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A
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BASED ON ARTIFICIAL NEURAL NETWORKS (ANN)

NALIZA TRWALOSCI NARZEDZI KUZNICZYCH DLA ROZNYCH WARUNKOW
EKSPLOATACJI ZWYKORZYSTANIEM SYSTEMU WSPOMAGANIA DECYZJI
OPARTEGO O SZTUCZNE SIECI NEURONOWE?*

The paper presents the results of research concerning the percentage participation of destructive mechanisms for two typical vari-
ants of exploitation of forging tools: lubricated and cooled, and without lubrication. Discussed results come from the developed
by the authors the decision support system (SEPEK-2) based on artificial neural network. The knowledge about the durability
of forging tools needed for learning artificial neural network was included in the training data set, from comprehensive studies,
carried out in industrial conditions. Set of training data set included 450 records of knowledge. The paper presents the process
of acquiring knowledge, adopted neural network architecture and parameters developed network. Carried out a global analysis
of the results generated by the developed system for the durability of forging tools treated as the maximum number of produced
forgings to their destruction (from 0 to 25,000 items), showed that for the lubricated and cooling tools the dominant mechanism is
thermo-mechanical fatigue, and do not abrasive wear, which actually dominates in the process of forging tools for uncooled and
unlubricated tools. It should be emphasized that the overwhelming majority of studies in this area is attributed that to abrasive
wear is dominant, and as shown by the results of research and analysis for the selected representative forging processes, with the
use of decision support system based on ANN, the fatigue a thermo-mechanical is dominant in these processes. However, due to the
easy measurability and commonly used models wear, based on the model of Archard, it is abrasive wear assigned the largest par-
ticipation. In fact, for the tool lubricated and cooled tools a thermo-mechanical fatigue intensifies this effect attributed to abrasive
wear. While the generally accepted view is correct, in the case of tools unlubricated, as confirmed by the analysis using ANN.

Keywords: artificial neural network; decision support system, die forging, durability of forging tools; wear and
destructive mechanisms.

W pracy przedstawiono wyniki badan, dotyczgce, procentowego udziatu mechanizmow niszczgcych dla dwoch typowych wa-
riantow eksploatacji narzedzi kuzniczych: smarowanych i chlodzonych oraz bez smarowania. Prezentowane wyniki pochodzg
z opracowanego przez autorow systemu wspomagania decyzji (SEPEK-2) dziatajgcego w oparciu o sztuczng sie¢ neuronowq.
Wiedza o analizowanym zagadnieniu trwalosci narzedzi kuzniczych, potrzebna do procesu uczenia sztucznej sieci neuronowej
zawarta byta w zestawie danych uczqcych, pochodzgcych z kompleksowych badan, zrealizowanych w warunkach przemystowych.
Zestaw danych uczqcych obejmowat zbior 450 rekordow wiedzy. W pracy przestawiono proces pozyskiwania wiedzy, przyjetq
architekture sieci neuronowej oraz parametry opracowanej sieci. Przeprowadzona globalna analiza wynikow generowanych
przez opracowany system, dla trwatosci traktowanej jako zwigkszajgca sig liczba odkuwek (od 0 do 25000 sztuk), wykazata ze dla
narzedzi smarowanych i chlodzonych dominujgcym mechanizmem jest zmeczenie cieplno-mechaniczne, a nie zuzZycie Scierne, kto-
re rzeczywiscie dominuje w procesach kucia dla narzedzi niechtodzonych i niesmarowanych. Nalezy podkresli¢, ze zdecydowana
wigkszos¢ opracowan z tego obszaru przypisuje, ze to zuzycie scierne jest dominujgce, a jak wykazaty wyniki badan i analiz dla
wybranych reprezentatywnych procesow kucia, przy wykorzystaniu systemu wspomagania decyzji opartego o SNN, to zmeczenie
cieplno-mechaniczne jest dominujgce w tych procesach. Jednakze ze wzgledu na latwg mierzalnosé oraz popularnie stosowane
modele zuzycia Sciernego, bazujqce na modelu Archarda, to wlasnie zuZyciu Sciernemu przypisuje si¢ najwiekszy udzial, cho¢ w
rzeczywistosci dla narzedzi smarowanych i chlodzonych zmeczenie cieplno-mechaniczne wzmaga 6w efekt przypisywany zuzyciu
Sciernemu. Natomiast ogolnie przyjety poglad jest stuszny, w przypadku narzedzi niesmarowanych. co potwierdzity takze analizy
przy wykorzystaniu SNN.

Stowa kluczowe: sztuczna sie¢ neuronowa, system wspomagania decyzji; kucie matrycowe, trwatos¢ narzedzi
kuzniczych; zuzycie i mechanizmy niszczqce.

1. Introduction

Forging tools used in semi-hot and hot die forging processes char-
acterize in a relatively low durability, which, in turn, significantly
affects the quality and cost of the fabrication of forgings. The low
durability of forging tools is mostly caused by the extreme conditions
of the industrial hot forging processes, resulting from a simultaneous

occurrence of many complex phenomena and degradation mecha-
nisms. It is a difficult and unresolved issue, both scientifically and
economically. The degradation and wear of forging instrumentation
during its performance constitutes a significant part of the production
costs [8, 9]. At present, it is estimated that the costs of tools can con-
stitute up to 8-15 % of the total production costs, and in extreme cases,
with small production series, even 30%. In practice, considering the

(*) Tekst artykutu w polskiej wersji jezykowej dostepny w elektronicznym wydaniu kwartalnika na stronie www.ein.org.pl
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time needed to replace the used instrumentation or in the case of its
unexpected degradation, these costs can rise even up to 40%. Also,
tool wear significantly lowers the quality of the fabricated forgings.
The most common forging defects caused by tool wear are errors in
the filling of the die, that is: incomplete forgings, laps, burrs, curva-
tures, scratches, delaminations, micro- and macro-cracks, etc., which,
in turn, affects the functionality of the final product obtained from the
forging [11].

In the literature you can find information, that statistically 70%
of the forging dies is withdrawn from production due to the loss di-
mensions — due to abrasive wear and plastic deformation [16], 25%
— as a consequence of fatigue cracks and only 5% for other reasons
(non-compliance with the technology, construction and material de-
fects, thermal and thermo-chemical treatment defects, etc.) [13]. What
is more, the continuous market competition forces the producers of
forged goods to constantly lower the costs and produce high qual-
ity forgings, and this generates high interest in the problem of tool
life improvement [7,12]. More and more often both manufacturers
of forging instruments, as well as research centers and research and
development use a variety of IT tools and advanced research and de-
velop modern methods allowing both to analyze and to increase the
durability of forging tools. Studying the destructive mechanisms and
other phenomena accompanying ago and life prediction tools in the
forging process 1is a very difficult and complex issue, and additionally
commonly used modes of failure are not described satisfactorily in an
analytical way [1, 4, 15, 19, 23].

Predicting the life of a forging tool used in a die forging process
and pointing to the dominant wear mechanisms and their effect on
the ‘life time’ of the tool are very important, and they still constitute
a not fully resolved problem, in respect of both science and economy
[7, 11]. Developing methods which allow for determining the wear
(failure) of tools and predicting their life is justified by many factors,
such as: continuous perfection of the forging technology, lowering
the costs of manufacturing the tools themselves or the cost per unit
of the production of one forging, as well as ecological aspects [7, 11,
12]. Modern IT technologies are constantly offering new methods and
approaches making it possible to partially replace the costly and time-
consuming material experiments with a virtual experiment. Also, new
formalisms of representing knowledge in computer systems are be-
ing developed, such as: the graph theory, fuzzy logic, artificial neural
networks, or genetic algorithms, thus providing the opportunity to
construct expert systems supporting various areas of human activity.
Expert systems are widely applied mainly as advisory systems for the
tasks of identification, classification, control, simulation and diagnos-
tics. [2, 3, 5, 14, 18, 19, 21, 24, 29].

The authors made an attempt at elaborating an original decision
support system, whose basic task is to predict the life of the forging
tools used in hot die forging processes, as well as to identify the basic
failure mechanisms. During the many years of research concerning
the analysis of the effect of the particular failure mechanisms on the
life of forging tools, certain experimental data have been collected.
The data are an excellent source of training data for artificial neural
networks. The effects of these studies are presented in this article.
Thanks to the developed decision support system based on artificial
neural networks (ANN) was achieved interesting research results re-
garding the real participation of major destructive mechanisms for
lubricated and cooled tools as well for unlubricated tools.

2. Expert systems in industrial applications

Modern IT technologies are constantly offering new methods and
approaches making it possible to partially replace the costly and time-
consuming material experiments with a virtual experiment.

An expert systems are widely used mainly as an advisory systems
for the tasks of identification, classification, control, simulation, di-

agnostics. The broadest range of expert systems applications are in
technology, inter alia, to diagnose the state of equipment and failure
analysis of experimental data, the design of the control devices, de-
sign and technology. The literature often attempts at elaborating ex-
pert systems, including ones for the optimization of forging processes.
These systems have different aims and take advantage of various for-
mal methods of the system knowledge representation. Katayama et al.
developed an expert system to design a cold forging process. Fuzzy
logic was used to formulate the principles of the database of this sys-
tem [14]. Fuzzy logic was also used to develop an expert system for
predicting the analysis results with the finite element method when
solving the problem of rubber cylinder compression [24]. Gangopad-
hyay et al. elaborated an expert system for predicting loads and axial
stresses during forging [3]. Artificial neural networks have been ap-
plied to solve many problems. The application of the finite element
method and intelligent system techniques to predict the applied force
during the radial forging process was studied in [2]. An artificial neu-
ral network was also applied to acquire the relationships between the
mechanical properties and the deformation technological parameters
of the TC11 titanium alloy, with the use of the data from the isother-
mal compression test and the conventional tensile test of the forged
TC11 titanium alloy at room temperature [18]. In another work [25],
the forging and heat treatment experiments of the Ti-6Al-4V alloy
were conducted with various experimental parameters, including the
forging temperature, deformation degree and heat treatment. On the
basis of the obtained experimental data, the optimal model of the hot
processing parameters of the Ti-6Al-4V alloy was established with
the help of a combination of artificial n neural networks and genetic
algorithms.

2.1. Artifical neural networks

Artificial neural networks (ANN) are seen as a separate field of
knowledge, offering control and decision-making tools, which per-
form not only the tasks of approximation, classification and pattern rec-
ognition, but also prediction, control and association [20]. ANN are used
as advanced analytical tools, useful mainly when it is necessary to model
phenomena which are highly non-linear in character, multidimensional
functional dependences etc. [29]. Their advantage is the ability to deter-
mine the dependences between variables, by way of multiple representa-
tions of the training case network or on the basis of the similarities among
the cases.

A neural network consists of connections of many neurons ar-
ranged in layers. The first layer is the input layer, which does not
perform any calculations, and its task is to provide the input signal for
the consecutive layers. There are intermediate (so called, hidden) lay-
ers. The number of hidden layers depends on the degree of complexity
of the modelled function. Most of the existing solutions apply one
hidden layer. Within one layer, the neurons are not interconnected.
The output layer is the layer which provides the result of the network
operation for the analyzed output parameters. The signal transmission
in the network usually takes place in the direction from the input to
the output, without feedback. There are many types and sorts of neural
networks, which differ in the structure and principles of operation [27,
28]. The most popular one is the network architecture connected with
the concept of Multi-Layer Perceptron (MLP) [20].

The neural network training methods, broadly discussed in the lit-
erature [20, 27, 26], consist in a cyclic update of the network weights
based on the information on the objective function gradient and the
minimization direction determined in each step. There are many al-
gorithms of MLP network training, such as: the error back propaga-
tion algorithm, the steepest descent algorithm, the variable metric
algorithm, the Levenberg-Marquardt algorithm, the Gauss-Newton
algorithm (the non-linear least square method) and the coupled gradi-
ent algorithm. The most effective methods are thought to be the ones
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based on the Newton algorithm, which are known as the variable
metric methods or quasi-Newton methods. They include: the BFGS
(Broyden-Fletcher-Goldfarb-Shanno) method, used in the network
elaborated by the authors, and the DFP (Davidon-Fletcher-Powell)
method.

Appropriately designed neural networks can formulate depend-
ences occurring between the phenomenon parameters during the
learning process. The learning process is an iterative one, repeated
multiple times, step by step, whose basic objective is optimization
of the network parameters, i.e. the weight coefficients. The objec-
tive of neural network training is such selection of its topology and
parameters which will assure minimization of error when the output
value is set.

3. Methodology section

The article focuses on the analysis of the results, which achieved
from the system, developed by the authors, to analyze the durability
of forging tools. To build a system used the comprehensive results of
long-term experimental research conducted in industrial conditions,
relating to three selected representative hot die forging processes.
Analysis of the source data allowed, for knowledge representation in
the system (as a formal tool) accept artificial neural networks. The
ANN is used as an advanced analysis tools useful mainly in cases
when it is necessary of phenomena modeling with highly nonlinear
nature multidimensional depending function, as is the case in proc-
esses analyzed. Another advantage of neural networks is their ability
to independently explore the relationships between variables either
by presenting multiple network cases learners. Scheme of work and
methodology shown in Figure 1.

DESIGN

EXPERIMENTAL RESEARCH THE NEURAL NETWORK

DATA ACQUISITION

3.1. Description of experimental data used in model con-
struction

To build a knowledge module, three types of industrial forging
processes were selected, so that these processes would occur under a
variety of conditions that determine the durability of forging tools. The
authors’ experience suggests that such differentiation of forging con-
ditions (due to temperature, pressure, path friction, thermo-chemical,
tribological conditions, etc.) can be obtained by way of selecting:

I  Hot forging of a front wheel in open dies.

II  Precision forging of a CVJB (constant velocity joint) housing in
closed die.

III Forging of a fastener in a closed die without lubrication and co-
oling tools.

I Hot forging of a front wheel in open dies — die inserts, heated
to 250°C, and cooled and nitrided only in operation 2 and 3, ini-
tial billet heated inductively to 1150°C. A wheel forging (Fig 2c),

i I | ' kJia
dy

The average durability of die insens
000 Aems

111 operation

10000 fems 20000 Hems
[ ]

Sm

Fig. 2. The view of forging process: a) tools mounted on a press, b) forg-
ings after consecutive operations, ¢) a ready front wheel forging (after
punching and trimming, before toothing), d) lower die inserts for I, I,
111 operation

IMPLANTATION SYSTEM

after toothing, is used in the gear box as the front
AND ANALYSIS

wheel of the reverse gear in motorcars. The ana-
lyzed process is realized on a crank press of the
nominal force of 25 MN, in three forging opera-
tions (Fig. 2): operation I — upsetting, operation
II — preliminary die forging and operation IIT —
finishing forging (Fig 2b). The forged material

BSE PEK ‘

Fig. 1. The flowchart of research methodology

The first version of the system (SEPEK-1), applies fuzzy logic
as the form of knowledge representation [5]. This choice was mainly
determined by the character of the obtained source data, which are
the results of measurements and observations as well as results of
computer simulations. They are mainly incomplete data (represent-
ing only particular cases for a given number of forgings under given
conditions). They are also uncertain as burdened by measurement
and observation errors. Fuzzy logic is a formalism which finds its
application in the processing of this type of knowledge. The conclu-
sions drawn by the system were verified by experts and recognized
as correct and true. The elaborated system, with the use of a fuzzy
knowledge base, works with an error at the level of 10%, but the col-
lected data did not fully cover all the analyzed areas. In some cases,
the reply generated by the system was that there was no knowledge
(rules) based on which a decision could be made.

In the search for forms of knowledge representation which, based
on the elaborated experimental data, will make it possible to construct
a model characterizing in a lower error and cover all the analyzed
areas, Therefore the authors decided to look for other forms of knowl-
edge representation, which on the basis of collected and developed
experimental data allow to build a model characterized by even lower
error and covering all analyzed areas. Hence it was decided to use ar-
tificial neural networks and to develop a new decision support system
SEPEK-2.

is the C45 steel, in the shape of a cylinder. The
data obtained from a detailed analysis of the lo-
wer die inserts from the first, second and third
forging operation were entered into the system
database (Fig 2d).

I Precision forging of a CVJIB (constant velocity joint body) housing
in closed dies — tools not preheated, lubricated and cooled, initial
billet inductively heated to 920°C. The industrial forging of a CV
universal joint housing in the GKN Driveline Forge consists of
four hot forging operations and one cold forging operation (Fig.
3). The forging's material is the XC45 steel. The dies and punches
are made of the Unimax steel for hot working tools (1.2367). After
the heat treatment tool have a hardness of 48-52 HRC. The tools
are not nitrided and not heated before the process, are pre-charged

The warm forging

The cold forging

9 9|®

Fig. 3. The precision forging process: a) crank press, b) scheme of individual op-
erations (V operation — marking), c) forgings after successive operations
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to a special welding agent (Aerodag CERAMISHIELD) in order
to reduce the risk of rupture in a thermal shock caused by con-
tact with the hot preform at the beginning of process. In addition,
the punch of the fourth operation is heated in a special device and
2-times immersed in a mixture of graphite with water (on the press
is mounted, unheated). Tools after forging a few pieces forgings
reach operating temperature (250-300° C).

1

Forging of a fastener (type of Putanker 1,3T) used to move con-
crete slabs, in a closed die without lubrication and cooling tools,
billet is heated inductively (locally, Fig 4b) to 1000 °C, in three
operations on a PMS 160B eccentric press (Fig. 4a) with the use
of a TR device (Fig. 4c). Figure 4d shows the forgings after each
operation. Figure 4e shows the tools used in the first, second
(Fig. 4f) and third (Fig. 4g) forging operation.

Fig. 4. The view of: a) PMS 160B eccentric press, b) heater with a locally
heated preform for the second operation, c) TR device, d) forgings
after successive operations, e) dies for the first operation, f) tools for
the second operation (punch with AE sensor), g) tools for the third
operation (punch with AE sensor)

The punches and the die inserts are made of steel WCL and OR-
VAR SUPREME (WCLV), which the hardness after heat treatment
was 58 HRC. In addition, the second and third operations are used
punches (in the first operation-upsetting is done by two dies, without
the punch). The tools are not nitrided and pre-heated. Average life of
the die inserts are: 12,000 for the first operation, for the second op-
eration about 8000 forgings, and for the third operation about 10,000
forgings. The data obtained from a detailed analysis of only second
die was entered into the system database.

After the selection of representative processes, their most impor-
tant parameters were determined, such as: charge and tool tempera-
ture, forming force, velocities, tribological conditions, preform and
final product geometry as well as tool shape. These parameters were
determined based on the operation sheets. The remaining significant
parameters, hard or impossible to determine (pressures, path of friction,
temperatures in contact etc.) were determined by means of numerical
modelling verified by a measuring and monitoring system [10]. The
geometrical defect (wear) of the die impressions was determined based
on a comparison of the superimposed laser scan images of the new and
the worn tools (after a specific number of forgings) [6].

After the analysis of the selected die forging process, three groups
of parameters were specified, which had a significant effect on the
tool wear, that is:

: L — b)

Fig. 5.

the first operation

« parameters of the forging process (number of forgings, number
of operations, and for each operation, also: charge temperature;
pressures; lubrication; cooling intensity etc.),

 parameters characterizing the tool (die) — Fig. 5a shows an
exemplary schematic of the division of the die insert’s cross
section for the second operation of hot forging a front wheel
in a closed die, while Fig. 5b presents the precision forging of
a constant-velocity universal joint housing and Fig. 5S¢ shows
scheme of cross section of part die to forging fasteners. All
forging tools are divided into elementary areas (1-9), described
with symbols representing elementary shapes (A-F), distin-
guishable in any die.

* parameters characterizing the charge material.

The assumptions and system tasks (prediction of the life of the forg-
ing tools used in the hot die forging process, as well as identification of
the critical points and wear mechanisms) made it possible to define the
parameters providing the information on the tool wear, which are:

— failure mechanism (4 wear mechanisms were considered: ther-
mo-mechanical fatigue, mechanical fatigue, abrasive wear and
plastic strain) as well as the mechanism’s participation in the
failure of the given area;

— geometrical defect — loss of material (wear [mm)]).

The detailed information on the process of obtaining primary data
for the specified parameters describing the selected process was thor-
oughly discussed in [5]. Table 1 shows a fragment of the elaborated
set of data.

The global table contains 450 knowledge vectors. The number of
forgings was analyzed in the range of 0-25000.

4. The neural network model

The process of constructing a neural network model consists of
the following stages: determination of independent and dependent
variables; selection of neural network type and determination of its
structure; neural network training and evaluation of network model.

4.1. Determination of independent and dependent vari-

ables

A neural network’s task is to show the effect of the particular fac-
tors on the wear of the die during the die forging process. It calculates
the participation of the particular mechanisms, i.e. thermo-mechan-

Table 2. Dependent variables

L.P. OUTPUT variables Scope

1 thermo-mechanical fatigue 0-1

2 abrasive wear 0-1

3 plastic strain 0-1

4 mechanical fatigue 0-1

5 wear -3+0,05
ical fatigue, abrasive fatigue, plastic strain and
mechanical wear, in the failure process. It also
c) . . .
- calculates the wear of the tool itself in the speci-
B e % EAm| fied area.

Cross section with schematic division into areas and elementary shapes for: a) die insert used in
forging front wheel, b) die used in precision forging of CVJB housing, ¢) a formed part of die for

Table 2 shows the dependent variables — the
process parameters which are determined as the
network output. As the independent variables,
having an effect on the presented output vari-
ables, the following were selected from the glo-
bal set of data: number of forgings, temperature,
hardness, deformation time, total time, pressure,
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Table 1. Fragment of table with data

number of dfana temperature | nitrification | deformation time total time [s] preasure path of lubrication o | 25 o e —
forgings p (s} [yes/no] [s] . [MPa] friction [1/0] p

550 A 1200 no 0,162 1,663 160 srednia 0 0,50 | 0,50 |0,00)0,00 -0,26
550 A 1100 no 0,162 1,663 160 $rednia 0 0,00 | 1,00 |0,00)0,00 0,2
1850 E 1200 yes 0,038 0,558 500 very high 1 0,33 | 0,33 10,33 0,00 0,4
1850 A 1200 yes 0,058 1,068 960 very high 1 0,60 | 0,20 |0,20 0,00 -0,2
1900 A 1200 no 0,165 0,165 140 very high 0 0,30 | 0,30 |0,40 0,00 0,26
1900 A 1100 no 0,165 0,165 140 very high 0 0,30 | 0,40 |0,30)0,00 -0,2
2200 E 1100 no 0,038 2,476 384 very high 0 0,00 | 0,50 |0,00)0,50 0,1
2200 E 1100 no 0,038 2,476 384 very high 0 0,00 | 0,50 |0,00)0,50 -0,07
2500 A 1150 yes 0,088 0,088 1074 very high 1 0,35 | 0,35 |0,30|0,00 -0,568
2500 E 1150 yes 0,087 0,087 1300 very high 1 0,33 | 0,33 10,33 0,00 0,189
4000 E 1100 no 0,111 0,631 480 very high 1 0,25 | 0,25 10,30)0,20 -0,6
4000 1100 no 0,117 0,717 560 very high 1 0,33 | 0,33 |]0,33]0,00 0,3
4300 E 1200 yes 0,038 0,558 500 very high 1 0,40 | 0,40 10,20 0,00 -1,6
4300 A 1200 yes 0,058 1,068 960 very high 1 0,40 | 0,30 |0,30)0,00 -1,5
6000 A 1150 yes 0,088 0,088 1074 very high 1 0,35 | 0,35 |0,30)0,00 0,786
6000 A 1150 yes 0,072 0,072 620 very high 1 0,70 | 0,10 | 0,20 0,00 -0,065
6500 A 1100 no 0,021 1,134 320 very high 0 0,50 | 0,50 |0,00)0,00 -0,19
6900 E 1200 yes 0,038 0,558 500 very high 1 0,40 | 0,40 |0,20)0,00 -2,1
7044 C 920 no 0,117 0,717 560 very high 1 0,80 | 0,20 | 0,00 0,00 -0,01
7044 A 920 no 0,097 0,717 650 very high 1 0,85 | 0,10 |0,00|0,05 0
8000 E 1100 no 0,111 0,631 480 very high 1 0,25 | 0,25 0,30 0,20 -1,5
9000 1200 no 0,162 1,663 160 very high 0 0,30 | 0,30 |0,40)0,00 -2,6
9500 E 1200 yes 0,038 0,558 500 very high 1 0,33 | 0,33 10,33 0,00 2,7
12000 C 1100 no 0,117 0,717 560 very high 1 0,33 | 0,33 |0,33|0,00 -2,4
12000 E 1100 no 0,111 0,631 480 very high 1 0,25 | 0,25 0,30 0,20 -2,4
12750 D 1150 yes 0,087 0,087 941 very high 1 0,45 | 0,45 |0,10 0,00 -1,285
12750 A 1150 yes 0,072 0,072 620 very high 1 0,80 | 0,10 |0,10)0,00 0,161
12750 D 1150 yes 0,063 0,063 542 very high 1 0,90 | 0,05 |0,05]0,00 0,032
15500 A 1200 no 0,162 1,663 160 very high 0 0,30 | 0,30 |0,40 0,00 -2,6
15500 A 1100 no 0,162 1,663 160 very high 0 0,30 | 0,40 |0,30)0,00 -2,1
16000 A 1100 yes 0,084 0,604 210 very high 1 0,33 | 0,33 0,33 0,00 -0,8
17054 A 920 no 0,097 0,717 650 very high 1 0,60 | 0,25 |0,00)0,15 -0,05
17054 C 920 no 0,117 0,717 560 very high 1 0,60 | 0,25 |0,00)0,15 -0,04
22320 A 920 no 0,097 0,717 650 very high 1l 0,70 | 0,15 |0,00)0,15 -0,04
22320 A 920 no 0,084 0,604 210 very high 1 0,65 | 0,15 |0,00)0,20 -0,01
25000 B 1100 yes 0,005 1,444 30 very high 1 1,00 | 0,00 | 0,00| 0,00 -0,7
25000 E 1200 yes 0,034 1,444 800 very high 1 0,40 | 0,30 |0,30)0,00 -0,22
25000 E 1100 yes 0,034 1,444 800 very high 1 0,80 | 0,20 |0,00 0,00 0,17
25000 D 1200 yes 0,018 1,434 600 very high 1 0,70 | 0,20 |0,10 0,00 -0,13

path of friction, lubrication and shape. Table 3 shows the selected in-
dependent variables (neural network inputs).

4.2. Neural network structure and parameters

The set of data describing the modelled phenomenon (450 knowl-
edge vectors), was divided into the training set (70%), the validation
set (15%) and the test set (15%). At the network training stage, the
training set is applied. The validation set is used to control the course
of training by way of verifying how well the neurons are trained. In
practice, the training included two phases: selection of weights for

the training set and weight testing on samples from the validation set.
The modification of the weight values continued until approximation
error minimization was achieved or the error in the validation set
began to grow.

For the determination of the detailed, as well as optimal, network
architecture, the STATISTICA program and its module Automatic
Neural Networks were used. Tests were performed on a few tens of
architectures with different numbers of hidden neurons and different
activation functions in the hidden and the output layer (linear, sig-
moidal (logistic), tangensoidal and exponential). From among all the
networks generated by the program, the one characterizing in the low-
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Table 3. Idependent variables

L.P. INPUT variables Scope
1 number of forgings 0-25000
2 temperature [°C] 900-1200
3 nitrification yes/no
4 deformation time [s] 0-0,185
5 total time [s] 0-2,5
6 pressure [MPa] 0-1300
7 path of friction low, medium, high, very high
8 lubrication yes/no
9 shape A BCDEF

est validation error (at the level of 12%) was ultimately selected.
An additional measure of the model quality was the Pearson linear
correlation coefficient (R), calculated in the particular set types (train-
ing, validation and test), for the network and the set data reply. The
correlation coefficient for the training set reached the value of 0,937,
for the validation set - 0,828 and for the test set - 0,842. The assumed
error function is the sum of squared deviations (SOS) between the
set value and network output calculated for each set. The error value
for the training set is at the level of 3%, for the validation set - 12%,
and for the test set - 9%. Considering the problem’s degree of com-
plication, the number of input data and the assumed outputs, it can be
stated that the network parameters are at a sufficient level. Hyperbolic
tangent (Tanah) was assumed as the activation function in the hidden

Table 4. Parameters of MLP 19-25-5 neural network

layer layer layer
ofintput  of hidden of output
neurons neurons neurons

number of forgings

lemperature®

nitrification @
(z-m.)

= mechanical fatigue
deformation timee

total time® (z-s)
abrasive wear
pressure®
(zm c-m)
= thermo-mechanical fatigue
path of friction @4
G st (o-p.)
lubrication @—{ plastic deformation
wear
shape ®——

Fig. 7. Diagram of the elaborated MLP 19-25-5 network

neuron layer, and the logistic (sigmoidal) activation function was as-
sumed for the layer of output neurons. Table 4 shows the basic param-
eters of the elaborated network.

In the case of the selected MLP 19-25-5 network, the assumed
minimal approximation error was not achieved; the training process
was terminated in 56 epoch, when the validation error started to grow.
In this network, the BFGS (Broyden-Fletcher-Goldfarb-Shanno)
method was used for training. Fig.6 shows the process of change in
the error rate (training and validation) during training.

A simplified structure diagram of the selected network is present-

ed in Fig. 7. The network is of the MLP type, consisting of one input
Name of network MLP 19-25-5 layer (9 input variables/19 neurons), one hidden layer (25 neurons)
Error (training) 0,039309 and one output layer (5 neurons).
Error (validation 0,127667 .
( ) 4.3. Error analysis
Error (testing) 0,090174
Table shows the basic quality parameters for the elaborated net-
Quality (training) 0,937455 ‘ quality parame
work. The given errors (training, validation, test) concern the total
Quality (validation) 0,828000 network error calculated as the mean value of the remainder squares
Quality (testing) 0,842213 for all five output variables.
Training algorithm BFGS 56 A d§talled analysis of the errors for the MLP19-25-5 network,.for
the particular output variables, i.e. wear (wear) thermo-mechanical
Error function S0s fatigue (z-cm), abrasive wear (z-s), plastic strain (0-p), mechani-
Activation (hidden) Tanh cal fatigue (z-m), separated according to the particular sets: training,
o . validation, test, are compiled in Tables 5-9. The tables contain the fol-
Activation (output) Logistic N o i
lowing characteristics: remainder squares mean value, mean absolute
error, correlation coefficient.
mﬁ:&%ﬂ%“&ﬁfj&l In the ane}lysis of Tables 5-9, we can notice t.hat the. elaborated
0,55 network provides the best results for the mechanical fatigue output
0,50 variable (z-m). The correlation coefficient for the test set is at the level
0,45 0f 0,99, which gives a very high linear approximation, and the mean
0,40 absolute error equals 0,01. These results are presented in Table 6. The
a5 mean absolute error at the level of 0,04, for the test set, is exhibited
0'30 by the plastic strain output variable (o-p), presented in Table 7, where
=i the correlation coefficient for the test set equals 0,8. The lowest ap-
Lk proximation and the highest error can be expected for the thermo-
0.20
s Table 5. Summary of the network fit level for the observed variable wear
0,10 e et e i
N D [ (i Remainder Mean absolute Correlation
540 \\‘“——— wear squares mean error coefficient
60 e T | T value
0,05 Training 0,0306 0,1175 0,9577
0 10 ST R TR T T
Learning cycle — Validation Validation 0,1161 0,1833 0,8147
Fig. 6. Changes in errors (training and validation) depending on epoch Testing 0,0573 0,1579 0,9200

number for MLP 19-25-5 network
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Table 6. Summary of the network fit level for the observed variable z-m

Table 9. Summary of the network fit level for the observed variable z-cm

Remainder Mean absolute Correlation
zZ-m squares mean .
error coefficient
value
Training 0,0044 0,0196 0,9664
Validation 0,0039 0,0179 0,9759
Testing 0,0009 0,0114 0,9954

Table 7. Summary of the network fit level for the observed variable o-p

Remainder Mean absolute Correlation
o-p squares mean ..
error coefficient
value
Training 0,0018 0,0221 0,9425
Validation 0,0043 0,0366 0,8992
Testing 0,0061 0,0490 0,8077

Table 8. Summary of the network fit level for the observed variable z-s

Remainder Mean absolute Correlation
Z-S squares mean .
error coefficient
value
Training 0,0114 0,0659 0,9263
Validation 0,0359 0,1051 0,7711
Testing 0,0356 0,1122 0,7656

mechanical fatigue output variable (z-cm), for which the correlation
coefficient for the test set is at the level of 0,72, and the mean absolute
error equals 0,17 (table 9).

Table 10. Inference results for selected input scenario

Remainder Mean absolute Correlation
Z-cm squares mean ..
error coefficient
value
Training 0,0303 0,1064 0,8943
Validation 0,0949 0,1772 0,6790
Testing 0,0802 0,1722 0,7222

Conducted by the authors of the study in the scope of tool life
(material and others [11, 12]), concerning the input variables and
their sequence, are correct and the obtained hierarchy of importance
is mostly determined by the amount of data and its type. Only the
case of the pressure variable, for the elaborated network, is some-
what thought-provoking, as in the case of abrasive wear, described
by means of the Archard model, the volume of wear is proportional to
i.a. pressure. On the other hand, the Archard model proves effective
mainly for non-lubricable contacts. What is more, as it was pointed
out earlier, the input variables are generally not independent, and so,
even experienced researchers are faced with doubts when separately
analyzing some of the results.

44. Modeling results analysis

The analysis of the results obtained in the inference process, with
the use of a virtual experiment, as compared with the results obtained
empirically, shows an error at the level of 0-10%. Considering the fact
that, in the actual industrial processes, such differences can assume
even higher values for the particular tools, and the determination of
the dominant mechanism is not always possible, even when it is per-
formed by an experienced operator, the proposed inference model
should be treated as sufficient for the analysis of the described proc-
ess. Exemplary inference results obtained with the use of the elabo-

1 2 3 4 5 6 7
number of forgings 550 1850 1850 4000 4300
temperature 950 950 1200 1100 950
deformation time 0,183 0,048 0,048 0,083 0,027
. total time 1,684 1,068 1,068 0,603 1,444
E pressure 168 640 640 210 400
- lubrication 0 1 1 1 1
shape A D D A E
nitrification no yes yes no yes
path of friction low low low high medium
wear 0,0493 0,0497 0,0342 -0,0182 -0,105
S E Z-cm 0,000 0,877 0,912 0,403 0,149
& 3‘" z-S 0,000 0,113 0,028 0,295 0,836
g E o-p 0,000 0,000 0,059 0,300 0,013
Z-m 0,000 0,010 0,001 0,000 0,000
= wear 0,000 0,000 -0,040 -0,020 -0,250
S % p Z-cm 0,000 1,000 1,000 0,333 0,000
£k z-s 0,000 0,000 0,000 0,333 1,000
=N~
© E o-p 0,000 0,000 0,000 0,333 0,000
= Z-m 0,000 0,000 0,000 0,000 0,000
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rated neural network for selected input data scenarios, are presented
in Table 10.

The data presented in Table 10 confirms a good agreement and
a correct tendency of the calculations obtained from the elaborated
network, in reference to the experimental test results for the set values
of input parameters. The differences are at the level of 10%, which is
confirmed by the error set to evaluate the network. For example, for
the input values presented in column 6 (number of forgings = 4000,
temperature = 1100, deformation time = 0,083, total time = 0,63, pres-
sure = 210, lubrication = 1, shape = A, nitrification = no, path of fric-
tion = high), the network demonstrated wear at the level of -0,0182
mm, that is very close to 0, which is confirmed by the experimental
tests. According to the network, the wear mechanisms for this input
scenario are: thermo-mechanical fatigue (z-cm) at the level of 0,403,
abrasive wear (z-s) = 0,295 and plastic strain (o-p) = 0,300. The par-
ticipation of the mechanical fatigue mechanism (z-m) was determined
by the network to be at the level of 0. The experimental data in this
case confirms the correctness of the results provided by the network.
Precisely, these three mechanisms, with the participation of 0,33 each,
were pointed to in the experimental tests. Fig. 8 illustrates an interface
system developed which allowed for testing of the model.

=S E_PEK.

MULACIA FROCES BUCIA

vemiznn s Tuogrerany i Vaar sE

PARAMETRY WERCIOWE PARAMETRY WHISCIA

s g 5 rurycle:
"o IS [s2 Z 0043843
» e . 5
' 2 o s, n g
TR = s i - i
;. m : sl
prme: i 0000221
= i e - o
e ss2 Fanns ¢ - 0.000000
. - 0353777
s pmpar)
T :
ot

Fig. 8. Presentation of calculations by means of SEPEK interface

The developed interface is very user-friendly, as it allows for an
intuitive and efficient determination of the values of the input vari-
ables (by way of shifting the slide or directly entering the data). The
determination of any interesting values of input variables (number of
forgings, charge temperature, hardness, deformation time and total
time, pressures, path of friction, lubrication and the representative el-
ementary tool shape), automatically generates a report on the output
parameters. Preliminary tests of its use by employees working in se-
lected die forges (i. a.: Kuznia Jawor, Kuznia Polska) showed a high
ease into use and high functionality and practical usability.

4.5. Global interesting results

After successfully verifying the actions a decision support system
authors conducted a a global analysis using ANN. Fig. 9a shows an
example of the results of the percentage share the main mechanisms
of destruction and loss of geometric material for “common condi-
tions” prevailing in the industrial processes of forging, in the case of
tools with lubrication. In contrast, in Fig. 9b results for forging proc-

esses, that do not use cooling and lubricant. Table 11 shows the most
important parameters for the two variants of working tools: a) with
lubrication and cooling, and b) without lubrication and cooling.

The results indicate that in the hot forging process for the heated
tool (nitriding) and cooled, the dominant, destructive mechanism (for
average number of forgings of about 15,000) is a thermo-mechanical
fatigue, rather than abrasive wear. These results indicate a slightly dif-
ferent interpretation accepted in literature for the common view of the
fact, that statistically 70% of the forging dies is withdrawn from pro-
duction due to the loss dimensions - due to abrasive wear and plastic
deformation, 25% — as a consequence of fatigue cracks and only 5%
for other reasons (non-compliance with the technology, construction
and material defects, thermal and thermo-chemical treatment defects,
etc.). For a case when the tools are not lubricated and cooled per-
centage of the abrasive wear is dominant, increases also the share of
plastic deformation. Conducted research and analyzes for other values
characterizing parameters of the tools (pressure, contact times and the
deformation temperature of the initial billet, etc.) confirm the relation-
ship shown the dominance of thermal-mechanical fatigue in relation
to “easily measurable” abrasive wear. In contrast, it was also observed
that in case the tools are lubricated, but do not have the protective
layer in the form of “nitriding” thermo-mechanical fatigue is also a
parent, wherein, with the number of forging (the average number of
about 7000-8000 forgings), much faster, the predominant destructive
mechanism is abrasive wear.

The results presented in the diagrams were obtained based on the
experimental data (450 records of knowledge were elaborated), which
were used to construct a decision support system based on ASN for
the analysis and prediction of forging tool durability. On this basis,
the system generated the results for two different sets tool operation
conditions (for exemplary work conditions data, shown in Table 11).

In the case of diagram b), Fig. 9, the collection of experimen-
tal data (vectors of knowledge) also included the values of material
growth for a small number of forgings, which, as confirmed by the
studies, was the result of adhesion of the forging and tool material,
hence the positive values.

a)

o7

share of
without lubrication

of ge share of
mechanisms for typical forging conditiens

e b e
ERE—
s

number of forgings
o 5000 10000 15000 0000 15000 30000

——geometrical o
= of materisl

Fig. 9. Comparison of the percentage share results of the main mechanisms
of destruction and loss of material with growing number of forgings:
a) typical conditions - tools heated, lubricated and cooled, b) “non-
standard conditions” prevailing in the industrial processes of forging
- without lubrication

Table 11. The most important parameters of the forging tools: a) the typical conditions prevailing in the forging process for tools with lubrication, b) tools

without lubrication and cooling

erz‘i:;_; of Normal stress of Sur- Forming time Total contact time Lubrication
Work conditions p billet face tool detemined by (forging) deformated material Nitriding and coolin.
q FEM [MPa] [s] with tool [s] 8
With lubrication 1100 650 0,097 0,717 yes yes
Without lubrication 1100 650 0,097 0,717 no no
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Fig. 10.

Hardness VL

F¥EOERREORG:
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Distance from surface, me

Analysis of non-lubricated and non-cooled tools: a) results of scanning for the
collar area, b) temperature distribution in the most worn area, obtained from
MES, c) view of the dies used to forge a construction catch in the first operation,
d) microhardness measurement results, e) plastic deformations in the analyzed
area — metallographic microscope, e) traces of abrasive wear — scanning micro-

anism, and thermo-mechanical fatigue plays a secondary role. In
such cases, the percentage of plastic deformations increases as
well, as a result of the effect of temperature, which causes local
tempering of the tool material and lowering of durability. Fig. 10
shows images of exemplary tools, in the analyzed processes, for
which the descried situation takes place.

In contrast, for forging tools working under typical condi-
tions, such as hot and semi-hot die forging processes, which
are lubricated and cooled, thermo-mechanical fatigue is mostly
the dominant mechanism. As a result of periodical temperature
changes, during the forging process, we observe an alternating
expansion and ‘shrinkage’ of the surface layer of the die, which,
in consequence, leads to the formation of a thermal crack net-
work. The latter, as a result of periodical mechanical loads,
causes an increase in the stress concentration and expands by
forming a primary and, in time also, secondary crack network.
The spalling of the thermo-mechanical fatigue network causes
a further expansion of cracks and intensifies the abrasive wear.

scope

The local extremes in both diagrams with the number of over 15
thousand forgings, are caused by the fact that, in the experimental
studies, different tools from the same processes were selected (after
different numbers of produced forgings), and so, the obtained results
e.g. of the measurement of material loss for the tool after 12 thousand
forgings and another after 15 thousand, can vary slightly.

It should be noted that these results, obtained with the use of the
elaborated system, provide error at the level of up to 10%. Also, the
experimental data did not include (cover) all the areas, i.e. from 0 to
25 thousand forgings.

What is more, it was observed that, due to the working condi-
tions of the tools with similar numbers of forgings (about 17000, for
both sets of tool working conditions), a rapid increase of material loss
occurred. The macro- and micro-studies showed that larger parts of
material were detached, e.g. of the nitrided layer from different areas
or the oxidized and cracking network of thermo-mechanical fatigue,
which intensified the mechanism of abrasive wear, as they worked
as hard particles, abrading and taking away other parts of the tool
material. It is interesting to notice that, in the case of lubricated and
cooled tools, from as few as 20 thousand forgings up, we observe an
increase of the participation of thermal fatigue in respect of abrasive
wear. This case is slightly different than the one of non-cooled and
non-lubricated tools, for which, with the same number of forgings, a
drop of abrasive wear was observed, with a simultaneous increase of
thermo-mechanical fatigue.

The studies of the methods of evaluation and analysis of forging
tool durability, presented in works [8, 9, 11], have shown that: most of
the degradation mechanisms in the die forging processes performed at
elevated temperatures cause and reveal themselves in the form mate-
rial loss or shape change. The wear intensity changes with the change
of the process parameters, which is determined mainly by the contact
time, pressure values, temperature changes and tribological conditions.
That is why it has been commonly assumed that it is abrasive wear
which is the dominating degradation mechanism, whereas the second
dominating mechanism is plastic deformation. And so, very often, in
many elaborations, most of the degradation mechanisms are modelled
by means of the Archard abrasive wear model. As it has been demon-
strated by the results [6, 8] of the presented microstructural tests, the
results of surface scanning (Fig 10-11) and implemented to database
in the decision support system and the results obtained from the expert
system, the most frequently occurring as well as dominating mecha-
nism is thermo-mechanical fatigue, which additionally accelerates the
other degradation mechanisms. On this basis, it can draw, that in hot
die forging processes, in the case when the tools, in a particular opera-
tion or in the whole process, are not lubricated and cooled, it can be
assumed that abrasive wear is the actual dominant degradation mech-

The crack expansion is also favoured by the presence of scale,

which, by filling the crack, can work as a ‘wedge’. Under
such process conidtions, plastic deformations basically do not occur.
Fig. 11 presents a comparison of the state of the tools (die inserts)
after performance, used in the industrial process of forging a front
wheel, for the first operation (no lubrication or cooling) as well as for
the second operation (the tools are lubricated and cooled).

Fig. 11. Comparative analysis of unlubricated tools with lubri-
cated and cooled tools, used in the same forging process:
a) lower die insert after 9000 forgings, b) tool scanning results, c)
SEM image from the selected die area — traces of plastic deformation,
abrasive wear and oxidation, d) lower die insert after 1850 forgings,
e) image of the insert front from the selected area after 550 forgings, f)
after 4300 forgings, g) SEM image of the insert front from the marked
area in Fig. 11d — visible primary network of thermal fatigue, traces
of grooves formed as a result of abrasive wear by hard particles

Fig. 11 shows the results of the state of tools (die inserts) after
their exploitation, used in the manufacturing process of wheel forging
process for different working conditions confirmed the complexity
of the occurrence of many destructive mechanisms, both in different
regions of the tool, as well as the change and the progression of wear
with increasing the number of forgings.

The presented comparison illustrates very well the complexity
and variety of the mechanisms occurring in the case of forging tools,
which confirms my conviction even more that the analysis of durabil-
ity is still an existing challenge.

5. Summary

The work involves the use of artificial neural networks in a deci-
sion support system in durability prediction of forging tools used in
the hot die industrial forging processes.
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Forging tools (dies and punches) designed by engineers and tech-
nologists used in the die industrial forging process wear usually much
earlier than it was planned. The durability of forging tools depends
primarily on: the conditions under which extends the forging proc-
ess, the design and construction of tools, their proper heat treatment,
appropriate for the tool material, the shape initial billet and preform
and also a lubrication and cooling systems, etc. Therefore, it is advis-
able to systems development systems which provide the best choice
of tools working conditions in order to increase its life. Developed a
decision support system is an excellent IT, which could support and
supplement work of process engineer in the selection of the optimal
working conditions of forging tools. In the manuscript presented a
prototype version of such a system.

Presented in the article the system has been developed based on
the experimental data obtained for selected representative industrial
die forging processes, which include most of the processes imple-
mented in die forges. As the formal tool representing the knowledge in
the system, an artificial neural network was used. The set of data ap-
plied for network training contained 450 training cases coming from
the performed experimental research as well as computer simulations.
The results show that, by parameterizing the crucial factors of the
forging process, it is possible to develop an evaluation system of
the percentage of the typical failure mechanisms (thermo-mechanical
fatigue, mechanical wear, abrasive wear and plastic strain) and to cal-
culate the value of the geometrical defect of the tools.

Predicting the degree of wear/failure of the die and the type of
mechanisms responsible for this, with the assumed parameters of its
work, is a very complex process, difficult to design. The collected
source data and the neural network elaborated on its basis make the
assessment error at the level of 10%, which, considering the compli-
cation of the problem, is a satisfactory result. The level of the global
error with which the network model performs the calculations is at the
level of 10% (testing error = 0,09) and it is comparable with the value
of the error determined for the first version of the SEPEK system,
formalized by means of fuzzy logic (0-10% for the percentages of
wear mechanisms; 0-15% for the parameter of the wear degree). Con-
sidering the large differences in the wear of the particular tools and
the fact that pointing to the mechanism determining the wear cannot
always be clear, even in the case when it is performed by an experi-
enced expert, it can be assumed that the elaborated system provides

References

results with an acceptable error. One should also emphasize the fact
that the results obtained by the system have been verified and posi-
tively evaluated by experts.

Carried out thanks to decision support system-based on ANN glo-
bal analysis and other durability testing showed that fatigue thermo-
mechanical destruction due to oxidation, very often occur together
with the mechanism of wear, creating a synergy effect, causing the
acceleration, the most visible and “easily measurable” process abra-
sive wear. So, as clearly mentioned in the available literature rightly
given that as many as 70% of all withdrawn of forging tools from
further exploitation is the result of wear. But not informed by the fact
that a significant part of this share is caused by the strengthening of
the destructive mechanism mainly due to thermo-mechanical fatigue.
The synergy between these mechanisms results in detachment of
non-cyclic large particles for tool with a primary or secondary grid
of cracks and detachment of the cyclic much smaller particles - scale
in the form of hard oxides. All of these particles as a result of thermal
fatigue and oxidation work as a kind of abrasive greatly intensifying
the destruction process as a result of wear (abrasive wear). This in
turn leads to a sometimes very large changes in geometry tools which
translate directly to the forging, which from the point of view quality
and functionality of such a product is not permitted.

The further work aiming at perfecting the model will be con-
nected with the process of optimizing the network and introducing
a larger amount of training data obtained from the consecutive ex-
perimental data.

The results obtained and presented in the manuscript are distinctly
application character, because based on the these analysis concerning
of destructive mechanisms can be used appropriate methods or pre-
ventive measures that will allow to increase the durability of forging
tools. The recipients of this type of decision support systems are, as
revealed preliminary research especially technologists and engineers
working in the die forges.
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