b) flow stress 
percent error vs. 

strain.

Figure 5: 

7-3-1 NN config. 
using input vectors 

{ ε , ε&, T, ln( ε ),   

ln( ε&), 1/T, ε
p 
} Test 
315A.

(a) Desired and 
predicted flow 

stress vs. strain; 

(b) flow stress 
percent error vs. 

strain
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steel material flow stress under 
hot forging condi�ons.

5. CONCLUSIONS
Modelling of the rheological be-
haviour of a mild steel under hot 
deforma�on condi�ons, typical 
of industrial hot forging process-
es, was carried out through flow 
stress predic�on using different 
feed-forward back-propaga�on 
NN configura�ons. The evalua-
�on of the NN performance was 
performed on the basis of labo-
ratory data on the stress-strain 
behaviour of mild steel subjected 
to compression tests with vari-
able temperature and strain-rate 
condi�ons. The results obtained 
by using only strain, strain-rate 
and temperature as NN input 
features did not allow for stress-
strain curve reconstruc�on. In the 
case of input vectors containing 
features accoun�ng for both the 
analy�cal rela�onships exis�ng 
among the process parameters 
and the influence of peak strain 
on the material behaviour model-
ling, the NN could accurately de-
scribe the mild steel flow stress, 
under the considered processing 
condi�ons, in the full region of 
the stress-strain curve, from work 
hardening to dynamic recrystal-
lisa�on.
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