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Abstract

This study investigates the influence of quenching temper-
ature, aging temperature, and time on the mechanical
properties of gravity die-cast A380 aluminum alloys sub-
jected to T6 heat treatment. Samples were aged at 175�C
and 275�C for different time periods, with quenching per-
formed at 20�C and 80�C. The effects of heat treatment on
microstructure, tensile strength, wear behavior, and
hardness were evaluated. The results demonstrated that
ultimate tensile strength increased substantially from 165
MPa to 275 MPa at an aging temperature of 175�C,
whereas a higher aging temperature of 275�C did not
provide any additional improvement. In contrast, hardness
showed a strong dependence on aging duration at 175�C,
rising from 108 HV to 152 HV. However, at 275�C,
hardness declined significantly, reaching as low as 80 HV.
The highest wear resistance was achieved in the samples
quenched at 20�C and aged at 275�C for 6 hours,
exhibiting an 81.2% improvement compared to the
untreated sample. These findings provide valuable insights

for optimizing the heat treatment process of A380 alu-
minum alloys in industrial applications, particularly in
improving mechanical properties for automotive and
aerospace components. The specific wear rate was esti-
mated using various machine learning algorithms within
the framework of data-driven approaches using the
obtained experimental data. Model performances were
compared in training, test, and validation sets; Random
Forest and Deep Neural Network models stood out with
their high accuracy and generalization abilities. While the
Random Forest model showed low error rate and high
stability, the Deep Neural Network model attracted atten-
tion with the lowest MSE (& 1.7) and highest R2 score (&
0.85), especially in the test set.

Keywords: aluminum, A380, heat treatment, tensile,
hardness, wear, machine learning

Introduction

The demand for lightweight metals is increasing due to the

high strength-to-weight ratio which offers significant

advantages in applications where lightweight materials are

preferred. Among these metals, aluminum alloys are

widely preferred in various industrial sectors such as

aerospace and automotive where both performance and

weight reduction are critical design considerations.1,2 One

of the most commonly utilized aluminum alloys in the

applications is aluminum A380. This alloy is specifically

preferred for engine blocks, and cylinder heads due to low

density, good castability, mechanical properties, corrosion,

and wear resistance.3,4

Aluminum A380 alloys can be produced by various casting

methods that have been extensively investigated in the

literature.5 Gencalp and Saklakoglu6 investigated the

vibration effect on the A380 alloy casting by cooling slope.

Seifeddine and Svensson7 studied A380 die-casting with

various Mg and Fe content to understand the solidification

rate effect on the microstructure and mechanical properties.

Obiekea, et al.8 investigated the pressure effect on die-cast
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A380 alloy. The mechanical properties of A380 aluminum

alloy can be significantly improved through the selection of

an appropriate casting method. In particular, advancements

in casting techniques such as effective degassing processes

and the use of grain refiners have been shown to enhance

the alloy’s structural integrity and performance character-

istics.5 Gecu, et al.9 investigated T6 heat treatment (HT)

effect on A380 alloys manufactured through a combination

of thixoforging and low superheat casting techniques. The

cast A380 samples were maintained at semi-solid regions

at 575�C, and from 20 to 80 minutes. Following this, a

4-hour solution treatment of the A380 process is conducted

at 520�C, quenched in water, and aged at 180�C for 4

hours. In most cases, high, medium, and low hardness

values are observed in the artificially aged, thixoforged,

and solution-treated samples, respectively. The T6 HT

resulted in precipitation of Al2Cu in the a(Al) matrix of the

A380 alloy, which is responsible for the increase in

hardness.

In addition to selecting the casting techniques, mechanical

properties can also be altered by using different HT

methods, where different parameters can be selected and

optimized to enhance the performance. Among various HT

techniques, the T6 HT is one of the most commonly

applied methods for A380 alloys due to its ability to sub-

stantially improve strength and hardness.10 T6 HT consists

of three stages: (i) solution treatment, (ii) quenching fol-

lowing the solution treatment, and (iii) aging.

Research on the effects of HT on aluminum alloys’

mechanical properties has been ongoing for decades in the

literature. Khisheh, et al.11 investigated the HT effect on

the high-cycle fatigue properties of A380. The T6 HT

parameters are at 510�C for 5 hours, air-cooled, and aged at

200�C for 3 hours. The T6 HT improved the fatigue life-

time of the material, ranging from 26% to 85% across

various stress levels. Yuan, et al.12 investigated aging

treatment on the microstructure of a high-pressure die-cast

A380 alloy. The specimens were heated to 490�C for 30

minutes and quenched in water. Some of these specimens

were immediately aged for different periods (ranging from

0 to 120 hours) at 150�C. The hardness values significantly
changed at the surface (exhibit higher hardness values) and

center regions of the T6 HT samples. The max hardness is

observed after 20-25 hours of aging at 150�C. On the other

hand, the hardness values decline with increasing aging

time beyond 60 hours of aging. In another study, Yang,

et al.13 investigated the effects of T6 HT on A380 alloys.

The solution treatment is conducted at 510�C for 30

minutes and quenched in cold water. Aging treatment is

performed at 170�C for 4 hours. They state that the hard-

ness of the A380 alloy, containing 0.3 wt.% Mg, increased

from 100 to 160 HV with an increasing aging time.

Additionally, they reported that the T6 HT A380 alloy

exhibited 282 MPa yield strength and a 4.2 % elongation.

In this study, the effects of T6 HT parameters—including

quenching temperature, aging temperature, and aging

time—on mechanical properties of A380 aluminum alloy

produced by gravity die-casting technique were systemat-

ically investigated. Critical performance criteria such as

tensile strength, micro hardness, and specific wear rate

were evaluated with comprehensive experimental studies.

Thereby, optimum HT conditions were determined. In

addition to comprehensive experimental analysis, data-

driven prediction models are developed with decision trees,

ensemble algorithms, and artificial neural network-based

regression models with the obtained specific wear rate data.

In this way, both practical suggestions for optimizing

mechanical properties are presented and advanced predic-

tive models for the wear behavior of A380 alloy are cre-

ated, thus making a multifaceted contribution to literature.

Methodology

Casting Process

In this study, prior to the casting process, the permanent

mold was coated with an Al2O3 solution to enhance the

fluidity and filling rate of the mold. Additionally, the

coated mold was preheated to a temperature range of 250 to

300�C to prevent any potential defects in the resulting cast

cylindrical bars. The chemical composition (wt.%) of A380

alloy is presented in Table 1.

A380 ingots were melted in a 300-kg SiC crucible using an

industrial resistance furnace at 750�C. The degassing pro-

cess was not applied to the molten A380. The gravity die-

casting process was performed in a permanent mold with 6

cylindrical test bars. Upon completion of the casting pro-

cess, the cylindrical bars were separated from the basin and

runners.

Heat Treatment

The heat treatment (HT) protocol involved a solution

treatment stage conducted for 3 hours at a temperature of

520�C in a resistance furnace. The samples were

Table 1. Composition of the A380 Aluminum Alloys

Alloy Si Fe Cu Mn Mg Zn Ti Ni Al

A380 8.706 0.232 3.570 0.109 0.081 0.013 0.035 0.007 rem
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maintained at an annealing temperature for 1 hour to

facilitate stress relief and promote uniform grain structure.

After annealing, samples were exposed to quenching in

both cold water (20�C) and hot water (80�C). Upon com-

pleting the quenching process, the samples were subjected

to aging at temperatures of 175�C and 275�C for three

distinct durations: 6 hours, 12 hours, and 18 hours. The

samples were then cooled in ambient conditions. The

temperatures used in this research were chosen based on

preliminary studies and literature review, considering the

alloy’s phase transformation behavior. The time durations

for HT at each temperature were specifically selected to

study the impact of prolonged exposure on mechanical

properties. All procedures including solution treatment,

quenching, and artificial aging are shown in Figure 1. The

HT parameters with sample names are given in Table 2

Microstructure

In order to evaluate the effects of T6 HT on the

microstructure of A380 aluminum alloy, metallographic

sample preparation methods were applied. Afterward,

samples required for microstructure examinations were

taken from the middle regions of the castings. The prepared

samples were grinded with silicon carbide (SiC) grinding

disks and then polished with Metkon Forcipol 202 device

using 3 lm and 1 lm diamond suspensions. Following the

polishing process, the samples were etched with Keller

reagent (3A) for 15–20 seconds to reveal microstructural

details. This reagent consists of 1mL HF, 1.5mL HCl,

2.5mL HNO3, and 95mL distilled water. Optical

microstructure observations were performed with a Nikon

Eclipse MA100N optical microscope. Detailed analyses of

surface morphology and phase distribution were performed

with a Thermo Scientific Apreo 2S model scanning elec-

tron microscope (SEM).

Mechanical Tests

Mechanical properties were evaluated using universal

testing machines, measuring parameters such as tensile

strength, hardness, and wear resistance.

After the die-casting process, the samples were machined

into standardized samples according to ASTM E8/E8M for

the tensile test to ensure consistency in the experimental

setup. The dimensions of samples used in the tensile tests are

shown in Figure 2. The samples prepared for the tensile test

were subjected to uniaxial loading with computer-controlled

Shimadzu AG-IC testing machine to evaluate the ultimate

tensile strength, and elongation at fracture. At least three

tensile tests were carried out for each test parameter at room

Figure 1. Schematic illustration of T6 HT procedures.

Table 2. Design of Experiment

Sample Quenching
temperature (�C)

Aging
temperature
(�C)

Aging
duration (h)

NT No treatment

Q2A1T6 20 175 6

Q2A1T12 20 175 12

Q2A1T18 20 175 18

Q2A2T6 20 275 6

Q2A2T12 20 275 12

Q2A2T18 20 275 18

Q8A1T6 80 175 6

Q8A1T12 80 175 12

Q8A1T18 80 175 18

Q8A2T6 80 275 6

Q8A2T12 80 275 12

Q8A2T18 80 275 18
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temperature, 50% humidity and a constant speed of 2 mm/

min. SEM images of the fractured surfaces were investigated

to determine the fracture modes of the tensile samples.

Micro-Vickers hardness tests were conducted to assess the

material’s resistance to plastic deformation. The samples

were cut into /12mmx5mm dimensions for the hardness

test. The AFRI DM8 hardness tester machine was used for

micro-Vickers hardness tests (HV) with 1 kgf load with 10

seconds dwell time for A380 aluminum alloy samples.

Hardness values for each sample were determined by cal-

culating the average measurement taken from 5 points. The

hardness values were calculated using Eqn. 1.

HV ¼ 1:854
F

D2
Eqn: 1

where F and D are the applied force (kilogram-force) and

indent diagonals (mm), respectively.

The wear tests were carried out with ball-on-disk geometry

according to the ASTM G99 test standard. Certified AISI 304

stainless steel balls with a diameter of 6 mm were used as the

counter body. Samples were prepared by using the wet

abrasive cutting method in the dimensions of Ø12 mm x10

mm. Wear samples were cut from the central region of the

HT samples. Following the cutting process, the surface of all

samples was ground and polished to a surface roughness (Ra)

of 0.2 lm. Tests were carried out under room conditions.

Other parameters are as follows: load 5 N, wear scar diameter

6mm, distance 60 m, and speed 3 cm/s. After the tests, the

samples’ wear rates and coefficients of friction (COF) were

determined and compared. The wear rates were calculated by

measuring the wear scarfs. Additionally, SEM/ EDS analysis

of a selected sample was also evaluated.

Machine Learning and Neural Network-Based
Modeling Approach

In this study, machine learning (ML) and artificial neural

network (ANN)-based regression approaches were used to

model the effects of different HT conditions applied to A380

aluminum alloy on the specific wear rate. A dataset con-

sisting of 52 experimentally obtained measurements used to

train the regression models. The dataset contains three inputs

and one output: the input variables are quenching tempera-

ture, aging temperature, and aging time, and the output

variable is the specific wear rate. The input parameters were

carefully chosen because they represent the fundamental

heat treatment variables that directly control precipitation

kinetics, microstructural evolution, and consequently wear

behavior in aluminum alloys. Restricting the feature space to

these experimentally controlled parameters ensures both

physical interpretability and a direct causal relationship

between process conditions and material response. The

dataset used in this study consists of a controlled and opti-

mized number of measurements required by experimental

design. Studies that reliably examine wear behavior through

a limited number of experiments with high information

content are widely studied in the tribology and materials

engineering literature.14,15

Prior to analysis, possible categorical variables were

encoded into numerical form using a label encoder, and all

input variables were normalized to zero mean and unit

variance using the standard scaler to eliminate scale dif-

ferences. Following preprocessing, the dataset was divided

into training (70%), testing (20%), and validation (10%)

subsets to ensure a balanced evaluation of learning and

generalization performance.

Classical ML models (DT, RF, GB, XGB), the ANN-based

MLPR, and a Deep Neural Network (DNN) were imple-

mented. ML models were implemented with their default

hyperparameters. MLPR was structured with a two-hidden

layer architecture (128 neurons per layer), with a ReLU

activation function and the Adam optimization algorithm used

in each layer, and a maximum iteration number of 300. DNN

model was designed with four hidden layers consisting of

128, 64, 32, and 16 neurons, respectively; ReLU activation

was used in all hidden layers and a linear activation function

was used in the output layer, and the model was trained for a

maximum of 150 epochs with a batch size of 16. The model

was trained with the Adam optimization algorithm, with a

mean squared error loss function set as the optimization tar-

get. The schematic view of ANN-based models is shown in

Figure 3.

Figure 2. Dimension of the test samples.

Figure 3. Schematic view of ANN-based models.
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Model performance evaluation was carried out using a k-

fold cross-validation procedure, with the number of folds

set to five, in order to enhance the robustness of general-

ization assessment and to further mitigate the risk of

overfitting. Furthermore, model complexity was limited

appropriately to the dataset size to reduce the risk of

overfitting. Early stopping was applied to ANN-based

models, and hyperparameter bounds were used to prevent

excessive branching in decision tree-based models. Abso-

lute percentage error (APE) and mean absolute percentage

error (MAPE) were calculated using Eqns. 2 and 3 as a

metric for performance monitoring. Furthermore, model

performance was evaluated not only on the training set but

also on validation sets using MSE and R2 metrics calcu-

lated with Eqns. 4 and 5, respectively. This ensures the

generalization capabilities of the models.

APE ¼ yi � byi
yi

�

�

�

�

�

�

�

�

� 100% Eqn: 2

MAPE ¼ 100%

n

X
n

i¼1

yi � byi
yi

�

�

�

�

�

�

�

�

Eqn: 3

MSE ¼ 1

n

X
n

i¼1

yi � byið Þ2 Eqn: 4

R2 ¼ 1�
Pn

i¼1 yi � byið Þ2
Pn

i¼1 yi � yð Þ2
Eqn: 5

Here, yi and byi denote the actual and predicted value,

respectively, y represents the mean of actual values and

n denotes the total number of observations.

Results and Discussion

Microstructure

Figure 4 presents the microstructures of the A380 alloy

were subjected to various heat treatment (HT) conditions.

In the as-cast state without any post-casting HT (Fig-

ure 4a), the microstructure remains in its original form. The

microstructure of A380 alloy primarily consists of primary

aluminum, eutectic silicon, and b-phase platelets. In the as-

cast condition without HT (Figure 4a), the microstructure

exhibits a typical dendritic structure for the primary alu-

minum phase, along with needle-like eutectic silicon and

the presence of b-phase platelets. Figure 4b shows the

microstructure of the A380 alloy after quenching in 80 �C
water followed by aging at 175 �C for 6 hours. While the

dendritic structure of the primary aluminum phase is lar-

gely retained, partial spheroidization of the eutectic silicon

phase is observed, with some of the needle-like structures

transforming into more rounded, spheroidal forms. This

microstructural evolution may contribute to the observed

improvement in tensile strength, increasing from 165 MPa

in the as-cast condition to 265 MPa after aging at 175 �C
for 6 hours following 80 �C quenching. Figure 4c presents

the microstructure of the A380 alloy after quenching in 80

�C water followed by aging at 275 �C for 6 hours. In this

condition, the eutectic silicon phase undergoes significant

morphological transformation, with the previously needle-

like structures becoming coarsely spheroidized. This

coarsening of the silicon particles may be a contributing

factor to the reduction in tensile strength, which decreases

from 265 MPa (observed in the 80 �C quenched and 175 �C

Figure 4. Microstructures of A380 alloy under different HT conditions: (a) NT, (b) Q8A1T6,
(c) Q8A2T6, (d) Q2A1T6, (e) Q2A1T12, (f) Q2A1T18.
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aged for 6 hours condition) to 165.2 MPa. Figure 4d to f

illustrate the microstructures of the A380 alloy aged for 6,

12, and 18 hours at 175 �C after quenching in 20 �C water.

In all three conditions, spheroidization of the eutectic sil-

icon phase is clearly observed. As the aging time increases,

the spheroidized silicon particles become progressively

coarser, indicating continued coarsening of the eutectic

phase with prolonged thermal exposure.

The microstructural images reveal that the A380 aluminum

alloy retains its dendritic structure both before and after

HT, with no significant change in the overall microstruc-

ture size. However, HT induces a clear transformation of

the eutectic silicon phase, changing its morphology from

needle-like to a more spheroidized form across all treated

conditions. Sjölander and Seifeddine16 state that

spheroidization of eutectic Si particles has a significant

impact on the mechanical properties of aluminum alloys. In

their needle-like morphology (large brittle flakes in

unmodified alloys), Si particles act as crack initiators and

reduce ductility. Ogris et al.17 stated that the spheroidiza-

tion of eutectic silicon during T6 heat treatment of Al-Si

alloys is responsible for the improved ductility of these

alloys. Wang et al.18 investigated the effect of eutectic Si

spheroidization on the elongation and tensile strength of

eutectic Al-Si alloys by annealing at 500 and 560�C for 1,

2, 3, 4, 5, 7, and 10 h. They reported that the flake-like Si

phase gradually transformed into rod-like or granular

morphologies. As a result, the tensile strength decreased

from 194 MPa to 171 MPa, while the elongation increased

from 6.3% to 10.5%.

SDAS is one of the key parameters that affect the

mechanical properties of aluminum alloys. Borkar et al.19

reported that increasing SDAS from 9 to 27 lm resulted in

a decrease in ultimate tensile strength (UTS) from 272 to

225 MPa, while the elongation decreased from 3 ± 0.7% to

2.22 ± 0.4%. Similarly, Ceschini et al.20 studied the heat

treatment of A354 alloys with different SDAS values. They

found that samples with finer SDAS (20 ± 2 lm) exhibited

higher UTS (346 ± 3 MPa) and elongation (5.9 ± 0.8%)

compared to samples with coarser SDAS (44 ± 3 lm),

which showed lower UTS (294 ± 5 MPa) and elongation

(1.1 ± 0.4%). In this study, the measured SDAS and sec-

ondary dendrite arm length (SDAL) values are approxi-

mately 20 lm and 120 lm, respectively, for both non-HT

and HT samples. Therefore, although changes in SDAS and

SDAL can influence mechanical properties, in this work

these parameters remained essentially constant, and the

observed changes in mechanical properties after heat

treatment cannot be attributed to them. Figure 5 presents

the microstructure observed at 5009magnification.

Figure 5a, b, and c correspond to samples quenched at

20�C and 80�C, followed by aging at 175�C for durations

of 6 and 18 hours. Figure 5d depicts a sample quenched at

80�C and subsequently aged at 275�C for 6 hours. In the

images, the phases identified include a-Al, a-Fe (charac-

terized by a Chinese script morphology), b-Fe (needle-like
structure), and the Si phase, which are indicated by red

arrows. The presence of a-Al, Si, a-Fe, and b-Fe phases in
the microstructure is consistent with previous studies on

A380 alloy.21,22

Figure 6 presents the EDS analysis of samples aged at 275

�C for 6 hours and quenched at 20�C. The oxygen distri-

bution appears uniform, with no evidence of localized

concentration, indicating the absence of oxide inclusions in

the microstructure. Similarly, Cu is evenly distributed,

showing no signs of segregation. The main purpose of T6

heat treatment is to homogenize segregated Cu during

solution treatment and to promote the formation of fine Cu

precipitates during aging. Therefore, the T6 heat treatment

applied to the A380 alloy can be considered successful. In

addition, Mg also exhibits a uniform distribution without

segregation. This even distribution of Cu and Mg suggests

that the CuAl2 and Mg2Si phases are finely dispersed

throughout the structure without significant clustering.

Figure 7a and b present SEM images of Q2A1T6 sample.

In Figure 7a, the distribution of silicon (Si) and iron (Fe)

phases is clearly observed, while Figure 7b distinctly

shows a Chinese script-shaped a-iron (a-Fe) intermetallic

phase approximately 50 lm in size.

Similarly, Figure 7c and d depict Chinese script-shaped

intermetallic phases measuring approximately 50–60 lm,

along with a silicon phase of about 40 lm that is homo-

geneously distributed within the aluminum matrix. Fig-

ure 7e and f display SEM images of samples quenched in

water at 80 �C and aged at 175 �C for 18 hours. In these

images, pine tree-like structures corresponding to the a-
iron intermetallic phase are clearly visible.

Tensile Test

The tensile strength for the untreated A380 aluminum alloy

specimen was 165.3 MPa. This value is as a reference point

for assessing the impact of different HT processes on the

alloys’ mechanical strength. The tensile test results showed

in Figure 8 revealed a complex correlation between the HT

conditions, quenching temperatures, and time durations.

Most specimens except several have shown significant

improvement in tensile strength after HT, demonstrating

the importance of controlled HT processes in optimizing

the mechanical properties of aluminum alloy A380 for a

variety of applications.

The experimental data indicates that the duration of HT has

a profound influence on the tensile properties of the A380

aluminum alloy. As observed, the tensile strength decrea-

ses with increasing HT duration. Specifically, Q2A1T6

sample exhibited the highest tensile strength of 274.7 MPa,
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which gradually decreased to 266.9 MPa for sample treated

for 12 hours, and further dropped to 218.5 MPa for sample

exposed to 18 hours of HT. The changes in tensile strength

during HT at 175�C can be attributed to the precipitation

and aging of strengthening phases in the material. Initially,

as precipitates form during HT, tensile strength increases

due to the enhanced pinning of dislocations. However,

beyond a certain point, excessive aging led to coarsening of

these precipitates, which has weakened the material. This

suggests that there is an optimal duration for HT at 175�C,

beyond which over-aging occurs, resulting in reduced

tensile strength. During over-aging, the precipitates within

the alloy can grow excessively in size.23 These larger

precipitates are less effective at hindering dislocation

movement, leading to a reduction in tensile strength. The

formation and growth of coarse intermetallic phases, such

as Mg2Si, during prolonged exposure to elevated temper-

atures tend to weaken the overall material structure, lead-

ing to the observed reduction in tensile strength.24

Figure 5. An observation of the microstructure at 5003magnification.

Figure 6. EDS mapping of Q2A2T6 sample.
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Another critical factor affecting the mechanical behavior of

A380 aluminum alloy is the quenching temperature. The

data suggests that quenching at 20�C results in higher

tensile strengths compared to quenching at 80�C. For

instance, the tensile strength for a sample heat treated for 6

hours and quenched at 20�C was 274.7 MPa, whereas

quenching at 80�C resulted in a tensile strength of 265.5

MPa. Quenching at 20�C results in rapid cooling, which

Figure 7. SEM images of samples (a)-(b) Q2A1T6, (c)-(d) Q2A1T12, (e)-(f) Q8A1T18.

Figure 8. The tensile tests result for different HT and quenching temperature.
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effectively ‘‘freezes’’ the microstructure, trapping precipi-

tates in a fine, well-dispersed state. This finer distribution

of precipitates contributes to the higher tensile strengths

observed in these samples.25 In contrast, quenching at 80�C
slows the cooling rate, allowing for increased diffusion of

solute atoms and precipitate coarsening. The larger pre-

cipitates formed at the higher quenching temperature

weaken the material’s mechanical properties, resulting in

lower tensile strength.26

The change in HT temperature from 175�C to 275�C
appears to have a significant impact on the tensile prop-

erties of the alloy. HT at 275�C, regardless of the

quenching temperature, led to lower tensile strengths when

compared to HT at 175�C. The samples quenched at 20�C
and subjected to HT at 275�C for 6, 12, and 18 hours

exhibited tensile strengths of 172, 175.5, and 182.2 MPa,

respectively. Similarly, the samples quenched at 80�C and

heat treated at 275�C displayed tensile strengths of 165.2,

162.4, and 167.5 MPa for the same respective durations.

The decrease in tensile strength during HT at 275�C sug-

gests that exposure to higher temperatures can have a

detrimental impact on the mechanical properties of the

A380 alloy. At 275�C, the precipitates in the A380 alu-

minum alloy may be growing in size and coarsening.

Larger precipitates reduce the alloy’s ability to resist

deformation and dislocation movement, resulting in a

decrease in tensile strength.27 The lower tensile strengths

observed at 275�C might make this temperature less

favorable for specific applications where high mechanical

strength is required.

Aluminum alloys like A380 often benefit from solid solu-

tion strengthening, where alloying elements are dissolved

into the aluminum matrix, enhancing its strength. However,

exposure to higher temperatures like 275�C can lead to the

partial or complete dissolution of these alloying elements,

reducing their strengthening effect.9 This can result in a

decrease in tensile strength. At 275�C, the alloy might

undergo phase transformations that are unfavorable for its

mechanical properties. Certain phases formed during HT

can have a negative impact on the alloy’s strength. For

example, the transformation of a strengthening phase to a

less effective phase at this temperature can contribute to

the observed reduction in tensile strength.

When the ductility of the samples is evaluated, the per-

centage elongation results are highest in the NT samples

(*8-10%), indicating the superior ductility of the samples

in the as-cast condition. In all heat-treated groups, how-

ever, the percentage elongation decreases to approximately

2-3%, demonstrating a significant increase in brittleness

following heat treatment. It is also observed that the aging

durations tested (6-18 hours) do not have a meaningful

effect on either the tensile strength or ductility, suggesting

that these durations are sufficient for the precipitation

mechanism to reach equilibrium.

The results have important implications for the practical

use of A380 aluminum alloy in various industries. They

suggest that a careful selection of quenching and HT

conditions is necessary to modify the material’s mechani-

cal properties to specific requirements. The results can be

used to optimize the HT process for A380 aluminum alloy,

considering the trade-offs between tensile strength, duc-

tility, and other desirable properties.

In Figure 9, representative stress–strain curves of A380

alloy samples applied to quenching at 80�C and different

aging times at 175�C are presented. In all curves, the low

amount of plastic deformation and sudden fracture points

indicate that the fracture in the samples occurred in a brittle

character. While the highest strength and ductility were

obtained in 6-hour aging, a significant decrease in the

mechanical performance of the material was observed in

longer periods due to the coarsening of the precipitates.

SEM analysis was performed on the fractured surface of

the two samples that had been subjected to tensile testing.

From the samples heat treated at 175 �C and 275 �C
degrees, one representative sample was selected from each.

Images of the samples at 5kX and 3kX magnification are

given in Figure 10. During examination of the fracture

surface of the 175 �C sample, it is observed that it generally

fractures brittle but partially ductile. A brittle fracture form

was observed in the sample taken from the group of 275
�C.

Microhardness

Figure 11 presents the microhardness of the heat-treated and

untreated samples. The untreated sample exhibited a hard-

ness of 107.9 HV. This value is used to compare heat-treated

samples. A heat-treated sample at 275�C has a lower hard-

ness value than an untreated sample, whereas a heat-treated

sample at 175�C has a higher hardness value. Increasing the

aging temperature beyond its optimal level causes over-ag-

ing.26 This can be observed from the hardness value at

275�C. As the aging temperature increases, the precipitate

particles continue to coalesce and form larger precipitates,

depending on the aging time. Large precipitates cause

developing dislocations to be easier, which severely affects

the mechanical properties of the aluminum alloys.

Hardness increased gradually in specimens heat treated at

175�C with an increase in HT time. A similar increase was

not observed in samples at 275�C. The highest level of

hardness was observed at 12 hours (87.7 HV) and 6 hours

(95.6 HV) of HT times for samples heat treated at 275�C
and quenched at 20�C and 80�C, respectively. Among all

the samples, the highest hardness value 151.4 HV was

found in the samples that were quenched at 20�C and heat

treated at 175�C for 18 hours. This hardness value is

approximately 40.3% higher than hardness of the untreated
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sample. Similarly, the highest hardness value of 148.2 HV

was obtained in the samples quenching at 80�C and heat

treated at 175�C for 18 hours.

Wear

Wear tests were carried out with a Ø6 mm AISI 304

stainless steel ball under dry sliding conditions using a ball-

on-disk wear test configuration to investigate the tribo-

logical behavior of the heat-treated and untreated samples.

Experimental Evaluation of Wear Behavior

The variation of the coefficient of friction (COF) recorded

during the test is shown in Figure 12. All samples along the

wear distance had a running-in period. Although the

Figure 9. The stress–strain curves of samples quenched at 80�C and aged at
175�C for different durations.

Figure 10. SEM images of fracture area, (a) aged at 175�C in 500X, (b) aged at 175�C
in 3000X, (c) aged at 275�C in 500X, (d) aged at 275�C in 3000X.
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duration of this period varied between samples, it was

observed that the running-in process was completed by

approximately 15 meters in all cases. During the running-in

period, the COFs of the samples increased due to the for-

mation of adhesive contacts under high initial surface

pressure and then partially decreased. After this stage, the

COFs became stable as the real contact area increased. In

the initial meters of wear tests, the small contact area leads

to high surface pressure, forming adhesive bonds between

surfaces. These adhesive bonds resist slipping, causing the

friction coefficient to increase.28 In the next period, the

COF becomes stable as the contact area increases. Despite

this stabilization, some fluctuations were still observed,

attributed to material transfer between the contact

surfaces.29

The average COFs and wear rates of the samples are given

in Figure 13. The highest wear rate was obtained in the

untreated sample. In other samples, it has been observed

that quenching and artificial aging processes increase wear

resistance.

When comparing samples quenched at 20�C, the wear rates
of the sample group aged at 175�C were higher than those

aged at 275�C. The hardness of the samples quenched at

20�C and aged at 175�C is higher than the samples

Figure 11. Microhardness of the samples.

Figure 12. Variation of the COF with wear distance.

Figure 13. Wear rate and average COF of the samples.
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quenched at 20�C and aged at 275�C. During the wear test,

hard particles fractured from the surface of the samples due

to contact with the counter body. The fractured particles

acted as a third object and increased the abrasive wear rate

on the sample surface. Samples quenched at 20�C and aged

at 275�C yielded the best wear resistance among the

experimental groups. Some of the relatively softer frac-

tured particles break off from the surface during the wear

tests and re-adhered to the sample surface, contributing to

adhesive wear. Due to the influence of this adhesive wear,

the wear rate in these samples did not increase signifi-

cantly. Furthermore, the EDS results provided in Table 3

indicate that the oxygen content on the wear surface of the

samples quenched at 20�C and aged at 175�C is higher.

This oxygen formed an oxide layer on the surface and

reduced the contact surface area, preventing the increase in

wear rate. Oxide layers decreases real contact area between

the two metal contacts.30

High hardness values were obtained for the samples group

quenched at 80�C and aged at 175�C as like the samples

quenched at 20�C and aged at 175�C. The hard particles

that fractured during the wear tests acted as a third object

which caused an increase in the wear rate. Compared to the

other HT samples, the highest wear rate was obtained in the

samples 12 and 18 hours aged at 275�C and quenched at

80�C. As explained in the hardness section, large precipi-

tates formed in samples quenched at 80�C aged at 275�C.
Due to the effect of large precipitates, the non-hard surface

was fragmented by the counter body and therefore, the

wear rate increased. In these samples, adhesive wear has

not been observed as much as in the other sample group

heat treated at 275�C (quenched at 20�C), which caused the
wear rate to increase. In each group, the wear rates of the

samples at 12-hour aging time are higher than those at 6

and 18 hours. The increase in the wear rate at 12 hours

compared to 6 hours was due to the effect of hard particles

breaking off the sample surface. The relatively softer par-

ticles that broke off from the surface in 18 hours compared

to 12 hours caused adhesive wear, causing the wear rate to

decrease slightly. In comparison with the untreated sample,

samples quenched at 20�C and aged at 275�C for 6 hours

performed the best in wear resistance with an 81.2%

improvement.

Figure 14 shows representative SEM images of the worn

surfaces of Q8A1T12, and Q2A2T12 samples at 250X and

1000X magnifications. EDS analyses obtained at SEM

1000X magnification are given in Table 3.

The worn surfaces of heat-treated samples showed adhe-

sion and delamination layers. During the test, the pieces

that break off from the wear surface either move away or

get stuck between the ball and the surface. The particles

Table 3. EDS Analysis of the Samples

Composition (wt%)

EDS area Al Si Cu Fe Cr O

Figure 14b 77.13 7.08 2.15 0.54 0.89 12.22

Figure 14d 63.01 5.59 1.65 0.92 1.29 27.54

Figure 14. SEM images of worn area, (a), (b) Q8A1T12 (c), (d) Q2A2T12.
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stuck in between stick to the surface again under the force’s

effect, creating adhesion wear. As the test progresses, the

sticky particles break off, forming a partial delamination

layer.

Data-Driven Prediction of Specific Wear Behavior
Using Supervised Learning Models

In addition to the conventional mechanical interpretation of

the wear behavior, data-driven predictive modeling

approaches were also employed to evaluate the consistency

and explanatory power of the experimental results. Given

the complex and nonlinear nature of wear phenomena,

particularly in heat-treated aluminum alloys, machine

learning-based regression models offer a promising alter-

native for estimating specific wear rates. In this context,

several supervised learning algorithms, including both

traditional ensemble models and neural network-based

architectures, were implemented and compared.

The performance of DNN and MLPR models used in

predicting the specific wear rate values of heat-treated

aluminum A380 alloy samples was evaluated through loss-

epoch graphs. The graph presented in Figure 15 shows the

learning processes of both models around 300 epochs.

The given epoch loss graph compares the learning behav-

iors of MLPR and DNN models during the training pro-

cess. The MLPR model starts with a very high error value

at the beginning and exhibits a rapid decrease during the

first 50 epochs, sharply decreasing the learning curve.

However, after the 50th epoch, the improvement slows

down and the model plateaus at approximately 3-5 MSE

levels and reaches saturation in learning. In contrast, the

DNN model started training with a lower initial error and

was much more stable and stable, with low oscillations,

fixed at around 2 MSE. This shows that the DNN model

both has a more stable learning process and results in

higher accuracy in general. In particular, the smooth and

balanced loss decrease in the DNN curve shows that the

model works more efficiently in terms of regularization and

optimization. This graph reveals that DNN is better than

MLPR not only in terms of accuracy but also in terms of

training process stability.

The distribution graphs of the obtained actual and predicted

values given in Figure 16 provide important information in

terms of visualizing the predicted performances of the

models.

According to the scatter plots showing prediction–mea-

surement comparisons of the training data, RF and DNN

models showed high fit thanks to the positioning of the

actual vs. predicted points close to the perfect fit line.

These models successfully learned the general trend in data

distribution and performed the regression performance with

high accuracy. On the other hand, increasing deviations

were observed at high values in DT, GB, and XGB models;

this situation suggests that these models cannot provide

sufficient generalization at the upper limits. Especially the

MLPR model showed significant deviations in terms of

distribution and showed low accuracy even on the training

data. This result indicates that the learning capacity of the

model is insufficient for the current problem.

Table 4 presents the specific wear rate values correspond-

ing to different heat treatment conditions (quenching

temperature, aging temperature, and time), along with their

predictions and the calculated absolute percent error (APE)

for each data point. The table display quantifies not only

the overall model performance but also how prediction

accuracy varies under specific process parameters.

Considering the experimental results, it appears that the

model error rates generally remain low until a steady

improvement in wear resistance is achieved. For more

regular variations in specific wear rates, all models gen-

erally achieved low APE. This is due to the more pre-

dictable nature of the material’s tribological behavior under

certain parameter combinations, and to the models’ ability

to better understand the data distribution under these con-

ditions. For slight fluctuating in specific wear rates, such as

those observed in the Q2A1T12 and Q2A2T12 samples,

tree-based prediction models demonstrated strong gener-

alization capability, attaining APE of 1–2%, whereas

neural network-based models underperformed relative to

the others, exhibiting comparatively higher APE in the

range of 7–10%. Furthermore, tree-based models show

inherent limitations in capturing nonlinear fluctuations in

the specific wear rate, particularly the pronounced decrease

that follows sharp increases at the 6th and 12th hours, as

observed in case Q8A1T18. In contrast, neural network-

based models exhibit a superior capacity to accurately

represent these dynamic variations. APE metric can be

considered a critical complementary metric not only for

model comparison but also for revealing the impact of heat

treatment parameters on the wear mechanism and its
Figure 15. Loss epoch performance of the MLPR and
DNN models.
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impact on predictive accuracy. Figure 17 shows the mean

absolute percentage error (MAPE) of the predictive

models.

The MAPE results in Figure 17 shows that XGB and DT

stand out in terms of predictive performance, showing the

lowest error rates, while the RF model, with a similarly low

error, demonstrates the tree-based models’ success in

generalizing tribological behavior. The GB model pro-

duced a relatively higher error but captured the general

trends. In contrast, the MLPR, and especially, the DNN

models exhibited poorer performance, with error rates

increasing significantly under extreme aging conditions

and under deterioration of mechanical homogeneity due to

precipitation growth. These results indicate that tree-based

models provide more reliable prediction accuracy, while

neural network-based models have higher error rates in

response to fluctuations in tribological behavior. Conse-

quently, the effect of heat treatment parameters on the wear

mechanism directly determines model accuracy.

The bar charts in Figure 18 evaluate the prediction per-

formances of the models in the test and validation sets in

terms of both MSE and R2 score.

Figure 16. Performance of the predictive models on the train samples.
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According to the scatter plots on the train set, the RF and

DNN models, which provided the highest fit, successfully

demonstrated their generalization abilities by maintaining

their consistent performance in the test and validation sets.

While the RF model draws attention with both low MSE

and high R2 values; the DNN model stands out with the

lowest error (MSE & 1.7) and the highest explanation ratio

(R2 & 0.85) especially in the test set. While it is seen that

these two models draw prediction curves quite close to the

real data in the test line plots, it is also observed that the

consistency of RF and the general trend are followed

successfully in the validation line plots despite the slight

deviations of DNN. In the other models, the increasing

error and decreasing R2 scores in the validation set indicate

generalization problems and remain weak compared to the

train-test fit. As a result, when both quantitative error

metrics and visual analyzes are taken into account, the RF

model exhibits high reliability and stability, while the DNN

model offers a significant alternative especially in terms of

accuracy.

Validation part assesses the real generalization ability of

the models on new examples that they have never seen. At

this stage, the RF model provided the most stable and

reliable results by maintaining the prediction values with

minimum deviation. Although the DNN model showed

slightly increased deviations in the validation set compared

to the test set, it followed the general direction and showed

an acceptable generalization success. Other models, espe-

cially XGB and MLPR, performed worse in the validation

Table 4. APE for Each Predictive Model (Actual, Pred. x 10�5mm3=N:mÞ

DT RF GB XGB MLPR DNN

HT

Param.(input)

Actual Pred. APE Pred. APE Pred. APE Pred. APE Pred. APE Pred. APE

Q8A2T6 12.95 13.94 7.70 14.01 8.22 13.99 8.05 13.94 7.70 14.99 15.78 15.28 18.03

Q8A1T18 16.17 11.17 30.93 11.67 27.84 11.34 29.89 11.17 30.92 14.53 10.16 14.16 12.44

Q2A1T18 13.46 13.26 1.43 13.26 1.44 13.07 2.82 13.26 1.43 13.59 0.98 13.93 3.54

Q8A2T12 18.07 18.38 1.69 18.36 1.62 17.12 5.21 18.37 1.69 16.24 10.10 16.71 7.49

Q2A1T12 14.96 15.1 0.93 15.03 0.48 15.87 6.10 15.09 0.93 13.86 7.33 13.98 6.48

NT 21.82 19.17 12.12 19.05 12.67 19.20 11.97 19.17 12.12 20.22 7.33 21.39 1.93

Q2A2T6 10.39 10.43 0.33 10.82 4.10 10.78 3.72 10.43 0.35 12.81 23.25 13.53 30.12

Q8A1T6 13.22 13.35 0.97 13.52 2.20 13.68 3.47 13.35 0.97 13.88 4.95 13.92 5.22

Q2A2T6 10.55 10.43 1.19 10.82 2.52 10.78 2.14 10.43 1.16 12.81 21.37 13.53 28.14

Q2A2T12 11.19 11.17 0.15 11.39 1.83 11.20 0.10 11.17 0.14 11.62 3.88 12.23 9.36

Figure 17. MAPE of the predictive models.

Figure 18. Performance of the models on test and validation set by MSE and R2

score.
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set compared to the test set. In terms of validation accu-

racy, the GB and DT models could not maintain their

performance compared to the test set and remained weak in

generalization ability.

Table 5 presents the cross-validated permutation impor-

tance results of the Random Forest model, which quantify

the relative contribution of each heat-treatment parameter

to the prediction of the specific wear rate. The Mean

‘‘DMSE’’ indicates the average increase in mean squared

error when the corresponding feature is permuted, while

the 95% confidence interval (CI) bounds describe the sta-

tistical reliability of that increase. The ‘‘Top-rank fre-

quency’’ represents how consistently each variable appears

as the most influential feature across the cross-validation

folds, thus serving as an indicator of model stability.

Among the examined parameters, aging temperature

emerged as the most dominant feature, exhibiting the

highest mean DMSE value (8.59) and a narrow confidence

interval (6.53–10.65). It ranked first in 60% of the valida-

tion folds, demonstrating a strong and stable impact on the

model’s predictive performance. This finding confirms that

the aging temperature is the primary factor governing the

wear behavior of A380 alloy by controlling precipitation

kinetics and the microstructural refinement process. In

particular, higher aging temperatures promote the coars-

ening of precipitates and reduce surface hardness, thereby

increasing the specific wear rate. The findings of the pre-

sent study are fully consistent with the literature, where

several independent investigations have also reported that

aging temperature is the most influential parameter gov-

erning the mechanical and tribological behavior of heat-

treated aluminum alloys.31,32 .The quenching temperature,

ranked second with a mean DMSE of 7.86, showed mod-

erate variability and an indirect influence on wear resis-

tance through microstructural homogeneity, whereas the

aging time exhibited the lowest but consistent effect,

indicating a secondary contribution compared to tempera-

ture-related parameters.

Conclusions

In this study, the effects of T6 heat treatment parameters of

A380 aluminum alloy on mechanical properties and wear

behavior were investigated comprehensively by

experimental and machine learning-based analyses. The

findings revealed that room temperature quenching (20�C)
and aging at 175�C reached the highest values in terms of

tensile strength and hardness but increasing this period

beyond 18 hours caused excessive aging, leading to a

decrease in mechanical performance. On the other hand, it

was determined that high aging temperatures such as

275�C had negative effects especially on microhardness

and tensile strength, and this situation was associated with

a microstructure that could not prevent dislocation move-

ment due to the formation of large precipitates. Wear

experiments showed that the samples aged at 275�C and

cooled at 20�C exhibited the highest performance in wear

resistance. This improvement was associated with the

reduction of the oxide layer formed on the surface and

adhesive wear.

Another important contribution of the study is the analysis

of experimental data with machine learning models.

Among the regression models developed, Random Forest

and Deep Neural Network models achieved the highest

accuracy rates, and the Deep Neural Network model stood

out with low error and high explanatory power (R2 &
0.85), especially in the test data. These models have high

potential in predicting the wear behavior of the A380 alloy

and can form the basis of data-driven design processes that

will provide efficiency in industrial applications.

As a result, for the A380 alloy, quenching at 20�C and

aging at 175�C for 6 to 12 hours are recommended in order

to obtain optimum mechanical properties. In terms of wear

resistance, aging at 275�C for 6 hours provides the most

successful performance when considered together with

appropriate cooling conditions. In further studies, it is

recommended to examine the microstructure–property

relationships in more detail together with the characteri-

zation of different precipitation hardening mechanisms. In

addition, the developed machine learning models can be

fed with larger data sets to increase their generalization

success and thus be integrated into real-time production

processes.
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