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Article abstract Keywords
Cutrently, lubricant additives represent an effective approach for addressing the increasing in-  Graphene
dustrial demand for enhanced tribological performance and extended service life of forming Deep drawing
tools. Graphene-based nanocomposites have shown considerable potential in reducing wear and  Nanocomposite

friction while improving lubricant viscosity and thermal stability. Therefore, this study investi-
gates the tribological performance of graphene-enhanced lubricants containing concentrations
of 0, 2,4, 6, 8, and 10 mg/ml graphene combined with 2 wt. % TiO2 nano-additives under deep
drawing conditions. Experiments wete conducted within a temperature range of 25-150 °C and
applied loads from 5-50 N. The results demonstrated that the lubricant containing 6 mg/ml
graphene exhibited the highest tribological enhancement among all tested concentrations. This
concentration achieved approximately 43% improvement in weat resistance, 40% reduction in
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coefficient of friction, and 35% increase in kinetic viscosity compared with the base lubricant  10.21062/mft.2026.038
without graphene additives. The supetior performance of the 6 mg/ml formulation is attributed
to the formation of a more stable protective tribofilm, enhanced load-carrying capacity, im-
proved surface separation, and increased thermal stability under severe operating conditions.
Furthermore, the addition of graphene nanoparticles significantly reduced direct metal-to-metal
contact and improved lubricant film durability, particulatly at elevated temperatures and higher
applied loads. To further analyze and optimize the experimental results, an artificial neural net-
wotk model based on a multilayer perceptron (MLP) architecture was developed using both
experimental and simulation data. The artificial neural network (ANN) model demonstrated
strong predictive capability for wear rate, coefficient of friction, and viscosity as functions of
graphene concentration, temperature, and load. The findings confirm the effectiveness of gra-
phene-enhanced nanolubricants in improving the durability and efficiency of deep drawing dies
for industrial applications.
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1 Introduction

Deep drawing is a widely used manufacturing process that involves a sheet metal blank that is radially drawn
into a forming die by a force (mechanical action) of a punch. The process is considered "deep" drawing when the
depth of the drawn part exceeds its diameter. Deep drawing dies play a crucial role in this process, their wear and
tear over time can significantly impact product quality and production efficiency. To address this issue, the deve-
lopment of advanced lubricants is essential to improve wear resistance and prolong the lifespan of drawing dies
[1-3].

Graphene, a two-dimensional nanomaterial with exceptional mechanical, thermal, and lubricating properties,
has shown great promise in enhancing the performance of lubricants. This proposal outlines a research project
aimed at investigating the potential of graphene-enhanced composite lubricants to improve wear resistance in deep
drawing dies while considering the effect of temperature variations [4-6]. In this research, manufacturing and de-
sign of deep drawing dies will take from handbook of die design.

The energy losing from wear and friction accompts for 1/3 of the wotld 's energy wasting, that

lead to added energy reserves and challenges for environmental protection. The effects of lubrication technical
are necessary to enhance the energy adaptability of mechanical operations, leads to mass failures and improving



the serving life of the machine an [7- 9].

The percentage 80% of part or component failure because of tears and wear. [10][11] friction and wear not
only effect on machine, lifespan, operation, maintenance of traditional industrial equipment, and part quality, but
also effect on human applications, biological and micro-devices [12-14].

When a applied lubricating materials in many fields as aero engines are needed to show continued lubrication
performing cross a broad-based temperature extent, that means it can keep stability of coefficient of friction in
environments with different temperatures. The materials of lubricant are very high sensitivity to temperature (i.c.)
if used the max. setting temperature of traditional liquid lubricating-materials is often no more than (200°C), while
polymer based self-lubricating materials used service temperature is limited specific to about (400°C). But mecha-
nical lubrication more than temperature (400°C) can be cartied through solid lubrication only [4][5].

In this search, the range of temperature will use (25, 50,75,100,125,150) © C to check the effect of thermal
properties on nanomaterials with lubricants. Upon no alone coating or solid lubricant, has been happened to be
able to keep low coefficient of friction and wear rate cross a comprehensive group of temperatures and under
different environmental conditions. Notice that continued lubrication from room-temperature to high-tempera-
ture has become a bottle cervix stopping excelling in tribological performances. [15][16].

Graphene demonstrations have very high mechanical strength, high electronic and thermal conductivity, and
other nonpareil properties that make it really quaint for many applications [17][18]. They can smoothly penetrate
the friction interface involved in the friction process and change the interaction between the friction pairs into the
sliding between the sheets, because of the small size of the graphene materials and low interlayer shear force
[19][20]. Because nano-graphene particles has high surface activity, they can greatly adsorb to friction surfaces and
be a protective and stable three layers film, which practically prevents direct-contact with solid friction surfaces
[21]. Due to its strong Van der Waals forces and large specific surface area between its layers, graphene has a slant
to rapidly clump together [22]. When adding the graphene particles in the lubricant stay to the bottom, only the
top of the lubricant is left with the empty base oil, therefore the wear and friction cannot be reduced. This effect
of the serving of the lubricant as dispersion stability is important factor for an excellent lubricant. At the fact of
graphene has great potential for numbers applications, also it has some inherent properties such as chemical inert-
ness and no band gap which limit its application [23][24]. Because of this reason, the researchers are studying the
function of graphene by reaction with inorganic or organic molecules, chemical modification of graphene's sutface
and non-covalent interactions [25]. The lubricating characterizations and great mechanical of nanoparticles have
attracted great importance and motivates researchers have instituted that nanoparticles used as lubricant additives
to significantly improve lubricating performance [26]. There are many types of nanomaterials used such as, mate-
rials inorganic or organic nanoparticles (molybdenum, iron, coppet/graphene, oxide/graphene, titanium, disul-
fide/graphene, dioxide/polystyrene etc.), carbon-based nanomaterials such as fullerenes and inclusive of metal
based nanoparticles (copper, iron ,copper ,molybdenum disulfide, oxide etc.).Lately the graphene and its-derivati-
ves have seemed as (key materials) for the development of different strategies due to their excellent physical,
mechanical , chemical and three layers film properties [21-27].

Additionally, the project will employ artificial neural networks (ANNSs) for in-depth analysis of the results.
Artificial-intelligence techniques like ANN is used to constitute individual relationship between input and output
parameters given to ANN as data driven models. The idealism models which give correct-relationship, and which
are near to the target (t) demandable are selected for further optimization. The optimization is checked through
(GA) genetic algorithm to estimate the best chosen ANN models are fed as inputs which applied as an objective-
function for implementing the optimization [28-31].

Deep Neural Network consist of three principal types: Multi-Layer Perceptrons (MLP), Recurrent Neural
Networks (RNN) and Recurrent Neural Networks (CNN). In this proposal will work on the first type MLPs

models which are the most famous neural network, which is composed of a series of fully connected.

A number of studies have been conducted on the use of graphene-enhanced nanocomposite lubricants for
improved wear resistance. These studies have shown that graphene can improve the tribological properties of
lubricants by reducing friction, increasing load-carrying capacity, and preventing adhesion and wear. Recently,
many previous studies have used nanoparticles as lubricant additives and showed lubricating mechanisms There-
fore scientists are searching and working innovative ways to manufacturing nanocomposite and hybrids of lubri-
cant particles. For example:

Hettiarachchi et al. [32] used 2D nanocomposites of Al,O with graphene as new additives in coconut oil to
enhance engine performance and concluded the decreasing of friction and wear under a lubricant requires different
parameters including temperature, viscosity, pressure and density that resulted clear reductions in the coefficient
of friction (COF) 28 % and specific fuel consumption 8 %.

Miao et al. [33] prepared the film of (Ti3C,+GO) nanocomposite by a EPD facile method and resulted of
tribological test indicate that the nanocomposite film deposited under 35V exhibits remarkable friction reduction



and wear resistance. Namely, the average COF of Ti3Cz-GO nanocomposite film is reduced by 76% and the wear
volume reduced by 86% respectively, compared with the film without GO. Also, the enhanced tribological prope-
rties of (TizC,+GO) nano-composite films are suggested to be the in-situ formation of tribology film.

Madkour et al. [34] Studied Multi walled carbon nanotube (MWCN) and graphene nanoplatelets reinforced
thermoplastic-poly-biodegradable nanocomposites by using solution casting techniques. The addition of graphene
with varied amounts was aimed at enhancing the tribological, mechanical and thermal properties of the nanocom-
posites. The polymeric nanocomposites appeared very advantages for automotive lubricating purposes, food pac-
kaging and oil drilling relevance’s.

Omrani et al. [35] investigated two groups of composite (Al/ graphite with 1%) nanoplatelets, while the other
group of composites (Al/graphite 1% / Al,O3 2%) nanoparticles. The first group of composites showed (20%)
increase in hardness while the other group of composites showed 27% increases in hardness compared to Al pure.
The COF coefficient of friction tested at 20N and it showed lower by 22% for Al/graphite with 1% and lower
53% for Al/graphite 1% / Al,O3 2% compared to corresponding alloys without graphene materials.

Zhou et al. [36]. Tested the wear resistance and tribological of Ti6Al4V with multilayer graphene MLG / Ag
composites TMAC with different temperature from (25 - 600) °C. The results showed that TMAC obtains bettet
tribological behavior, if comparison with Ti6Al4V alloy and Ti6Al4V-Ag composites under the same condition of
400 °C- 10 N - 0.2 m/s, the TMAC gets the best tribological properties with the wear rate of 7.0 9 1075 mm?3
N~' m~" and COF of 0.24.

Wang et al. [37] concluded, when the addition of few-layer graphene (FLGs) with in-situ TiC can enhanced the
compressive strength of composite materials. Also tested wear resistance of materials under the sliding velocity of
(200 r/min) and normal load of (800g) and found the average coefficient of friction and wear rate are 0.63 and
0.73 x 1077mm? N™1m™? respectively, when the weight fraction of FLG was less than 0.6 %.This research aims
to develop an intelligent model based on artificial intelligence techniques to predict the failure of deep drawing
dies in manufacturing processes. By applying predictive maintenance methods and analyzing data collected from
embedded sensors, the model seeks to identify patterns and anomalies that indicate potential failures. Bao et al.
[38] studied Mn3Oa/graphene (MnsO4#G) nanocomposites as additives in lithium grease for heavy-load lubrica-
tion. Their results showed that adding 0.1 wt% MnsOs#G reduced the coefficient of friction by 43.5% and wear
depth by 86.1% compared with grease containing pure graphene. The improved performance was attributed to
the formation of a thin protective tribofilm, the low-shear lubricating action of graphene, and the ability of Mn3Oa
nanoparticles to fill surface defects, resulting in enhanced friction reduction and wear resistance under high-con-
tact-pressure conditions.

Furthermore, the objective of this reseatch is to investigate and improve the tribological performance of deep
drawing dies through the development of a graphene-reinforced nanocomposite lubricant based on SAE-40 oil
and TiO2 nanoparticles. The research aims to evaluate the effects of graphene concentration, operating tempera-
ture, and applied load on key tribological characteristics, including wear rate, COF, and lubricant viscosity. In
addition, finite element simulation using DEFORM-3D is employed to analyze the deep drawing process and
identify critical stress, strain, velocity, and displacement distributions within the die-workpiece system. Further-
more, the study seeks to develop an intelligent predictive framework based on ANN to accurately model and
predict tribological behavior under various operating conditions. By integrating experimental investigations, nu-
merical simulation, and artificial intelligence techniques, the work aims to determine the optimum lubricant for-
mulation capable of enhancing wear resistance, reducing frictional losses, extending deep drawing die service life,
lowering maintenance costs, and improving the overall efficiency and productivity of metal forming operations.

2 Experimental Procedure
2.1 Design deep drawing and simulation with Deform 2D program

Deep drawing dies as shown in figure 1 are designed according to [39][40]. All the fundamentals of deep dra-
wing die design and all details done by 3D- Deform as shown in figure (2). DEFORM-3D is a strong workable
simulation regime designed to analyze three-dimensional 3D belch of complicated metal forming proces-
ses. DEFORM-3D is an efficient and practical tool to forecast the metal flow in industrial forming operations
without the cost, the typical applications include: forging, machining, rolling, drawing, extrusion, compaction,
cogging, heading, upsetting. DEFORM based on the finite element process, it has proven to be robust and accurate
in industrial application for more than two decades [41].
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Fig. 1 Design parts of deep drawing dies and dimension.

Fig. 2 Design deep drawing dies and estimate perfect stress-¢ffective by 3D deform.

2.2 Preparation and manufacturing deep drawing die

Manufacturing deep drawing dies from tool steel material (1.2344 according to DIN G X 40 CR MO V 5 1).
Table 1 shows classification and nominal compositions of selected tool steel. Original hardness for tool steel
was 21 HRC heat treatment of this steel should be made to increase the hardness, the heat treatment was done
in Nasr State Company. After that the hardness was measured by Rockwell device, this average hardness was
approximately 499HRC. Table 2 shows recommended heat-treating practices for tool steel.

Tab. 1 classification and nominal compositions of selected tool steel [40)].

Steel C Mn Si W Mo Cr Y Other
X40CrMOVS51 0.35 — — — 1.50 5.00 1.00 —




Table 2 Recommended heat-treating practices for hot-work tool steel [40].

H13 Tool Steel | 1.2344 | X40CtMoV5-1 | SKD61 Hot Work Steel

Molybdenum hot work steels
Hardening
Type Rate of . Quenching Tempering Quenched
- Holding .
. Preheat Hardening . medium temperature hardness,
heating time,
temperature temperature min HRC
°C °F °C °F °C °F
H13 Moderately 815 | 1500 | 995- | 1825- 15-40 AorO 540- | 1000- 49-53
from 1040\ 1900 650 | 1200
Preheat

2.3 Preparation of lubricating oils
Lubrication of SAE-40 oil was Castrol syntil type. Its main properties are shown in table 3. In this search, the
graphene was prepared by exfoliation and dispersed in SAE-40 oils. The SEM photo of graphene particles is
shown in figure 3. The graphene particles prepared by exfoliation method have relatively complete crystal
lattice and a low number of defects. In addition, the particle size of graphene was distributed more intensively
and the average particle size of (~ 2-4)um.

Table 3 Properties of SAE-40 oils.

Property Value
Kinematic viscosity at 100 °C 14.5
(cSt)
Kinematic viscosity at 40 °C 109.84
(cSt)
Viscosity index 135
Density at 15 °C (kg/m3) 904
Pour Point (°C) =27
Flash point (°C) 220




Fig. 3 Photo of SEM graphene particles

The material used in the present work procutred from Sigma, Aldrich /Germany the nanocomposite petfor-
mance is of great importance on the initial concentration of graphene in lubricant. In this work used many
different concentrations of graphene (0, 2, 4, 6, 8, 10) mg/ml + 2% TiO, with oil.

Too much graphene can cause agglomeration, making the lubricant non-effective. On the other hand, lower
graphene dose would not have the needed improvements in tribological properties. Therefore, to create stable
suspension by dispersing graphene nanoparticles in the base lubricant a combination of Ultra sonication and
stirring were used as shown figure 4 (a, b). Hence, a preliminary series of experiments were carried out in
order to find the optimal amount of graphene to be added to reach the highest performance under deep
drawing conditions.

The Raman-spectra of graphene particles can be seen in figure (5) that the intensity of the peak (D) of gra-
phene is lower because the defects of graphene are fewer [7].

Raman spectroscopy is a powerful tool to evaluate the vibrational modes of graphene sheets [41].

- W

)

Fig. 4 (a) The photo of basic oil with nanoparticles of graphene without stirring and ultrasonic treatment at different times, (b)
The photo of basic oil with nanoparticles of graphene with stirring and ultrasonic treatment at different times.
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Fig. 5 Raman-spectra of graphene particles [7].



2.4 Tribological properties

Wear characteristics of the deep drawing dies, such as surface roughness, weight loss, and microstructural
changes, will be analyzed before and after drawing experiments at each temperature condition.

In this work will use (pin on disc) experiment as shown in figure 6 according to ASTM G 99 - 04 standard
[42] to measure the wear rate from archard formula. The wear rate is equal to mass loss by sliding distance as
shown in figure 7. The COF can be computed from equation (1) [43]:

F=uN 1)
Where: F, N and p are the friction force, the normal force and friction coefficient, respectively.
The normal force is load applied during pin on disc experiment in Newton. I is frictional force obtained from
the experiment. average of all the readings obtained for the specified distance will give the overall coefficient
of friction.

Specific wear rate was calculated with reference to Archard’s model by equation (2) [43]:

Ws (mm?/Nm) =AV / N X § @)
Where: AV is the change in volume loss, N is the normal load, and S is the sliding distance.
In this work experiments were carried out under conditions below, varying the applied load (5, 10, 20, 30, 40
and 50) N at constant speed of 2.355 m/s and sliding distance 1413 m, the duration of each test was 10
minutes, at room temperature.
Shown figure 8 to understand the mechanisms undetlying the improved wear resistance achieved by graphene-

enhanced lubricants under temperature, force, shape and other parameters variations.

wear track

sliding direction

Fig. 6 Pin on disk experiment.




Fig. 7 a) Wear test equipment and b) sensitive electronic balance.

Friction Friction

Friction
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Fig. 8 Schematic illustration of lubrication mechanisms of graphene-based nanomaterial additives: a) Initial state; b) Forming
tribofilm; c) Self-repairing; d) Rolling bearing.

3. Advanced neural network modeling and architecture: integrating theory and practice

This study aims to accurately predict the multi-target properties of nanocomposites, including Wear Rate,

COF, and Viscosity, under varying operational conditions, details were descriped in table 4. These properties

reflect the complex behavior of materials, and their relationships with input parameters are highly nonlinear.

Therefore, a Deep Neural Network (DNN) was employed, as in figure 9 capable of learning complex nonlinear

mappings.

3.1 Neurons and dense layers: theory and formulation
Each neuron in the network performs a weighted aggregation of inputs followed by a nonlinear transfor-
mation. This process is modeled as:

l np— l -1 l
20 = oty g0 | 0 o
The ReLU activation function was selected due to its faster convergence and mitigation of the vanishing gra-

dient problem:
l l l
ag) = f(zi( )) = max( O,Zl-( ))
Nonlinear activation functions enable the network to model complex nonlinear relationships between inputs

and outputs. Without them, the network would reduce to a linear model, incapable of accurately predicting
material behavior.
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Fig. 9 Proposed DNN architecture

3.2. Batch normalization and dropout: stability and generalization

To enhance training stability and convergence speed, Batch Normalization was applied:

a; :M, yi=va; +p
Joi +e
To prevent over fitting, Dropout was incorporated:
a; =a;-r;, 1;~Bernoulli(1-—p)
Batch Normalization reduces internal covariate shift, while Dropout promotes robustness by preventing over-

reliance on specific neurons a critical feature in data-limited domains such as nanocomposite modeling.

3.3. Loss function and adam optimizer: precision learning
The network was trained using the Mean Squared Error (MSE) loss function:

1 K)ok
Licse =5 Lik=1 S0 - 992 S

The Adam optimizer was used for weight optimization:

me = Bime_q + (1= BIVL, v = Boveg + (1 = B2)(VL)? o)

. mg -~ Ve mg
Mmy=—"77, VZt=T"77 Wt+1 =W —N—F——
1-p; 1-5; JOr +e€

Adam combines adaptive momentum and scaling of gradients, enabling efficient convergence and avoidance

of local minima essential for high-dimensional optimization.

3.4 K-Fold cross-validation: generalizability
The model was validated using K-Fold Cross-Validation:

Ton 1 k
MSE = - YK_; Lirse ©)

This technique ensures the model generalizes well to unseen data and is not overfitted to the training set.

3.5 Inverse optimization via differential evolution



After training, Differential Evolution (DE) was used to identify optimal input combinations for desired target

outputs:

fx) = ”ypred(x) - ytarget”2 7
New candidate solutions were generated and selected as follows:
V; = Xpqg + F - (X2 — Xy3) ®)

u ;= {vu = CF next —
" x;; otherwise’

{ui if f(uy) < f(x;)

X; otherwise
DE is a global optimization algorithm effective in multi-objective and nonlinear problems. It efficiently ex-
plores the complex input—output space learned by the neural network.

3.6 Performance evaluation metrics
R? Score measures the proportion of vatriance explained by the model:
L i=90)?

2 —-1—
=13 0oy )
Mean Absolute Error (MAE) averages absolute prediction error:
1 .
MAE =%, |y — 9l (10)

These metrics, along with prediction vs. actual plots, provide a comprehensive assessment of model accuracy

and reliability.

3.7 Network training dynamics and convergence

With the loss function set as MSE and the optimizer as Adam with a learning rate of n = 0.005 the neural
network was optimized. Two methods were used to validate training convergence:

3.7.1 Leave-One-Out Cross-Validation (LOOCY) Folds: Given the extremely limited dataset size (n = 6
samples), conventional K-fold cross-validation is not appropriate. Therefore, Leave-One-Out Cross-Valida-
tion (LOOCYV) was adopted, in which n independent training runs are performed. In each run, the model is
trained on n — 1 samples and evaluated on the remaining held-out sample, ensuring that every sample serves
as the validation set exactly once. As shown in Figure 10(a), the cross-validation training trajectories are smooth
and stable, exhibiting a consistent exponential decline in the loss function throughout 800 training epochs.
This convergence behavior was achieved using an adaptive learning-rate scheduler, which facilitated stable and
efficient optimization.

3.7.2 Final Comprehensive Model: The final production model was retrained for 1500 epochs on the full
set of data after finalizing hyperparameter settings using LOOCV. It can be seen from figure 10(b) that the
primary objective metric (MSE Loss) and secondary validation metric (Mean Absolute Error, MAE) are tightly
converged and both are stably reaching their asymptotic floors without oscillations.

(a) LOOCYV Training Loss per Fold (b) Final Model Training Convergence
1004 —— Sample 1 (0%) Sample 4 (6%) 100 4 ——— Training Loss [ 0.8
~— Sample 2 (2%) Sample 5 (8%) —— MAE
~—— Sample 3 (4%) Sample 6 (10%)
0.7
1014 10! F0.6
@ @ 0.5
o @
= 107 3 2 =]
@] m toa =
2 7] 2
= ) Lo
1073 4 10-
Loo
0.1
10-44 10 PUPTE O B P o PP Y
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Fig. 10 Mode! Training Dynamics



Table 4. Experimental tribological test procedure and operating conditions for evaluating graphene-enhanced nanocomposite

Inbricants under deep drawing applications

Parameter

Description

Tribological Test Standard

Pin-on-disc tribological test conducted according to
ASTM G 99 - 04 standard [42].

Disk Material

Deep drawing die steel matetial (Tool Steel DIN 1.2344 /
H13 hot-work steel).

Pin Material

Hardened steel pin used as counterface material during

sliding wear test.

Disk Geometry

Circular rotating disk fabricated from deep drawing die

material.

Pin Geometry

Cylindrical pin with hemispherical contact tip used for
sliding contact against the rotating disk.

Surface Condition

All specimens were polished and cleaned before testing to
ensure uniform surface roughness and remove contami-
nants. Heat-treated disk specimens had an average hard-

ness of approximately 49 HRC.

Lubricant Condition

SAE-40 oil mixed with graphene nanoparticles (0, 2, 4, 6,
8, and 10 mg/ml) and 2 wt.% TiO2 nanoparticles.

Graphene Particle Size

Approximately 2—4 pm prepated by exfoliation method.

Test Temperature Range

25 °C, 50 °C, 75 °C, 100 °C, 125 °C, and 150 °C.

Applied Load Range 5N, 10N, 20 N, 30 N, 40 N, and 50 N.
Sliding Speed 2.355m/s.
Sliding Distance 1413 m.

Stabilization time

15 minutes for each experiment.

Wear Measurement Procedure

Wear rate was calculated from Archard’s wear equation
using mass loss and sliding distance measurements. Mass
loss was determined using a sensitive electronic balance

before and after testing.

Coefficient of Friction Measurement

COF was calculated from the ratio between friction force

and applied normal load during pin-on-disc testing.

Type of viscometer

Ostwald capillary viscometer.

Number of Repetitions

3

Statistical Treatment

Average values of repeated measurements were used for
analysis. Standard deviation, MAE, MSE, and R? evalua-
tion were employed for ANN validation and uncertainty

assessment.

Uncertainty Considerations

+0.5%

3.8 Generalization validation via parity plots

The most stringent test of an engine-property network is how it responds to all completely novel inputs. The cross-
validated parity plots of the true experimentally derived target vectors vs. the cross-validated network predictions

are shown in figure 11.
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As Wear Rate is on several orders of magnitude, it is analyzed in log-space logio(Wear Rate), to ensure balanced

error weighting. The quantitative predictive validity of the network is summarized as table 5.

Table 5. The guantitative predictive validity of the network
Target Performance Output ~ Coefficient of Deter-  Root Mean Squared Er- ~ Mean Absolute Error

mination (R2) ror (RMSE) (MAE)
logio(Wear Rate) 0.9036 0.0380 0.0328
Coefficient of Friction (COF) 0.8470 0.0486 0.0415
Kinematic Viscosity 0.9315 2.8493 2.2246

The R? values for all target categories are above the 0.80 of threshold value recommended for reliable system
validation for engineering use with the viscosity models being very close to the "near perfect tracking” value (R? =
0.9315). This is a direct confirmation that, although trained on a small network, the custom constraints (drop out
Batch Normalization and fixing the dimensions) were able to capture the physical relationships without memoriz-

ing noise.

3.9 Residual diagnostics and error distribution

A detailed diagnostic study of the residuals was conducted to check for systematic errors in the prediction errors
in the fitted network, by plotting the prediction error against the corresponding fitted output and according to the
individual sample categories. As seen in figures 5(a), 5(b) and 5(c), the prediction error value of each point is
uniformly distributed around the line of zero error. The data points still stay within the gray horizontal confidence
channels at $1\sigma$ around the standard, suggesting that the error variance is homoscedastic and that there is

no structural distortion in the errors.
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The total error tracking of the bar metrics for the three models is very low as seen in figures 12(d),(e) and(f).
The MAPE for Wear Rate is 0.85%, which is a good value.
a)  The standard deviation of Kinematic Viscosity is 4.17%.
b) The COF output model records a MAPE of 7.75%. All are within extremely close tolerance required for

high precision engineering use.

4. Result and Discussion:

4.1 Deform software results

A primary simulation was performed to predict the maximum deep drawing load and other conditions. Figure
13 presents the effective strain-rate and effective strain distributions during the deep drawing process. The
maximum effective strain rate reached approximately 0.324 s™ and was concentrated at the die radius, indicat-
ing that the highest deformation rate occurred in the bending and unbending zone. Most regions of the work-
piece exhibited strain-rate values below 0.108 s7', reflecting stable material flow. The effective strain distribu-
tion shows a maximum value of approximately 1.24 mm/mm at the die corner, while the strain gradually
decreased along the cup wall to about 0.80 mm/mm and further decreased toward the flange region. The
smooth strain gradient and absence of localized extreme values indicate uniform plastic deformation and suc-

cessful material flow during the deep drawing operation without signs of excessive thinning or fracture.
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Fig. 13 Contour plots for different distributions and conditions for deep drawing die.

The effective strain-rate contour (Fig. 14a) shows that deformation was concentrated mainly in the die radius

region, where the maximum strain rate reached approximately 0.324 s7*

, while the remaining areas experienced
significantly lower values close to zero. This indicates that plastic deformation occurred primarily at the sheet
bending and unbending zones, which is consistent with the expected material flow behavior during deep draw-
ing. The effective strain distribution further demonstrates that the highest strain values were concentrated
along the die corner and flange transition regions, reaching approximately 1.24 mm/mm, whereas the straight
wall regions exhibited much lower strain levels. Such a distribution confirms that the die radius is the most
critical location for material deformation and potential thinning. At the same time, the strain remained rela-
tively uniform throughout the formed wall, indicating good material flow and a reduced likelihood of localized
necking or fracture.

The maximum principal stress contours shown in Figures 14b and 15a indicate that the stress values ranged
between approximately —275 MPa and +275 MPa. The highest tensile stresses were concentrated near the die
entry radius and punch contact region, while compressive stresses were distributed along the flange area. The
absence of stress concentrations exceeding the material strength suggests that the selected process parameters
were appropriate and that the component could be formed successtully without cracking. Furthermore, the
smooth stress gradients observed across the workpiece indicate stable load transfer during the forming oper-

ation.
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Fig. 14 (a) Effective strain rate contour plot during the deep drawing process. (b) Max. principal stress contour plot during the

deep drawing process.

The velocity contour results (Fig. 15b) reveal that the maximum material flow velocity reached approximately
0.95-1.0 mm/s during the main stage of deformation. The velocity remained neatly constant for most of the
forming cycle before gradually decreasing to zero as the punch approached the final position. This behavior
demonstrates a stable material flow pattern and confirms that the sheet metal was drawn into the die cavity

without severe flow restrictions or instability.
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Figure 16 illustrates the displacement distribution during the deep-drawing process at Step 70. The maximum
displacement reached 30.2 mm, corresponding to the punch-driven region, whereas the minimum monitored
displacement was 8.99 mm. The displacement increased almost linearly during the first 29.4 s of forming and
then remained nearly constant, indicating completion of the drawing stroke. The smooth displacement history

and absence of abrupt fluctuations confirm stable material flow and successful cup formation without localized



failure. The displacement pattern is consistent with the strain and stress concentrations reported near the die

radius, where the highest plastic deformation occurs.
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Fig. 16 Displacement contonr plot during the deep drawing process.

4.2 Effect nanoparticles of graphene on tribological properties

The experimental results of applying graphene-enhanced nanocomposite lubricants under deep drawing con-
ditions demonstrated a significant influence of graphene concentration, load and temperature on tribological
performance, particulatly in terms of wear rate, coefficient of friction and viscosity.

In the base condition with no graphene added (0 mg/ml) and at the room temperature of 25°C, the result was
recorded: (1.7 X 10™* mm?®/N.mm) wear rate, (0.68) coefficient of friction and (40 mm?/s) viscosity. When
the graphene concentration added to (2, 4, 6, 8 and 10 mg/ml) with fixed other condition (25 °C and 5N), that
lead to the wear rate and COF are lower than used oil without graphene nanocomposite, but viscosity is higher
than used oil without graphene nanocomposite as shown in figures 17, 18 and 19. Addition of nanographene
to lubricant cause this improvement of wear rate percentage of (10% ,23% ,43% ,49% and 53%) respectively,
also improvement of COF percentage of (8% ,18% ,40% ,43% and 47%) respectively and improvement of
kinetic viscosity percentage of (8% ,18% ,35% ,55% and 78%) respectively.

Nano-graphene particles composite with particle size less than 10pum note improved frictional and wear prop-
erties. This material can use the production of friction byproducts to analyze the performance of enhanced
oil. They concluded that this property(nanopatticles) is caused by graphene- layers being sheared off to create
the tribo-film, where thinner initial graphite creates a more uniform layer of graphene, which in turn improves
lubrication [41][43][44].

In contrast, viscosity exhibited a proportional increase with higher graphene concentration. This indicates

graphene role in enhancing the lubricant’s ability to maintain a stable film under severe conditions.



While one might expect graphene to continuously improve lubrication, the data revealed that exceeding opti-
mal nanoparticle concentration may lead to agglomeration, degrading lubrication performance. This aligns
with recent literature suggesting that excessive graphene content causes heterogeneous layers that may in-
crease, rather than decrease, surface weat.
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Fig. 17 Effect the concentration of nano graphene on wear rate.
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The results demonstrated that increasing graphene concentration from 0 to 6 mg/ml significantly improved
the tribological properties of the lubricant. At 6 mg/ml, the lubricant exhibited the optimum balance between
wear resistance, friction reduction, and viscosity enhancement. This improvement is attributed to the uniform
dispersion of graphene nanoparticles and the formation of a stable protective tribofilm that minimized direct
surface contact. Although further increases in graphene concentration to 8 and 10 mg/ml resulted in additional
viscosity enhancement, no significant improvement in wear rate and coefficient of friction was observed. This
behavior can be attributed to nanoparticle agglomeration, reduced dispersion stability, and non-uniform par-
ticle distribution within the lubricant. Therefore, 6 mg/ml was identified as the optimum graphene concentra-

tion for achieving the best overall tribological performance under the investigated conditions.

4.3 Effect of temperature on tribological properties

After found the perfect addition of enhancement material, we changed the other parameter such as tempera-
ture was raised from 25 °C to 50°C, 75°C, 100°C, 125°C and 150°C respectively with fixed (load 5N and 6
mg/ml of nanographene) and compared all result without add any graphene (0 mg/ml). As shown in figures
20, 21 and 22 the added nanoparticles of graphene in oil to lubricant deep drawing dies lead to improve tribo-
logical properties, efficiency and durability of these components by decreasing the wear rate and COF and
increased the viscosity of oil, although raised the temperature reach to 150°C.

Under certain conditions the researchers found that though the oil carries out well at moderate temperatures,
it was outperformed at both high and low temperatures by other nano additives [45][46].

As the friction surface temperature rises, the mechanical activation energy also increases. With the continuous
increase of local temperature and surface stress in the friction pair, nanoparticles begin to interact. The micro-

asperities on the friction surfaces generate nanostructures that form a thin chemical film with low shear

strength and a low COF. In addition, nano-oxidation and gradual oxidation processes create dense nano=films,

which also exhibit very low COF. Together with the physically adsorbed layer, these chemical reaction films
form an extreme-pressure anti-wear repair layer. This repair layer modifies the surface contact conditions,
suppressing furrowing, adhesion, and fatigue wear, while enhancing the load-bearing capacity and improving
anti-wear and anti-friction properties of the friction pair. Under higher loads, the friction pair operates in a
mixed lubrication regime, combining both fluid lubrication and boundary lubrication [47].

The experimental results demonstrate an increase in temperature decreases viscosity; however, the incorpora-
tion of performance-enhancing additives mitigates this effect and improves the surface’s physical characteris-
tics under thermal condition. These findings underscore the necessity of identifying a critical balance point
between graphene concentration and temperature to achieve optimal performance. The results also provide a

basis for developing Al-based predictive models for industrial applications.
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4 4 Effect of load on tribological properties

The third parameter was changed such as load from 5N to 10N, 20N, 30N, 40N and 50N respectively with
fixed other parameters (temperature 25°C and 6 mg/ml of nanographene) and compated all results without
adding any graphene (0 mg/ml). As shown in figures 23, 24 and 25 the added of nanoparticles of graphene in
oil to lubricant deep drawing dies lead to improve tribological properties, efficiency and durability of these
components by decreased the wear rate and COF and increased the viscosity of oil, although raised the load
reach to50N.

The tribological properties of the six samples were investigated under four different loads from 5N to 50N.
All experiments were repeated three times, and the computed average values were

used to plot the figures. We notice two phenomena in the below figures; the first phenomenon is the increase
in the wear rate begins from 5N load until reach to 50 N load. The second phenomenon is the decreasing of
the wear rate by addition of nanoparticles of graphene. That means the wear rate and COF increased grada-
tional, when increased load but the addition of nanographene exhibit an inverse behavior, as they effectively
reduce wear rate and COF even under increased loads, thereby mitigating the adverse impact of the applied
load [48].

So, addition of graphene matrix to oil enhances the wear resistance and decreases the coefficient of friction.
This may be attributed to the lubricant nature of nanoparticles of graphene. Also, this material has its own
high hardness and excellent load bearing capacity which is mainly due to the good connection and better
bonding between them [49-52].
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5. Conclusions

The findings of this study demonstrate that the two-step preparation method comprising the fabrication of
the deep-drawing die, supported by comprehensive DEFORM-based analysis, followed by the formulation of
a nanoparticle-enhanced lubricant using graphene-doped SAE-40 oil offers a reliable framework for evaluating
advanced tribological performance. The incorporation of nanographene with an approximate particle size of
2 pum represents a promising technological advancement for modern lubrication systems. These additives sig-
nificantly enhance thermal stability, reduce friction, and improve wear resistance, highlighting their potential
for widespread industrial adoption. The investigation of various nanographene concentrations (0, 2, 4, 6, 8,
and 10 mg/ml) confirms a pronounced influence on tribological behavior, patticularly in terms of wear re-
sistance, friction reduction, and viscosity improvement, even under elevated temperatures above 150 °C and
applied loads exceeding 50 N. Among the tested formulations, the lubricant containing 6 mg/ml nanographene
with 2% TiO; exhibited the most favorable performance, achieving a 43% reduction in wear rate, a 40%
decrease in the coefficient of friction, and a 35% increase in kinetic viscosity compared with the baseline
lubricant. Although increasing temperature and load intensify wear, friction, and viscosity degradation, the
presence of nanographene-based additives effectively mitigates these adverse effects. Furthermore, ANN anal-
ysis validated experimental data, confirming strong agreement between measured results and model predic-

tions, and demonstrating the ANN’s capability for accurate performance evaluation and error minimization.

Limitations of the research study

The study was restricted to a small dataset used for ANN development (n = 6 experimental conditions corre-
sponding to graphene concentrations of 0, 2, 4, 6, 8, and 10 mg/ml). The limited dataset was primarily due to
the high cost, time requirements, and experimental complexity associated with tribological testing under mul-
tiple temperature and load conditions. To mitigate the risk of overfitting, the ANN model incorporated regu-
larization techniques, including dropout and batch normalization, and was validated using LOOCYV, which is
particularly suitable for very small datasets. The obtained prediction accuracy (R? values of 0.847—0.932) indi-
cates that the model successfully captured the underlying relationships within the available data. Nevertheless,



the small sample size restricts the statistical robustness and generalizability of the ANN model, and the results
should be considered preliminary. Therefore, the ANN is intended primarily as a proof-of-concept predictive
tool, and future studies employing substantially larger datasets are required to further validate and improve the

model’s reliability and applicability to broader operating conditions.

Recommendations for Future research work

Future research should examine the long-term stability of nanographene-based lubricants, including dispersion
durability under continuous loading. Studies using different base oils and hybrid nanoparticle combinations
are recommended to optimize performance and broaden applicability. Lifecycle and cost assessments are also
needed to evaluate industrial and environmental feasibility. Additionally, advanced surface characterization
methods can provide deeper insight into lubrication mechanisms, while expanding ANN modeling with larger

datasets and more advanced Al techniques will improve predictive accuracy for future applications.
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