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Abstract. This study investigates the effect of laser power on the 

mechanical properties of equiatomic AlCrFeNiTiVZr high entropy alloy 

(HEA) fabricated using the Laser Additive Manufacturing (LAM) process. 

Laser powers of 300, 320, 340, 360, and 380 W were varied, while the 
scanning speed was held constant at 6.73 mm/s. The analyzed key 

performance indicators include microstructure, nanohardness, elastic 

modulus, and wear resistance. A combination of experimental evaluation 

and statistical modeling using design of experiments (DOE) and analysis of 
variance (ANOVA) was employed to identify optimal mechanical and 

tribological responses and to assess the relationships between laser 

parameters and alloy performance. The results indicate that higher laser 

power is crucial in achieving microstructural characteristics, which leads to 
a balance of hardness, strength properties and wear resistance. Predictions 

from the developed models suggest that the optimal power input should be 

within the range of 340–380 W. The validation process showed that the 

variation between what the models predicted and the actual experimental 
results is less than 0.05, confirming that the models are reliable for future 

predictions. 
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1 Introduction 

High-Entropy Alloys (HEAs) are of great interest to researchers due to their exceptional 

thermodynamic, kinectic, and structural stability, coupled with outstanding mechanical 

properties [1-3]. These attributes are primarily governed by the "four core effects" namely 

high mixing entropy, severe lattice distortion, sluggish diffusion, and cocktail effect [4-5]. 

As a result, HEAs demonstrate superior hardness and strength, outstanding resistance to 

oxidation and corrosion, remarkable thermal stability, and enhanced wear resistance, making 

them viable options for various industrial applications. However, challenges remain in 

accurately predicting and controlling their phase formation, optimizing their microstructural 

characteristics, and efficiently exploring the process design space, which has hindered their 

broader adoption [6-7]. Therefore, there is a pressing need for the development of effective 

and efficient techniques to produce this innovative class of alloys.  

Additive Manufacturing (AM), particularly laser-based techniques, has emerged as a 

viable approach for fabricating HEAs as advanced engineering materials [8-9]. AM 

technologies, often referred to as 3D printing or Rapid Prototyping (RP), have advanced 

significantly in recent decades because of their ability to directly create 3D items stepwise 

with nearly net-shaping proportions using a Computer-Aided Design (CAD) model. In 2013, 

Kunce et al. [10] conducted the first study on additively made HEAs and since then, the 

volume of publications on this subject has grown dramatically during the past 10 years, 

particularly since 2019. AM provides significant advantages such as rapid and controlled 

cooling rates and the capacity to produce complex geometries that are often unachievable 

through traditional manufacturing methods, all without the need for molds or specialized 

tooling [11-12]. However, these benefits are sometimes offset by inherent limitations, such 

as material shrinkage and the development of residual stresses, which can affect dimensional 

accuracy and mechanical performance [13-15]. The extent of these issues is strongly 

influenced by the interplay between laser processing parameters and material behavior. 

Inadequate control of parameters such as laser power, scan speed, and heat input can 

exacerbate thermal gradients, leading to distortion, cracking, or inconsistency in part quality. 

Therefore, optimizing key operational parameters, particularly scanning speed, powder feed 

rate, and laser power is essential for achieving reliable mechanical performance in laser-

processed HEAs [16-17]. The optimization challenge is compounded by the nonlinear 

interactions between processing variables and the multi-component nature of HEAs [18]. The 

compositional complexity of HEAs adds another level  of difficulty, as it influences the 

processing conditions affecting microstructure and mechanical properties. Therefore, 

understanding and modeling the interrelationships among  process parameters and material 

responses, such as mechanical strength and wear resistance, are critical concerns for 

maximizing the performance of laser-processed HEAs [19-20].  

To this end, several studies have employed Response Surface Methodology (RSM), 

which is a statistical technique that models and optimizes processes involving multiple 

variables. RSM provides a structured approach to investigate the influence of laser 

parameters on performance metrics and to identify optimal settings [21-24]. Dong et al. [25] 

applied RSM to optimize scanning speed, powder feed rate, and laser power for 

AlCoCrFeNi2.1 coatings produced via laser cladding. The study achieved a microhardness 

value of 322.70 HV0.2 under laser operational conditions of 7.8 mms-1 scanning speed, 

12.91 gmin-1 powder feed rate and 1675 W laser power. Similarly, Akinwande et al. [26] 

explored the impact of TiC reinforcement and laser power on the properties of CoCrFeMnNi 

HEAs. In this study, both laser power and TiC were varied.and the investigation identified 

an optimal entropy alloy mix of (CoCrFeMnNi)85/TiC15 at a laser power of 504 W, resulting 

in improved mechanical strength and hardness. The observed improvement was primarily 
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attributed to grain refinement induced by the reinforcing potential of the TiC particulte and 

the optimized thermal conditions during processing.   

These findings have shown that RSM provides a framework for finding optimal process 

parameters that maximize specific response. Accordingly, this research adopts RSM as a 

statistical tool to optimize the laser processing parameters for the AlCrFeNiTiVZr HEA. The 

study aims to establish reliable correlations between predicted and experimental responses, 

thereby enhancing process efficiency and material performance. 

2 Materials and methodology 

2.1 Selection of materials  

The chemical compositions of the AlCrFeNiTiVZr (HEA) powders used in the study are Al 

(Aluminum), Cr (Chromium), Fe (iron), Ni (Nickel), Ti (Titanium), V (Vanadium), and Zr 

(Zirconium) with equal weight percentage for each element. The powders were commercially 

supplied with a particle size that spanned 45 to 90 µm [27]. Bulk HEA samples with the 

AlCrFeNiTiVZr composition were fabricated on a 100 x 100 x 5 mm³ mild steel substrate 

using an Optomec 850R LENS fiber laser system. The scanning speed for the laser parameters 

was maintained at 6.73 mm/s, while the laser power was varied between 300W and 380 W 

with increment of 20 W. 

2.2 Experimental procedure and characterization of the powder 

The cross-section of the fabricated samples was prepared using standard metallographic 

procedures in accordance with ASTM E3 standard [28]. The crystallographic structures of 

the laser deposited samples were examined using a Bruker D8 Advance X-ray diffractometer 

fortified with Cu Kα radiation (λ = 1.5406 Å), operating at a power of 40 kV and 30 mA. The 

diffraction patterns were analysed using the HighScore Plus software from Panalytical in 

conjunction with the 2021 ICCD data base for phase identification. Nanomechanical 

properties, including nanohardness and elastic modulus, were evaluated using an Anton-Paar 

TTX-NHT3 Nanoindenter with a spherical tip. Each indentation, including loading, holding, 

and unloading (20 seconds each), took 60 seconds to complete, with a maximum force of 

400 mN applied during the nanoindentation studies. The elastic modulus values reported in 

this study were directly derived from these nanoindentation tests using the TTX-NHT3 

system. The as-built samples were also subjected to dry sliding wear tests at 25 oC using a 

ball-on-disc rotating setup with a TRB3 Anton Paar Tribometer coupled to a S 128 surtronic 

profilometer. A steel ball of 6 mm diameter was used as the sliding counterface. The tests 

were carried out with an applied load of 20 N for 1000 sliding cycles. The attached surtronic 

profilometer was employed to measure the wear track depth and to investigate the coefficient 

of friction. 

2.3 Statistical modelling of laser process parameters for AlCrFeNiTiVZr HEAs 
using response surface methodology (RSM) 

The experiments were conducted on the as-built HEA samples, and the processing parameters 

were optimized. The data analysis and process optimization were conducted using Design-

Expert 13.0.5.0 software (Stat-Ease Inc.). Based on the Design of Experiments (DOE) 

approach, five experimental runs were conducted using the CCD (central composite design) 

module under the framework of RSM (Response Surface Methodology). The build-up 

information for the model and the actual and coded controllable factors are presented in 

Tables 1 and 3, respectively. The number of experiments was determined using Equation (1) 

[29]: 

     𝑁 = 2𝑘 ( 𝑘 − 1) + 𝐶𝑜                                                                              (1) 
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Here, k signifies the count of independent variables, while C0 represents the number of center points 

incorporated to estimate experimental error and ensure model robustness.  

Table 1. Build statistics of the design for AlCrFeNiTiVZr HEA. 

Specifications for the models Input value or description 

Software version 13.0.5.0 

Study type RSM 

Number of runs 5.00 

Blocks Nil 

Build Time (ms) 34 

Sub-type Randomized 

Design specification Central composite 

Design Model Quadratic 

 

Table 2. Actual and coded controllable factors of the design for AlCrFeNiTiVZr HEA. 

Factor Type Subtype Min. Max. Coded 

Low 

Coded 

High 

Mean Std. 

Dev 

Laser  
Power (W) 

Num. Cont’s 300 380 -1↔300 +1↔380 340 31.62 

Scanning 

Speed (m/s) 

Num. Cont’s 6.73 6.73 -1↔6.73 +1↔6.73 6.73 0.000 

 

Table 3. Design of experiments (DOE). 

Sample Run Factor 1 

A: Laser power (W) 

Factor 2 

B: Scanning speed 

(ms) 

T2 2 320 6.73 

T1 3 300 6.73 

T4 5 360 6.73 

T3 1 340 6.73 

T5 4 380 6.73 

 

The system behaviour was described by a second-order quadratic polynomial model, 

which effectively captured the complex, nonlinear dependencies linking the laser processing 

parameters to the response outputs-nanohardness, wear resistance and elastic modulus, as 

indicated in Equations (2) and (3) [30]: 

    𝑌 =  𝛽𝑜 + ∑ 𝛽𝑖𝐴𝑖
𝑘
𝑖=1  + ∑ 𝛽𝑖𝑖𝐴𝑖

2𝑘
𝑖=1  + ∑ 𝛽𝑖𝑗𝐴𝑖

𝑘
𝑖=1 𝐵𝑖𝑗 + ℇ                          (2) 

     𝑌 =  𝛽𝑜 +  𝛽𝑖𝐴𝑖 +  𝛽𝑖𝑖𝐵𝑖𝑖 + … + 𝛽𝑘𝐴𝐵𝑘𝑜                                                (3) 

The response output is denoted by Y, where β0 represents the intercept constant, and the 

regression coefficients of the model are represented by βi, βii, βk and βij. The input variables, 
their corresponding squares and interaction terms are denoted by Ai, Ai

2 and AiBij. The 

symbols o, i, ij, and ii are used to represent the regression coefficients that are not known, 

while the model's error is shown as ℇ.  
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The transformation from Equation (2) to Equation (3) serves primarily to simplify the 

representation of the model for interpretative purposes. While Equation (2) explicitly 

expands all contributing terms, Equation (3) is a symbolic condensation used to generalize 

the polynomial structure of the model without listing each individual term. This 

transformation aids in readability and highlights the presence of linear, quadratic, and 

interaction effects without repeating the full functional form.  

To build the regression model, the Central Composite Design (CCD) type in the Design 

Expert 13.0.5.0 software package was loaded for five experimental runs (see Table 3). The 

choice of CCD over other designs was motivated by its suitability for fitting second-order 

models, its ability to provide robust estimates of curvature, and its efficiency in minimizing 

the number of required experiments while maximizing information gain. The statistical 

validity of the model was confirmed through ANOVA (Analysis of Variance), which yielded 

a 95% confidence interval and p-values (probability values) less than 0.05. The soundness of 

the model was proven using ANOVA. 

3 Results and discussions 

3.1 Model validation and optimization of as-built AlCrFeNiTiVZr HEA 

The measured results of nanohardness, elastic modulus, and wear for the as-built 

AlCrFeNiTiVZr HEA are presented in Table 4. 

  

Table 4. Nanohardness, elastic modulus and wear measurement results. 
Sample Nanohardness 

(GPa) 

Elastic Modulus 

(GPa) 

Wear rate  

(X 10-4 mm3/N/m) 

T2(320 W) 0.98167 9.9587 3.6470 

T1(300 W) 0.8317 8.8856 5.5250 

T4(360 W) 1.3413 12.780 0.4258 

T3(340 W) 1.2506 11.774 1.9080 

T5(380 W) 2.0092 14.725 0.3525 

The nanohardness values ranged from 0.8317 to 2.0092 GPa, while the elastic modulus 

values ranged from 8.8856 to 14.725 GPa. The low nanohardness and elastic modulus values 

may be attributed to microcracks, which disrupted the load transfer during testing and 

resulting in the HEA easy deformation under the indenter. The wear test results ranged from 

3.525E-5 to 5.525E-4 mm³/N/m. The ANOVA results with its key statistical tools are shown 

in Table 5, 'Cor.' refers to the corrected total sum of squares, 'Adeq.' represents adequate 

precision, a measure of the signal-to-noise ratio and 'R²' denotes the coefficient of 

determination, indicating the amount of variance in the response described by the model. 
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Table 5: The ANOVA results with key statistical indicators for the developed model. 

SOURCE SS DF MS F-VALUE P-

VALUE 

STATISTICS 

Nanohardness 

Model 0.8252 2 0.4126 748.60 0.0013 Significant 

A-Laser power 0.8084 1 0.8084 1466.76 0.0007 R2 0.9987 

B-Scan speed 0.0883 1 0.0883 160.14 0.0062 Adjusted R2 0.9973 

Residual 0.0011 2 0.0006   Predicted R2 0.9806 

Cor. total 0.8263 4    Adeq. Precision 63.6886 

Elastic Modulus 

Model 21.18 2 10.59 339.26 0.0029 Significant 

A-Laser Power 20.96 1 20.96 671.30 0.0015 R2 0.9971 

B-Scan Speed 0.1594 1 0.1594 5.10 0.1524 Adjusted R2 0.9941 

Residual 0.0624 2 0.0312   Predicted R2 0.8967 

Cor. Total 21.25 4    Adeq. Precision 43.0865 

Wear rate 

Model 1.961E-7 2 9.805E-8 138.74 0.0072 Significant 

A-Laser power 1.627E-7 1 1.627E-7 230.17 0.0043 R2 0.9928 
B-Scan speed 1.068E-8 1 1.068E-8 15.11 0.0603 Adjusted R2 0.9857 

Residual 1.413E-9 2 7.067E-9   Predicted R2 0.8025 

Cor. Total 1.975E-7 4    Adeq. Precision 25.2292 

The models for the three responses (nanohardness, elastic modulus, and wear rate) showed a 

linear fit that were statistically significant, with probability values of 0.0013, 0.0029, and 

0.0072, respectively. The residual plot versus the run, illustrated in Figure 1, further 

demonstrates that the design remains within the process boundaries. For the model to be 

valid, the design plot should fall within the control margin [31]. It is evident from the plots 

presented in Figure 5 that the design points remain within the specified control boundaries 

(red lines); consequently, the models are deemed valid. 

 
Fig. 1. Residual plots of nanohardness, elastic modulus and wear rate. 

The following metrics were assessed in order to support the significance of the model and 

consistency using the ANOVA tool. For the nanohardness response, the R², Predicted R², and 
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Adjusted R² were 0.9987, 0.9806, and 0.9973, respectively. For the elastic modulus, the 

corresponding values were 0.9971, 0.8967, and 0.9941, while for the wear rate, they were 

0.9928, 0.8025, and 0.9857, respectively. In all cases, the difference between the Predicted 

R² and Adjusted R² was less than 0.2, which indicates that the models exhibit good internal 

consistency and predictive reliability. This threshold serves as a practical benchmark, 

suggesting that the models are not overfitted and are capable of accurately predicting new 

response values within the design space. Additionally, the Adeq. Precision values (which 

assess the signal-to-noise ratio) were well greater than four thresholds, indicating the 

reliability in navigating the design space. The p-values for the nanohardness, elastic modulus, 

and wear rate were less than 0.05, suggesting that the models are statistically significant and 

the input responses and factors relationships are not random (Table 5). Furthermore, the 

Model F-values for the nanohardness, elastic modulus, and wear rate were 748.60, 339.26, 

and 138.74, respectively; also confirming the statistical significance of the models. The 3D-

surface interaction plots in Figure 2 describe the 3D response surface plots showing the 

influence of the process parameters on each response variable. 

 
Fig. 2. 3D response surface plots of operating parameters on the corresponding responses-

nanohardness, elastic modulus and wear rate. 

Based on the coded factors, the final model equations of responses, are as follow: 

 
Nanohardness = +1.25 + 0.5791 × 𝐴 + 0.1808 × 𝐵                                    (4) 

Elastic modulus = +11.58 + 2.95 × 𝐴 + 0.2429 × 𝐵                                   (5) 

Wear rate = +0.0002 −  0.0003 × 𝐴 + 0.0.0001 × 𝐵                                   (6) 

Where A and B represent the coded values of laser power and scan speed respectively.  

Using the actual factors, the final model equations of responses, are as follow: 

Nanohardness = −24339.63 + 0.0145 × 𝑝 + 3616.067 × 𝑣                         (7) 

Elastic modulus = -32713.566 + 0.0737 × 𝑝 + 4858.889 × 𝑣                      (8) 

Wear rate = −8.462 − 6.494𝐸−06 × 𝑝 + 1.2578 × 𝑣                                      (9) 

Here, p signifies the laser power (W) and v denotes the scan speed (mm/s). 

To further assess the effect of the processing parameters on the output responses, 

including nanohardness, elastic modulus, and wear rate characteristics, contour plots were 
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generated from the regression models, as shown in Figure 3 [32-37]. The lower responses are 

indicated by the blue colors, while the higher responses are represented by the red colors. 

The most influential parameter combination was a laser power of 380 W and a scan speed of 

6.73 mm/s, which could produce the desirable responses of 2.0092 GPa, 14.725 GPa and 

5.525 × 10⁻⁴ mm³/N/m for nanohardness, elastic modulus, and a wear rate respectively, from 

a possible set of nine experimental runs. It could be noticed that the nanohardness, elastic 

modulus, and wear resistance increased with an increase in laser power at a constant scan 

speed, highlighting the importance of microstructural integrity.  

The X-Ray Diffraction (XRD) patterns showing the crystal structure of the laser-

deposited AlCrFeNiTiVZr high-entropy alloy are presented in Figure 4. The results reveal 

an increase in peak intensities with the same trend; consistent phases and increased intensities 

observed for all samples. This suggests that the phase dominance is Body Centered Cubic 

(BCC) solid solution and there is an improvement in crystallinity of the BCC phase due to 

enhances atomic ordering. Samples T1 (300W) and T2 (320W) showed peaks that are broader 

than the rest which may suggest that there are smaller crystallite sizes which can be attributed 

to the rapid solidification at 300 and 320 W. As laser power increased, the gradual 

disappearance of secondary BCC (BCC2) peaks in samples T3 (340 W) to T5 (380 W) 

suggests a phase transformation from BCC2 to a more dominant BCC1 phase, likely due to 

higher thermal input and extended diffusion times. This indicates that increasing laser power 

promotes phase stability and the refinement of the HEA microstructure. The prominent 

diffraction peaks occurred at 2θ values of approximately 31.5°, 36°, 42.5°, 49.5°, 58.5°, and 

66°, corresponding to (hkl) planes of (110), (200), (211), (220), (310), and (222), 

respectively.  

 
 
Fig. 3. Contour plots of operating parameters on the corresponding responses-nanohardness, elastic 

modulus and wear rate. 
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Fig. 4. XRD pattern of as-built AlCrFeNiTiVZr HEA. 

4 Conclusion 

In this investigation, laser power was varied during the fabrication of High-Entropy Alloys 

AlCrFeNiTiVZr (HEAs). The deductions drawn from this are as follow: 

 

1. Crystallographic analysis confirmed that the dominant phase of the HEAs is the BCC, 

showing the HEAs formed solid solution structures 

2. Nanomechanical testing confirmed that higher laser power improved hardness and wear 

resistance. Sample T5 exhibited the highest hardness (2.0092 GPa). 

3. The elastic modulus results showed a direct proportionality, where optimized laser power 

(above 340 W) significantly enhanced these properties. 

4. Generally, laser power in the range of 340–380 W was identified as optimal for achieving 

a balance of hardness, wear resistance, and elasticity, providing a foundation for 

developing high-performance materials for various applications. Nonetheless, more work 

is needed to optimize the microstructures of the HEAs to be crack free which will 

significantly enhance the mechanical performance of the HEAs. 

 

The statistical analysis of the developed regression model, including the P-value, F- 

value, Predicted R2, Adjusted R2. Adequate Precision values further supported the model’s 

robustness and predictive reliability. The close alignment between experimental and 

predicted outcomes confirmed the model’s precision. This study underscores the critical 

importance of meticulously controlling the processing parameters, particularly laser power, 

to precisely engineer the microstructure and, consequently, the resulting mechanical 

performances of these advanced AlCrFeNiTiVZr high-entropy alloys. This custom-made 

approach is crucial for optimizing the functionality of these materials in demanding 
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applications. The robust predictive model, validated through the comprehensive statistical 

evaluation, provides a reliable framework for understanding the relationships between the 

processing conditions and the microstructural evolution, as well as the associated mechanical 

characteristics of the AlCrFeNiTiVZr high-entropy alloys. This knowledge can assist in 

creating advanced materials that possess specific characteristics suitable for diverse industrial 

and technological applications. 
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