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APPLICATION OF FEED-FORWARD NEURAL NETWORKS FOR
MODELING FRICTION PHENOMENA WITH PRESENCE OF
VEGETABLE OIL-BASED BIO-LUBRICANTS

ABSTRACT

Reducing the use of petroleum-based oil lubricants in metal forming processes is a major task of modern
sustainable industry. In order to meet the expectations of industry, this article presents the friction results of
DCO04 sheets in a friction pair with 145Cr6 tool steel tested with corn, sunflower, rapeseed, cottonseed and
soybean vegetable oils. The friction process variables were also contact pressure and surface roughness of
countersamples. The assessment of the lubricant efficiency was based on the friction coefficient value. Complex
phenomena in the contact zone make the interpretation of results difficult. Therefore, feed-forward neural
networks were used to analyse the relationship between input parameters and coefficient of friction. Different
training algorithms and transfer functions were tested to find the optimal architecture of the neural network. The
friction coefficient value, depended on the friction conditions and considering all tested oils, ranged between
0.155 and 0.181. The 3-10-1 neural network trained using the Levenberg-Marquardt algorithm and consisted of
neurons with a radial basis transfer function provided the lowest mean squared error (MSE = 2.2233x107%) and
the root mean squared error (RMSE = 0.001491). The prediction quality of this network defined by the
coefficient of determination was R? = 0.9697.

Keywords: feed-forward neural networks; coefficient of friction; friction; steel; training algorithm; transfer
function; tribology

INTRODUCTION

In the face of growing environmental awareness and emphasis on sustainable
development, biodegradability of raw materials used in industry is becoming a necessity.
Challenges related to reducing the negative impact on the natural environment force the metal
processing industry to intensively search for and implement solutions that are friendly to the
earth [1]. The transition to biodegradable raw materials is a step towards increasing the
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sustainability of production, which brings benefits to both the environment and manufacturers
[2, 3]. In addition to changing the way energy is obtained to drive machines, there is a trend
towards using highly biodegradable processing lubricants [4]. This is one of the ways to
eliminate substances derived from fossil fuels. It is also important that raw materials are
obtained in a sustainable manner, which means protecting natural resources and minimising
the negative impact on ecosystems [5]. The introduction of biodegradable materials in metal
processing technologies will significantly contribute to reducing the amount of waste ending
up in landfills [6]. About 85% of lubricants being used around the world are petroleum based
oils [7].

Friction is a phenomenon accompanying all metal plastic working processes. This
phenomenon depends mainly on the topography and the mechanical properties of the
tribological pair materials, the processing temperature, protective coatings on the tools and the
contact conditions [8-10]. In the sheet metal processing industry, forming processes are
usually carried out under lubrication conditions [11]. The purpose of the lubricant is to reduce
friction, reduce forming forces and ensure the appropriate quality of the drawpiece surfaces
[12]. The lubricant should be non-toxic, environmentally friendly to humans, adapted to the
forming temperature, and should be easily removed from the surface of the formed
components [13]. Temperature affects the friction phenomena in contact interface,
specifically galling and tool wear is accelerated with the increase of temperature [14]. Friction
reduction is possible by using hard tool coatings (i.e., TiN, TiCN, TiAIN) deposited through
chemical and physical vapor deposition processes [15].

The progress in the field of alternative lubricants is also observed as a result of the
introduction of new criteria that must be taken into account when forming the components,
such as: biodegradability, bioaccumulation, toxicity and ecotoxicity [16]. Conventional
synthetic lubricants are still widely used in sheet metal forming processes, but research results
on the use of edible and non-edible oils in forming processes appear in the literature.
According to Syahrullail and Afifah [17], vegetable oils have a great potential to replace the
petroleum-based oils and they are characterized by strong adhesion to the metal surface.
High-oleic vegetable oils are a prospective alternative to conventional mineral oil-based
lubricants [18]. Szewczyk and Szwajka [19] tested lubrication performance of non-edible and
edible oils in strip drawing test. It was found that karanja and moringa oils achieved the
lowest values of the coefficient of friction in DC04/145Cr6 steel friction pair. Wigckowski et
al. [20] tested effectiveness of pure rapeseed oil and rapeseed oil with additive of boric acid
during experimental strip drawing tests of X20Cr13/X165CrV12 friction pair. The results
revealed that the rapeseed oil with the additive of boric acid was the most effective bio-based
lubricant. Bucur et al. [21] considered palm oil and rapeseed oil as biodegradable lubricants in
metal forming. It was found that lubrication effectiveness is sensitive to the surface
topography of the tools. Trzepiecinski et al. [22] used karanja, rapeseed and sunflower oils to
lubricate pre-strained DCO04 steel sheets in flat die strip drawing test. The karanja oil provided
the lowest values of friction coefficient. Prakash and Kumar [23] examined the effectiveness
of jatropha, karanja and cottonseed oils in the deep drawing evaluating surface finish and the
drawability. Cottonseed bio-lubricant is found to be the most effective in reduction friction
than the other two oils. Trzepiecinski and Szpunar [24] compared lubrication performance of
palm and rapeseed oils and conventional synthetic oils. They found that in Ti-6Al-4V/NC6
tribological system, engine oil (SAE10W-40) ensured the most effective reduction of the
friction. Potential of using vegetable-based lubricants in the automotive sector was analysed
by Singh et al. [25]. Kandeva et al. [26] analysed the rapeseed oil with the addition of
different amounts of metal-containing additive (1-5 wt.%) in a steel-bronze tribological
system. It was found that bio-based oil reduced the wear, working temperature and coefficient
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of friction. Ahmad et al. in paper [27] discussed vegetable oil-based approaches for enhancing
tribological characteristics in metal forming operations. The way to further increase the
efficiency of biolubricants is to use optimal protective coatings [28], add extreme pressure
and anti-wear additives to oils [29] and texturise tools to enhance lubrication [30]. To
summarize the literature review, most studies have focused on the analysis of the lubrication
performance of some lubricants, such as, sunflower oil [22], boric acid [31], palm pressed
fiber [32], rapeseed oil [21], palm stearin and palm oil [33] and combination of canola oil and
boric acid [34]. Due to the presence of polar groups and long fatty acid chains and in the
structure of vegetable oils, they support the occurrence of boundary lubrication [35].
Compared with mineral oils, bio lubricants exhibiting higher flash point and higher viscosity
index [36].

The novelty of this article is that corn, sunflower, rapeseed, cottonseed and soybean
vegetable oils were used as alternative to petroleum-based oil lubricants for DC04/145Cr6
steel contacts in metal forming. The research was conducted using a strip drawing test used to
analyse friction phenomenon in sheet metal forming processes. Due to the complexity of the
friction phenomenon, feed-forward artificial neural networks with different transfer functions
were used to analyse the effect of friction process parameters on the coefficient of friction.
Furthermore, different training algorithms were considered.

MATERIALS AND METHODS

In the tests, one of the basic grades of deep-drawing steel sheets DC04 was used. The
sheet thickness was 0.8 mm. Chemical composition of the DC04 steel sheet according to the
EN 10130 [37] standard is shown in Table 1. The mechanical properties of the sheets meet the
criteria of the EN 10130 [37] standard. Selected mechanical properties (Table 2) were
determined in a uniaxial tensile test according to the [38] standard. The parameters (strength
coefficient — 481 MPa and strain hardening exponent — 0.18) in the Hollomon power equation
defining the character of material flow were also determined.

Table 1. Chemical composition of the DC04 steel sheet (wt.%)

C Si P S Al Fe
max. 0.08 max. 0.10 max. 0.025 max. 0.02 0.015-0.07 balance

Table 2. Basic mechanical properties of the DC04 steel sheet

Yield stress, MPa Ultimate tensile strength, MPa Elongation, %
185 302 22

The tested sheet is characterized by the following roughness parameters measured using a
CCI Lite profilometer: average roughness Sa = 1.32 um, root mean square deviation Sq =
1.54 um, maximum profile peak height Rp = 10.48 um, maximum height of profile Sz =
20.79 um, kurtosis Sku 2.11 and the skeweness Ssk = —0.12. SEM micrograph of the DC04
sheet metal in as-received state is presented in Fig. 1.
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Fig. 1. a) SEM micrograph of the DC04 steel sheet in as-received state; subfigure b) shows the enlarged area
marked in a) and subfigure c) shows the enlarged area marked in b)

EXPERIMENTAL PROCEDURE

The tests of determining the coefficient of friction of the sheets were carried out using the
strip drawing test. This test is commonly used to study the friction conditions under the
blankholder in the deep-drawing processes. The specially designed device consists of two
main working elements — cylindrical countersamples (Fig. 2). During the test, the sample in
the form of an 18 mm wide sheet metal strip was clamped between the countersamples with
the specific normal force Fn (Fig. 2). One of the ends of the sheet metal strip was fixed in the
grip of the testing machine. The tribotester body was attached to the second (lower) grip of
the testing machine.

gripper Fp
specimen I right spring
left counte_rsample
counteLsarpple insert

e

e Tl

Fy

Fig. 2. Schematic diagram of the strip drawing test

The force of pressing the countersamples was applied by means of a spring with the
following force characteristic Fn = f(deflection x): Fn = 10.154x + 0.66 (R? = 0.999). This
relationship was determined based on the uniaxial compression test of the spring on a testing
machine. The pressing forces were applied by shortening the spring resulting from the above
equation so as to obtain contact pressures between 1.8 and 5.1 MPa. The value of the contact
pressure based on the normal force was determined according to the relationship [39]:

_m Fn/WE 1
p_4,/ 21R W)
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where
b 2E,E,
CE(1-v) +E,(1—-v)

where w is sample width, R is the radius of the countersample; E1 (186.9 GPa) and v: are the
Young’s moduli and Poisson’s ratio of the sheet metal, respectively; E> (210 GPa) [40] and v
are the Young’s moduli and the Poisson’s ratio of countersample materials, respectively.

The pulling force Fp was measured using a measuring system of a testing machine. For
each contact pressure, the friction path was about 40 mm. The sliding speed was 5 mm/min.
Friction tests were performed at room temperature (23°C). The coefficient of friction was
determined based on three repetitions according to the relationship:

Fp
= 2Fy 3)

Five vegetable oils were tested: corn, sunflower, rapeseed, cottonseed and soybean with
kinematic viscosity of 46.3, 58, 51, 50.1 and 65.4 mm?/s, respectively. Lubrication strategy
was adopted according to [41].

Countersamples were made of 145Cr6 cold-work tool steel. Due to the method of
manufacturing cylindrical countersamples (turning and grinding), surface roughness was
measured to obtain average roughness Ra of 0.32(+0.025) pm, 0.63(+0.031) um and
1.25(+0.049) um measured along the countersamples generatrix. Furthermore, average
roughness Sa was measured using Alicona InfiniteFocus instrument, which was equal to
0.44(%+0.035) um, 0.56(+0.033) um and 1.35(+0.045) um for countersamples characterised by
average roughness 0.32(+0.025) pum, 0.63(x0.031) um and 1.25 (+0.049) pm, respectively.
Detailed characteristics of countersamples’ surface can be found in [42].

()

1l

Artificial Neural Networks

A feed-forward artificial neural network (ANN) consists of at least three layers (input
layer, hidden layer and output layer). Each of these layers contains neurons, but the number of
neurons in the input layer is determined by the number of input parameters. Similarly, the
number of neurons in the output layer corresponds to the number of explained variables. The
designer's task is to select the appropriate number of neurons in the hidden layer or hidden
layers. Training a neural network involves presenting the network with data and modifying
the weights of the neurons in the network so that the network error is reduced to a minimum.
The following training functions were used to train ANNSs: scaled conjugate gradient
algorithm (Trainscg), Levenberg-Marquardt (Trainlm), conjugate gradient with Polak-Ribiere
updates (Traincgp), conjugate gradient with Powell-Beale restarts (Traincgb) and conjugate
gradient with Fletcher-Reeves updates (Traincgf).

The input parameters used were contact pressure, lubricant viscosity and the average
surface roughness of countersamples. The output variable was the coefficient of friction. The
entire data set contained 90 training sets. To increase the efficiency of the learning algorithm,
the experimental data set should be randomly divided into three data sets: the main (training)
set, the validation set and the test set. According to previous studies [43], 80% of the data was
assigned to the training set, and 20% for testing. The training dataset was divided into
validation and test subsets to ensure that the model learnt from and assessed all data samples.
The training dataset, comprising 80% of the whole dataset, was then partitioned as follows:
70% for training, 15% for validation, and 15% for testing. The testing dataset, comprising
20%, was reserved for final evaluation and was excluded from the training datasets. The ANN
model is initially fit on a training data set, which is a set of examples used to fit the weights of
connections between neurons in ANN [44]. Finally, the test data set is a data set used to
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provide an unbiased evaluation of a final model fit on the training data set [45]. The data in
the test data set were not used in training. The fitted model is used to predict the responses for
the observations in the validation data set. This set provides an unbiased evaluation of a
model fit on the training data set while tuning the model's hyperparameters [45]. The
validation set is also used to determine when to stop the training process to prevent overfitting
[46].

The neuron activation function allows for determining the output value of the neuron
based on the aggregated input value (total neuron excitation). Based on the excitation of all
neurons in the neural network, the value of the output parameter (coefficient of friction) was
determined. The following transfer functions were used in the analyses: pure linear function
(Purelin), log-sigmoid transfer function (Logsig), hyperbolic tangent sigmoid function
(Tansig), Softmax and the radial basis (Radbas) transfer function.

The quality of a neural network's forecasting is assessed based on many indicators and
parameters. In our research, the following metrics were utilized to validate the neural model:
the root mean squared error (RMSE), the coefficient of determination (R?) and the mean
squared error (MSE) [47]:

1 n
RMSE = NZ(yV - 3.)? “
RE=1— Ty —9)° (5)

Zin—l(Yr - Yr)z
1w ,
MSE = H;(yv ~ ) (6)

where n is number of observation, y; is the target value, yy is the predicted value and y is the
average target value.

RESULTS AND DISCUSSION

Experiments

Fig. 3 shows the influence of contact pressure and type of lubricant on the friction
coefficient value. In the case of corn oil, the influence of countersample roughness on the
coefficient of friction is not clear (Fig. 3a). Although there is a clear tendency to reduce
friction with increasing pressure, the friction coefficient values determined for individual
contact pressures differ by about 0.05-0.07. Friction with sunflower oil of much higher
viscosity than corn oil revealed a clear influence of countersample roughness on the
coefficient of friction. The countersample with the highest analysed average roughness Ra =
1.25 um showed a clearly higher friction coefficient value (Fig. 3b). The influence of
countersample roughness on the friction coefficient should be considered together with the oil
viscosity because for rapeseed oil the highest friction coefficients were recorded for the
countersample with average roughness Ra = 0.63 um (Fig. 3c).
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Fig. 3. Effect of contact pressure on the coefficient of friction for: a) corn, b) sunflower, c) rapeseed, d) cottonseed
and e) soybean oil

The friction coefficient values for this roughness were higher by about 0.07-0.12 in
relation to the other two countersamples’ roughnesses. The friction coefficient values for
cottonseed oil varied in the range of 0.165-0.181, but higher friction coefficients were

recorded for lower contact pressures (Fig. 3d). Friction with the oil of the highest analysed
viscosity showed that the highest friction coefficient occurred for the countersamples with
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average surface roughness Ra = 0.63 um (Fig. 3e). The influence of the countersample
roughness should be considered together with the contact pressure and oil viscosity. At low
countersamples roughness, there is a relatively large real contact area. However, at a high
surface asperities, mechanical interaction of the asperity summits and deep grooves in the
sheet metal surface dominate. High contact pressure with low surface roughness of the
countersample favours the phenomenon of flattening of asperities and the formation of closed
valleys, so called closed lubricant pockets (Figs. 4, 5).

closed lubricant pockets groove

N—
flattened
area

sliding direction

SEM HV: 20.0 kV WD: 14.84 mm MIRAS TESCAN]  SEM HV: 20.0 kv WD: 14.84 mm MIRAS TESCANJ  SEM HV: 20.0 kv WO: 1464 mm
SEM MAG: 200 x Det: SE 200 pm SEM MAG: 500 x Det: SE 100 pm SEM MAG: 1.00 kx Det: SE

Fig. 4. SEM micrographs of DC94 steel sheet after friction test under the following conditions: lubricant —
sunflower oil, contact pressure — 4.1 MPa, Ra of countersamples — 0.32 ym
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Fig. 5. SEM micrographs of DC04 steel sheet after friction test under the following conditions: lubricant — soybean
oil, contact pressure — 5.1 MPa, Ra of countersamples — 0.63 um

The formation of such pockets is beneficial because the lubricant enclosed in such
pockets transfers part of the load, limiting the mechanical contact of the rubbing surfaces. The
wear mechanism that is abrasive and fatigue-induced delamination leading to pocket
formation. Generally, the phenomenon of flattening of asperities presented in Figs. 4 and 5
occurred during friction with the participation of all oils and all contact pressures. Of course,
the greater the contact pressure, the more intense the phenomenon was. Quantitative analysis
of tribological phenomena occurring during friction of a soft sheet metal and a hard tool is
very difficult without the use of analytical tools such as artificial neural networks.

The primary goal of the authors was to carry out tribological examination of the sheets in
the conditions of the real forming process/ therefore, the strip sheets were tested in the as-



T. Trzepiecinski, M. T. Mezher, V. D. Luiz, S. E. Laouini, H. G. Lemu: Application of feed-forward 59
neural networks for modeling friction phenomena with presence of vegetable oil based bio-lubricants

received state (Fig. 1). The surface of as-received sheets has not been polished, so it also
affects the wear mechanism, and probably all non-uniformities act as a third body in abrasive
wear.

Artificial Neural Networks

Table 3 shows the values of the obtained network quality metrics. The 3-10-1 neural
network trained using the Levenberg-Marquardt algorithm (Trainlm) and with a radial basis
(Radbas) transfer function provided the lowest mean squared error (MSE = 2.2233x107°) and
the root mean squared error (RMSE = 0.001491), and at the same time the highest R?-value
(0.9697). The worst prediction defined by the coefficient of determination was obtained for
the Trainlm training algorithm with the Purelin transfer function (R? = 0.62821). The highest
mean squared error (MSE = 2.29903x107°) was characterised by the network trained using the
conjugate gradient algorithm with Powell-Beale restarts (Traincgb) and with a pure linear
transfer function. Regardless of the type of training algorithm, the lowest values of the
coefficient of determination were obtained for networks containing neurons with Purelin
transfer function. This means that the experimental data are characterised by nonlinearity of
the influence of friction process parameters on the coefficient of friction and pure linear
transfer function is not effective enough.

Table 3. Validation metrics for analysing the coefficient of friction neural network model

Training function Transfer function MSE RMSE R?

Radbas 2.2233%x10°° 0.001491 0.9697

Tansig 2.31803x10°  0.001522 0.96854

Trainlm Softmax 6.50842x10°  0.002551 0.90942
Logsig 1.43319x10°  0.003785 0.88167

Purelin 2.25651x10°  0.004750 0.62821

Radbas 1.33703x10°  0.003656 0.80556

) Tansig 1.45335x10°  0.003812 0.78231
Trainscg Softmax 1.33174x10°  0.003649 0.80255
Logsig 1.51809x10°  0.003896 0.77056

Purelin 2.26746x10°  0.004761 0.63144

Radbas 3.06506x10°  0.001750 0.89753

_ Tansig 1.01683x10°  0.003188 0.8531
Traincgf Softmax 1.48374x10°  0.003851 0.77602
Logsig 1.16673x10°  0.003415 0.8289

Purelin 2.25605x10°  0.004749 0.62961

Radbas 1.20618x10°  0.003473 0.82334

) Tansig 9.84491x10°  0.003137 0.85819
Traincgb Softmax 2.0461x10°° 0.004523 0.67742
Logsig 1.57331x10°  0.003966 0.76335

Purelin 2.29903x10°  0.004794 0.63002

Radbas 1.11194x107°  0.003334 0.83937

) Tansig 1.67091x10°  0.004087 0.76239
Traincgp Softmax 1.6442x107° 0.004054 0.74769
Logsig 1.43319x10°  0.003785 0.78582

Purelin 2.24726x10°  0.004741 0.63152
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Table 4 presents additional regression metrics for the best network (R? = 0.9697): the
mean absolute error (MAE), the mean error (ME) and the mean relative error (MRE) [47]:

MAE = %Z(m ~ il )
ME = %Z(y - ve) ®)
MRE:%Z(yvy_ryr> )

Table 4. Evaluation of the best neural network model (Trainlim with Radbas) based on the validation metrics

Validation metric MSE R?2 ME MAE RMSE MRE
Value 2.2233x107% 0.9697 —8.5776x10°° 0.001222 0.001491 5.7219x1077

MAE provide a more precise assessment compared to other validation measures [47].
There are no a substantial difference between the MAE (0.001222) and RMSE (0.001491)
errors which indicates no important discrepancies in the error distribution. The predicted data
of the artificial neural network is more consistent with the actual value when R? is closer to
one and the mean relative error is closer to zero. The tests obtained MRE = 5.7219x107"
(Table 2), which is a very low value in relation to the friction coefficient value usually given
with an accuracy of two significant digits.

The regression lines for the best neural network found with respect to the training set,
validation set, and test set are shown in Fig. 6a-6¢. Fig. 6b compares the predicted and
experimental friction coefficient values for the cumulative data set. The data represented by
circles are distributed proportionally along the regression lines, which indicates that the data
is normally distributed. This distribution is one of the most important probability
distributions, playing an important role in statistics. The slope of the regression line indicates
that in the range of small coefficients of friction, the neural network model slightly
overestimates the data and vice versa in the range of large coefficients of friction, the model
slightly underestimates the value of this coefficient. However, the prediction is at a
satisfactory level (R?> = 0.96741). Despite the fact that there was much less data in the
validation and test sets (15% each), the prediction for these sets is at a similar level as for the
training set. The values of the coefficients of determination for the validation and test sets are
0.97383 and 0.9797, respectively. Therefore, the quality of the cumulative prediction of the
neural network model for all data (R? = 0.9697) is in very good agreement with the prediction
for the training set (R? = 0.96741). Furthermore, Fig. 7 showed a significant positive
correlation between the predicted and actual coefficient of friction findings of the best ANN
model using the Trainlm training algorithm with the Radbas transfer function.
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CONCLUSIONS

The article presents the results of the research on the potential of using vegetable oils in
sheet metal forming processes. The test material used was deep-drawing DCO04 steel sheet,
commonly used in the automotive industry. Experimental studies using strip drawing test
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have shown a similar potential to reduce the friction coefficient by the tested oils. The friction
coefficient value, dependent on the friction conditions and considering all tested oils, ranged
between 0.155 and 0.181. In the range of contact pressures analysed, corresponding to real
forming conditions in deep-drawing processes, the basic friction mechanism was flattening of
surface asperities. The intensity of this phenomenon depended mainly on the contact pressure
and the surface roughness of the countersamples. Based on the obtained set of 90
experimental data sets, a feed-forward neural networks were built to predict the friction
coefficient value. Among the many applied training algorithms and different transfer
functions of neurons, the 3-10-1 network trained using the Levenberg-Marquardt algorithm
and consisted of neurons with a radial basis transfer function provided the lowest mean
squared error (MSE = 2.2233x107%) and the root mean squared error (RMSE = 0.001491).
The high prognostic ability of this network was confirmed by the value of the coefficient of
determination R? = 0.9697. Depending on the type of data set, the value of the determination
coefficient varied between R? = 0.96741 (training set) and R? = 0.9797 (test set). Artificial
neural networks containing neurons with Purelin transfer function showed the lowest
coefficients of determination.

The results of the experimental studies meet the need for the development of sustainable
manufacturing, in which the sheet metal forming process is carried out without the
participation or with a minimal participation of substances derived from the processing of
crude oil. Both the studies presented in this article, as well as the results of the authors'
previous works, indicate similar or better lubricating properties of environmentally friendly
vegetable oils. The results of the studies and the methodology used in the studies can be used
by designers of deep-drawing processes. Although the article focuses mainly on the
application of neural networks to modeling the friction phenomenon, the discussion of the
experimental results allows for a better understanding of the complexity of tribological
phenomena accompanying the sheet metal forming process. The presented research results,
after extending the training set, can be the basis for the use of other statistical algorithms,
including machine learning, support vector machines or gradient boosting to model the
friction phenomenon of deep-drawing quality sheet metals.
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