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Abstract – Laser metal deposition (LMD) has become a compelling technique for fabricating 

high-entropy alloys (HEAs). However, its adoption on a commercial scale is limited, hindered 

by process-related defects and difficulty in controlling numerous interacting parameters. This 

review examines defect formation, process parameter-property relationships, and 

optimisation approaches for LMD-fabricated HEAs. The findings establish that the quality of 

LMD part is governed by about 39 process variables, including 13 key process parameters, 

out of which laser power, scan speed, powder feed rate, beam diameter, layer thickness, 

overlap fraction, and shield gas flow rate exercise dominant effects on the melt-pool stability, 

microstructure and mechanical properties. Cracking, lack of fusion, gas porosity, surface-

connected porosity, and gas porosity constitute the main defects, with lack of fusion reported 

when scan speed deviates from the optimum range by more than 15%. Evidence from 

reviewed studies indicates that increasing laser power from 600 to 800 W enhances hardness 

from 200 to 600 HV in AlCoCrFeCu HEA, and from 500 to 850 HV in AlTiCrCoNi HEA. 

Optimised process windows for fabricating defect-free CoCrFeMnNi are 400-600 W and 10-

30 mm/s. Nevertheless, excessive layer thickness of about 300 µm results in reduced 

elongation from 11.45% to 2.0%. Advanced optimisation techniques enhanced the reliability 

of prediction: Taguchi-grey relational analysis obtained 0.95% deviation, response surface 

methodology produced 5.27%-10%, and machine learning approaches achieved R2 values 

between 0.97-1.00, including phase-prediction precision of 98.5%. In general, hybrid 

machine learning, physics-based optimisation, and digital twin frameworks present the most 

compelling way for attaining defect-free, high-performance LMD-produced HEAs. 
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1. Introduction  

High entropy alloys (HEAs), also called multi-principal element alloys, are a group of alloys made up of five or more 

principal elements, with constituent elements of 5 to 35 wt.% composition, or equal atomic ratios. They have attracted 

growing interest and development activities from both academics and industrial players [1]-[2]They exhibit four core 

effects that give them an edge over conventional alloys in formability and damage tolerance [3]. It has been reported that 

the core effects- lattice distortion, high entropy [4], [5], sluggish diffusion [6], and cocktail effect- are the factors 

contributing to the superior thermal, physical, and mechanical properties [7]. Therefore, HEAs exhibit high strength and 

good ductility [8], superior hardness and wear resistance [9] excellent corrosion and oxidation resistance [10], [11], as 

well as high- and cryogenic-temperature stability [12]. Vacuum and induction arc melting are the predominant methods 

for fabricating HEAs. However, they are only used in academic and industrial research laboratory studies due to poor 

strength and hardness in the as-cast state, in addition to the high cost of equipment for commercial production [13] The 

laser metal deposition additive manufacturing technique is characterised by rapid cooling and low temperature gradient 

solidification, and flexibility for fabricating complex shapes and is adapted for manufacturing HEA parts of heterogeneous 

structures with superior strength, wear and corrosion properties. LMD technology has become a promising medium for 

fabricating premium alloys owing to its low dilution rate, rapid cooling and solidification rates, and the ability to directly 

repair damaged surfaces of parts [13]. In the LMD process, the main raw material, or feedstock, is metal powder, which 

is supplied by a carrier gas through coaxial ducts, then melted by a high-temperature laser and printed on a substrate layer 

by layer. 

Beyond the unique advantages of LMD, the ability to safely produce high-quality parts depends largely on controlling 

the process parameters and maintaining proper environmental conditions. In the LMD process, the thermal cycle controls 

the microstructure and mechanical properties of the deposited part and is highly influenced by the process parameters 

(powder feed rate, laser power, and laser scanning pattern/strategy [14]). Understanding the interactions among LMD 

process parameters, process conditions, and mechanisms is crucial, as they work in combination to produce parts of 

desired quality (defect-free and damage-tolerant). These factors or parameters are often myriad and controlling them is 

more complex and herculean. For better understanding, these factors have been grouped into five categories: 

powder/material related, machine specifications, process and environmental state, process parameters, motion and process 

control, as illustrated in Figure 1. 
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Figure 1. Categorisation of LMD process factors 

Among the various process factors and variables, process parameters are the most critical in determining the quality 

of the fabricated part [15], [16]. The laser metal deposition process is complex, as fabricating safe, defect-free and high-

quality deposits depends on the interplay of about 39 variables, with process parameters constituting about 13 of them 

[17]. According to some studies, among other parameters, laser power, power feed rate, laser scan speed/velocity, and 

scanning pattern/strategy have a greater impact on the value of the deposited component [18]. Several studies have 

established that proper selection and optimisation of process parameters are essential to obtaining desired material 

properties in LMD depositions [14], [19]. The most traditional methods used in these studies to optimise these input 

parameters include the design of experiments (DoE) technique, employing statistical techniques such as regression 

analysis, Taguchi orthogonal experimental methods, response surface approach, as well as numerical simulation, enabling 

them to predict and adopt the optimum process parameters [20], [21]. In the last decade, researchers have further explored 

the possibility of predicting the optimal process parameters, microstructure, and properties of LMDed HEAs using 

artificial intelligence-aided machine learning algorithms  [22]. These methods offer unique advantages over traditional 

statistical methods, owing to their multi-objective inclusivity and superior convergence compared with other statistical 

optimisation methods. Some of these methods include Artificial Neural Networks [23], [24], particle swarm optimisation 

[25], Non-dominated Sorting Genetic Algorithm II [19], and Support Vector Regression [26].  

This study reviews progress in optimising LMD parameters to limit defects and enhance the quality of fabricated 

HEAs. It starts by reviewing the defects associated with the LMD process. It summarises the key variables that contribute 

to defects in the LMD process and the remedies to mitigate them, as identified in the reviewed studies. The study further 

summarises the methods researchers use to optimise process parameters, ranging from conventional to multi-objective 

intelligent methods, and reviews their advantages and limitations. Based on the level of success observed in the reviewed 

studies, this study provides an outlook on progress in optimisation procedures for LMD processing of HEAs. This review 

is expected to serve as reference material for prospective research on the additive manufacturing of high-quality HEAs 

via LMD. 

2. Defects in the LMD Process 

The laser deposition process largely depends on the complex interplay of numerous process conditions and variables that, 

if not properly controlled, can affect the quality of the deposited or fabricated part. Defects are physical imperfections in 

fabricated parts that require correction [17], [27]. HEAs, due to their complex microstructure and multi-principal element 

composition, are prone to defects during laser metal deposition. These defects can be categorised into five groups: 

2.1 Crack Defects in the LMD Process 

Cracks in laser metal deposition occur in the deposited parts mostly due to high temperature gradients. Cracking of the 

components occurs due to the inability to accommodate solidification shrinkage and thermal contraction under a high 

solidification temperature gradient [27], [28]. Cracks also develop due to uncontrolled thermal stresses and strains, as 

well as uncontrolled microstructural and phase evolution, which normally cause shrinkage in the interdendritic grain 

zones [29]. In LMD, crack formation is influenced by critical parameters such as laser power and scan speed; higher laser 

energy can generate thermal stress, leading to crack initiation. An excessive laser scan speed can result in a lack of fusion, 

leading to crack formation [30]. Layer thickness and overlap are also critical to crack formation, as large thicknesses can 

lead to heat accumulation and higher cooling rates, which can create interlayer cracking [31]. Cracks can also develop 

due to the elemental composition of the fabricated alloys, particularly when the amounts of Carbon (C) and Sulphur (S) 

are high, which can lead to grain boundary segregation [32]. Cracks in the LMD of HEAs can also result from the high 

oxygen content of the feed powder and high laser heat input during deposition [33]. The strategies for crack reduction 

include optimal control of process parameters, build-surface preheating, and controlled cooling rates [33]. The main 

causes of cracks in the LMD process and possible remedies as studied by various researchers are summarised in Table 1. 
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Table 1. Common LMD defects and remedies 

Defect Causes Remedies References 

Cracks Thermal stresses due to a high 

temperature gradient while cooling 

Adopting an optimum cooling rate [34] 

Inadequate material properties Preheating the substrate or base metal [34], [35] 

High laser heat input Reducing laser heat input [36] 

Cracks High oxygen content of HEA 

powder 

Reduce oxygen content by drying the powder 

and performing LMD in an argon 

environment 

[36] 

Coarse columnar grain 

precipitated. 

Adopting optimum inter-layer pause (IP) 

time 

[31] 

Lack of fusion  Inappropriate laser power Adjusting laser power optimally [34], [37] 

Poor powder quality Proper powder handling and preparation [38] 

Poor wettability from oxide film 

formation and balling effect 

Drying the powder and optimising scan 

speed 

[39] 

Gas porosity Gas entrapped during solidification Reducing the gas content in the chamber [34] 

High moisture content of powder Adequate drying of powder, introducing 

oxygen-trapping additives 

[40] 

Impurities Contaminants during processing Clean material handling, Laser re-melting [41] 

Poor powder quality Use of high-quality powder [35] 

Surface-

connected 

porosity 

Rapid cooling rate Using controlled cooling methods [34] 

2.2 Lack of Fusion  

A lack-of-fusion (LoF) defect is a common anomaly in laser metal deposition, characterised by discontinuities in the 

deposited material due to inadequate bonding to the substrate or preceding layers [27]. Lack of fusion occurs in laser 

metal deposition, where powder particles fail to fully fuse due to low laser power, large layer thickness, high cooling rate, 

and inappropriate processing conditions [34]. Majunder et al. [38] reported that varying the scan speed ˃15% from the 

optimal value triggers the LoF defect. In LMD of HEAs, LoF can also arise from the different melting temperatures of 

the HEA powder's compositional elements [42]. Energy area density, if not optimally selected, can also cause a lack-of-

fusion defect [37]. There are also material-related factors responsible for the lack-of-fusion defect, such as poor powder 

wettability, oxide formation, contamination, and an improper powder particle-size distribution [37], [39], [43]. Lack of 

fusion can be identified using process-monitoring methods such as X-ray computed tomography [44], ultrasonic non-

destructive testing [45], metallographic examination [34], and mechanical testing [46]. Optimising process parameters 

can significantly mitigate the LoF defect [47]. A modern human-learning approach for real-time prediction of fusion 

failure achieves up to 90% accuracy [48]. Some common causes of LoF and their remedies identified in the reviewed 

studies are summarised in Table 1. 

2.3 Gas Porosity 

Gas porosity is another common problem associated with laser metal deposition. The nature and causes of porosity in the 

metal additive manufacturing processes, including LMD, are the same. It is a major concern because it significantly 

affects the mechanical properties and structural performance of the alloys produced. Understanding the mechanisms and 

factors that trigger porosity is important for fabricating components with the desired quality and reliability. Porosity can 

come from the original powder [17], gas entrapment [49], lack of fusion and keyhole pores [50]. According to Dobbelstein 

et al.[50], pores can develop in LMD during the fabrication of high-melting-point alloys with wide solidification ranges, 

where the evaporation of lower-melting-point elements induces shrinkage and interdendritic porosity. Appropriate control 

of process parameters limits porosity. A high laser energy enhances effective melting and limits pore formation. Adopting 

a high powder flow rate and uniform layer thickness can also help prevent voids [51]. In their findings, Gao et al.[40]  

established that introducing material additives such as titanium boride (TiB2) particles reduces porosity and crack effects 

through Orowan strengthening. 

2.4 Impurities 

The laser metal deposition process is prone to numerous impurities, which can degrade both the physical and mechanical 

performance of the resulting material [34]. Defects can arise as inclusions of oxygen and nitrogen trapped within the 

metal matrix during deposition [42]. Uneven segregation of alloying elements during deposition can also introduce 

impurities that distort the alloy's mechanical properties and structural integrity [52]. Voids from entrapped gas can act as 

impurities, weakening the deposited material [53]. Surface-active impurities cause oscillatory flows in the melt pool, 

which interfere with solidification and create non-uniform surface morphology [54]. The presence of impurities reduces 

ductility and toughness. It causes cracks and incomplete fusion, which affect both the strength and the surface quality of 
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the component produced [53]. The problem of impurities can be overcome through advancements in process control and 

material selection to improve outcomes in laser metal deposition [55]. 

2.5 Surface-Connected Porosity 

Surface-connected porosity is another detrimental defect in LMD that affects the physical properties of the produced part, 

such as permeability and absorption [56]. These bubbles are created by trapped gases during solidification, resulting from 

poor design parameters [57]. Reducing surface porosity is essential for enhancing the component's quality and mechanical 

properties through post-processing [58], nanoparticle injection [59], powder deoxidation [60], and temperature control 

[61]. A summary of the defects, their cause, and remedies is presented in Table 1. 

3. Influence of LMD Processing Parameters  

Selecting the right process parameters is critical to the quality of printed parts in laser additive manufacturing, particularly 

in LMD. They influence the evolution of microstructure, consequently affecting mechanical properties and the overall 

quality of the metallic alloy [62]. The most dominant process parameters are laser power, scan speed, and powder feed 

rate; they govern the thermal cycle, which determines the quality characteristics of the printed part [63], [64]. Apart from 

these three parameters, this review paper will also discuss the influence of laser beam diameter, laser thickness, overlap 

fraction and shield gas flow rate.  

3.1 Laser Power 

The laser power intensity determines the properties of the deposited part, including porosity, hardness, bonding strength, 

and wear resistance. Reports indicate that, especially for high-melting-point metals, higher laser power facilitates adequate 

melting of the feedstock material (powder or wire), effective adhesion, a dense microstructure, and greater hardness of 

the deposited alloy [65]. For lower-melting metallic alloys such as copper and aluminium, higher laser power may initially 

refine grains; however, excessive power can cause overheating and grain coarsening, reducing the metal's electrical and 

corrosion resistance [66]. Wang et al. [67]reported improved mechanical properties, including higher hardness and wear 

resistance, by increasing laser power to a peak of 1400 W in an LMDed Fe-Ni-Ti alloy. Similarly, Liu et al. [68]reported 

lower wear rates for Cu45ZrAl6Ti4 deposited at the optimal laser power. The study reported that higher laser power has 

yielded tensile strength comparable to that of low-power processing, indicating that, despite grain coarsening, higher 

power can improve the mechanical properties of the deposited alloy. It has been observed that higher laser powers favour 

better mechanical properties and reduce defects. Still, they can also increase grain coarseness, which affects both the 

alloy's electrical conductivity and corrosion resistance. Therefore, optimising the laser power parameter is important for 

achieving high-quality deposition. 

3.2 Laser Scan Speed 

The laser scan velocity is a key parameter that significantly influences the microstructural evolution and overall structural 

performance of the alloy fabricated via LMD. Changes in laser scan speed can affect defect formation, grain size, and 

phase distribution, thereby influencing the mechanical properties of the deposited part [69]. In microstructural evolution, 

a higher scan speed yields finer microstructures and higher hardness and wear resistance [70]. Using higher laser scan 

speeds, especially for high-melting metals, can enhance hardness. However, excessive scan speed can lead to retained 

austenite in Fe-based alloys, thereby decreasing wear and corrosion resistance, as well as the material's hardness [71]. 

3.3 Powder/Wire Feed Rate 

The rate at which the feedstock material (wire or powder) is fed significantly affects the quality and performance 

characteristics of laser metal-deposited components, such as laser density and scan speed. The emphasis in this study is 

on the powder-blown LMD system. Liu et al. [68] increased the powder feed rate to 90 g/min and obtained a crack-free 

deposit. Powder feed rate has been shown to influence grain size, reducing it and enhancing a finer microstructure, thereby 

improving mechanical properties [72]. However, Kim and Shim [73] reported that a low powder feed rate of 3.5 g/min 

led to defect-free deposition, underscoring the importance of understanding material characteristics before selecting the 

powder feed rate. The build rate in LMD is also highly dependent on the powder feed rate, necessitating an optimal feed 

rate for efficient manufacturing [74]. 

3.4 Diameter of Laser Beam 

The diameter of the laser beam, or the nozzle diameter in LMD, should not be overlooked, as it influences the 

microstructural characteristics of the produced material. Studies indicated that smaller beam diameters, such as 0.75mm, 

result in rapid cooling, which triggers fine-grain growth and higher dislocation densities, thereby improving mechanical 

properties [75]. According to Vidergar et al. [76], larger laser diameters ensure a stable molten pool and reduce powder 

splashing, thereby reducing powder waste and improving the surface finish of the printed material. For LMD, process 

stability and efficiency: a larger beam diameter yields higher efficiency at lower laser density.[76]. However, the diameter 

of the laser beam largely depends on the specific application. For example, repairing complex geometries, such as turbine 

blades, will require an optimal diameter that matches the blade thickness [75], [77]. While larger beam diameters improve 

productivity and material efficiency, they may compromise microstructural homogeneity and component strength. Thus, 

the choice of beam diameter often depends on the specific requirements or intended application. An example of a 

complex-shaped part for LMD repair requiring a specific nozzle diameter is shown in Figure 2. 
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Figure 2. Damaged parts under LMD repair  

3.5 Layer Thickness 

The thickness of deposited layers in laser metal deposition plays a crucial role in mitigating defects, microstructural 

changes, and in determining the mechanical properties of the produced alloy. A thicker layer may increase build rates, 

but if not well controlled, it can lead to defects [78]. Li et al. [79] also confirmed that thicker-layer deposition increased 

productivity and resulted in larger melt pool dimensions but introduced defects. Studies also indicated that thicker layer 

depositions adversely affect the microstructure and can enhance pore formation [80]. Brudler et al. [78] reported that 

increasing the thickness of the deposited layer from about 60 to 300 μm affected the mechanical properties of Ti6Al4V, 

as the elongation dropped from 11.45 to 2.0%, which was attributed to lack-of-fusion porosity. 

3.6 Overlap Fraction 

The overlap fraction significantly affects the quality and performance of laser-metal-deposited parts and must be carefully 

selected. It indicates how successive layers overlap during the LMD process. Bu et al. [81] found that increasing the 

overlap rate to about 80% refined the grain size to about 1.14 μm, resulting in a homogeneous microstructure. A well-

controlled, uniform overlap will facilitate the formation of stable phases [82]. Overlap fractions, when well maintained, 

can improve mechanical properties, including hardness, wear resistance, and corrosion resistance, due to good adhesion 

and low porosity [82], [83]. However, care must be taken when selecting this parameter, as excessive overlap fraction 

can lead to porosity and an irregular microstructure, which will be detrimental to the integrity and performance of the 

deposited part. 

3.7 Shield Gas Field Rate 

The shield gas field prevents oxidation and influences the cooling rate during deposition, thereby homogenising the 

microstructure through stable solid solutions, which improves the strength of the deposited components [84]. Shield gas 

controls oxidation, limiting defects and enhancing the mechanical and corrosion properties of the fabricated product [85]. 

An appropriate gas-shield rate will also ensure a uniform deposition layer and improved bonding and adhesion, thereby 

enhancing the wear and corrosion behaviour of the deposited parts [86]. It is important to understand the balance of this 

parameter because an excessive gas field rate can generate turbulence and an inconsistent deposition process, both of 

which are detrimental to the quality of the LMD-produced alloy. 

3.8 Fabrication Processes, Alloy Compositions and Optimum Process Parameters 

The optimal values of process parameters vary across HEA fabrication processes, as each operates under distinct 

thermomechanical conditions and exhibits different sensitivities to parameters. For instance, in Laser Powder Bed Fusion 

(LPBF), energy density and laser scan speed are the most sensitive parameters. Since the powder is pre-applied to the bed 

at a predetermined thickness, only the laser power and scan velocity can be varied. High laser power is needed for deeper 

penetration and adequate melting. Nonetheless, excessive power causes keyholing, whereas a lack of fusion and the 

development of pores occur at low laser power [87]. Laser Metal Deposition (LMD), which involves feeding powder or 

wire, requires a larger melt pool, higher power, and a moderate cooling rate, and will require different optimal values than 

those for LPBF [88]. The synergistic control of laser power and scan speed will enhance the stability of melt pool 

dynamics and thermal gradients. 

Apart from the processing technique, the composition of the HEA also determines the optimal fabrication parameters. 

Optimum values of process parameters can vary across different HEA compositions. Because HEAs consist of multiple 

principal elements with distinct thermal, mechanical, and phase characteristics, optimising synthesis parameters depends 
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largely on the alloy composition. For example, Dada et al.[89] investigated the effect of processing parameters on two 

compositional HEAs (Al-Co-Cr-Fe-Ni-Cu and Al-Ti-Cr-Fe-Cu-Ni), fabricated through LMD. The authors found that 

increasing laser power from 600 to 800 W increased the hardness of the AlCOCrFeNiCu alloy by 300% (200 to 600 HV). 

In contrast, the other alloy (AlTiCrFeCoNi) showed only a 70% increase in hardness (500 to 850 HV). Though the 

increase rate is low for AlToCrFeCoNi, the value of hardness was higher than that of AlCoCrFeNiCu due to the presence 

of Ti, which improves strength by encouraging the growth of laves phases. Therefore, the optimal values of the process 

parameters vary with alloy composition. 

3.9 Melt Pool Dynamics, Dendrite Arm Spacing, Mechanical Anisotropy and Parameter Optimisation 

In LMD technology, the melt-pool characteristics, such as shape, molten-metal flow, and temperature distribution, are 

crucial to how the deposited layer melts and solidifies [88]. The magnitude and control of critical variables such as laser 

power, scan speed, and powder feed rate influence the size and stability of the melt pool, as well as temperature gradients 

and solidification rates during the deposition process [88]. Scan strategy/pattern, spot size diameter, hatch spacing, shield 

gas filed rate, and dwell time, amongst other process variables, can be set to constant values during optimisation [90]. 

The melt pool dynamics, which are essentially the interactions among the melt pool, powder, and laser beam (MP-P-LB), 

determine the microstructure, defect formation, dimensional accuracy and surface texture of the deposited part. In a 

powder system, as the powder particles are supplied from the nozzle, they encounter the laser beam and absorb energy to 

melt, a process that depends on the available energy density, momentum fields, and the alloy's elemental composition 

(thermal properties) [91]. The powder size distribution and the angle of incidence on the melt pool also influence the 

amount of energy absorbed and the resulting melt pool size. A significant amount of powder can be reflected from the 

melt pool surface if the incident angle is incorrect, and surface tension at the melt pool surface opposes this [92]. 

Therefore, to optimise process parameters, it is important to fully understand the MP-P-LB interaction, appropriate 

dendrite arm spacing (PDAS), controlled anisotropy and heat accumulation in deposited layers. 

The primary dendrite arm spacing is a microstructural evolution parameter that arises during the solidification of the 

deposited layer and depends on thermal gradients. Finer dendrite arm spacing is desired for higher strength and hardness 

and is achieved through high cooling and solidification rates. Slower solidification rates result in coarser spacing, which 

improves ductility but reduces strength and hardness [93]. Proper optimisation of process parameters, such as laser energy 

and scan speed, will ensure the desired PDAS. Anisotropy is a mechanical property-dependent condition that results from 

the direction of the solidification process in the build direction. In LMD and other additive manufacturing processes, grain 

growth occurs during solidification along the build direction, and the thermal gradient controls the degree of elongation 

and texture. If the heat-flow direction is inconsistent, it can lead to anisotropic mechanical behaviour, which is detrimental 

to the mechanical properties of the deposited part [94]. Optimising the laser power and scanning pattern/strategy can 

significantly enhance the uniformity of thermal flow during solidification by unifying solidification paths and grain 

orientations. This ensures mechanical isotropy and better mechanical properties. In laser metal deposition and other 

additive manufacturing processes, heat is not fully dissipated between printed layers. The heat in the previously printed 

layer does not fully dissipate before the new layer is deposited, thereby raising the new layer's temperature and causing 

heat accumulation. This accumulated heat promotes the growth of coarse grains and the development of an 

inhomogeneous microstructure across the deposited part, which can affect its strength, hardness, and ductility [95]. The 

accumulated heat between deposited layers can also generate residual stresses, leading to warping, cracking, and poor 

dimensional accuracy [96]. Therefore, to avoid heat accumulation during LMD, it is important to optimise laser power, 

scan speed, interlayer delay, and scan strategy to enable consistent microstructure growth and mechanical isotropy 

throughout the build. 

4. Experimental Optimisation Techniques 

Many studies on parameter optimisation in the LMD process adopted a single-factor experimental method to examine the 

effect of individual parameters on the quality of the desired material properties [82], [97]. Others employed a multi-

objective optimisation technique to determine the impact of two or more parameters on the desired quality and properties 

of the printed component. 

4.1 Single-factor Optimisation 

This involves varying the selected value of one process parameter while holding the others constant and performing 

experiments until the desired outcome is achieved. Ding et al. [82] investigated how laser energy density affects laser 

cladding of the CoCrFeMnNi HEA. The study varied the laser power, conducting experiments at three selected powers 

(3200, 3500, and 3800 W) to determine the impact of energy density on the microstructure and wear resistance of cladded 

coatings. They reported an equiaxed microstructure at 3200 W and a coarse columnar microstructure at 3500 and 3800 

W. It reported the best wear resistance of 3500 W, which was the optimal laser power. At 3800 W, wear resistance 

decreased, resulting in a rougher surface. The findings confirm that moderate energy density (Es) is important for forming 

a uniform solid solution. However, as Es decreased, there was a tendency toward the formation of amorphous glass 

microstructures, resulting in weaker adhesion to the substrate. An excessive Es leads to substantial substrate melting, 

which was detrimental to the alloy's performance. Therefore, energy density must be maintained within an optimal range. 

Mahamood and his research group [97] examined how laser scan velocity affects the microstructure, hardness, and wear 

resistance of Ti6Al4V/TiC composites fabricated by LMD. The authors varied the laser scan speed from 0.015 to 0.105 

m/s in increments of 0.01 m/s and observed that both microhardness and wear resistance increased with laser scan speed, 
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but beyond 0.065 m/s, wear resistance showed a downward trend. The study also established that at low laser speeds, 

more TiC melted, whereas at higher speeds, unmelted composites formed, thereby increasing wear resistance. The 

findings concluded that 0.065 m/s is the optimal scanning speed, above which the microhardness and wear resistance 

began to decrease. Lee et al. [98] examined the effect of line energy density (LED) on the quality of Ti-6Al-4V produced 

by LMD. The study printed different samples at laser power levels of 160, 180, 200, and 220 W, respectively, while 

neglecting the effects of other parameters. Findings revealed that both strength and elongation increased as the LED 

increased to 12.7 J/mm due to a drop in resultant lack of fusion and voids. However, as the LED exceeded 14.11 J/mm, 

both strength and elongation decreased, giving a useful hint on determining the optimum laser power for LMD of the T64 

alloy. Dada et al.[99] found that satelliting AlCoCrFeNiCu and Ti6Al4V powder fractions using double powder feedstock 

results in a homogeneous microstructure, with a powder feed rate of 2g/min giving surface roughness between 0.5 and 

0.80 µm. 

 

Figure 3. The influence of laser power, laser scan speed, and shield gas field rate on the printed alloys (a) Influence of 

shield gas flow rate on layer width (ω) and weld height (h); the error bars indicate the standard deviations. Reprinted 

with permission from C. Bernauer et al.[100]; (b) Microhardness of AlTiCrFeCoNi HEA against laser powder [21]. 

Some researchers varied two parameters to examine their influence on the LMDed product. Hicks et al. [72] studied 

the effects of laser power and powder feed rate on laser-deposited Ti-5Al-5Mo-5V-3Cr (T-5553). They found that 

increasing the powder feed rate reduced β-grain size, thereby significantly increasing the microhardness. Bernauer et al. 

[100] investigated how the novel local shield gas concept affects printing quality in a coaxial wire-feeding LMD using 

computational simulations. They reported that as the shield gas flow rate increased from 10 to 70 l/min, the melt pool 

temperature decreased by approximately 10K due to convective cooling, while the bead width and height decreased with 

increasing flow rate. In a similar study, Dada et al. [21] examined how laser power and scan velocity affect the coatings 

of the AlCoCrCuFeNi and AlTiCoCrFeNi HEAs. The study employed a design of experiments and optimised deposition 

outcomes by varying the power between 600 and 1600 W and the laser scan speed between 4 and 12 mm/s, while keeping 

the gas flow constant at 3 l/min. They also adopted preheating the baseplate as an optimisation tool, heating it to 400 °C. 

The results of their study indicated that the optimal range of laser power and scan velocity for achieving defect-free layers 

and good hardness in the Ti- and Cu-based HEAs was 1200-1600 W and 8-12 mm/s, respectively, with both alloys 

showing both FCC and BCC structures. Chen and Zhou [20] manipulated the hatch spacing, laser scan velocity, and laser 

power to overcome poor mechanical anisotropy and defects in LMD-printed CoCrFeMnNi HEA. The study aimed to 

suppress coarse columnar grain growth. By holding powder feed rate and hatch spacing constant at approximately 10 

g/min and 400 µm, respectively, and observing that, as power increased from 400 to 600 W at a laser scan velocity below 

40 mm/s, the cracks were eliminated. The optimum scan velocity of 10 to 30 mm/s and power range of 400 to 600 W 

yielded defect-free deposits with ultrasonically assisted refined grains of about 14 to 44 μm, and an overall tensile yield 

strength increased by about 17% without a drop-in ductility. The influence of three parameters (laser power, scanning 

velocity, and shield gas flow rate), as investigated through single-factor optimisation, on the various printing 

characteristics is shown in Figure 3. Despite appreciable successes recorded by these studies, optimising a single-factor 

approach may not be holistic, as it is easier and more accessible. Still, the LMD process is influenced by myriad factors 

and conditions; controlling only one factor will hardly stabilise the process and achieve the desired, reliable outcome. 

Therefore, this method is a trial-and-error approach that will be costly if many experiments are required to optimise other 

parameters. The summary of the optimisation parameters and responses from the single-factor techniques appraised in 

this study is presented in Table 2. 
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Table 2. Summary of optimisation parameters and their responses by single-factor methods 

No. 
Optimisation 

Process Parameters 

Optimum 

Values 

Optimisation 

Responses 

Deposition 

Method 

Deposited 

Material 
Reference 

1 Laser power 3500 W Wear resistance, 

Refined 

Microstructure 

Laser 

Cladding 

CoCrFeMnNi 

HEA 

[82] 

2 Laser scan 

speed 

0.065 m/s Microstructure, 

Hardness, 

Wear resistance 

LMD Ti6Al4V/TiC 

HEA     

[97] 

3 Line energy 

density, 

Laser power 

12.7 J/mm, 

200 W 

Strength, 

Ductility 

LMD Ti-6Al-4V [98] 

4 Powder feed 

Rate, 

Laser power 

2.82 g/min, 

3.0 kW 

Material utilisation, 

Width and Height of 

Deposition, 

Microstructure, 

Hardness 

LMD Ti6Al4V [99] 

5 Laser power, 

Powder feed rate 

650 W, 

2.3 g/min 

Microhardness, 

Grain refinement 

LMD Ti-5AL-5Mo-5V-

3Cr (T-5553 

[72] 

6 Novel Local Shield 

gas 

40 l/min Width & height of 

weld bead 

LMD Austenitic Steel 

 ER316LSi wire 

[100] 

7 laser power, 

Scan Speed, 

Substrate preheating 

1200-1600 W, 

8-12 mm/s. 

400 oC 

High temperature, 

hardness 

LMD AlCoCrCuFeNi, 

AlTiCoCrFeNi 

HEA 

[101] 

8 Laser power, Scan 

speed, hatch spacing 

400-600 W, 

10 – 30 mm/s 

Refined 

Microstructure, 

Defect-free deposit 

LMD CoCrFeMnNi 

HEA 

[20] 

4.2 Response Surface Analysis 

Response surface methodology (RSM) is a popular tool for optimising various engineering systems and processes [102], 

[103]. Researchers used RSM to optimise the LMD of HEAs by determining the effects of parameter combinations. Que 

et al. [104] optimised microhardness and wear resistance in laser cladded (LC) AlCoCrFeNiTi HEA using RSM. Their 

results showed that the wear rate increased with laser scanning speed and decreased with increasing laser power and 

powder feeding voltage. The optimal process parameters for deposition of maximum hardness and minimum wear 

resistance were 1881 W, 5 mm/s, and a powder feeding voltage of 25 V.  Akinwande et al.  [105] used a statistical model 

to predict the laser power and composition of the TiC additive required to improve the microstructure and properties of 

the CoCrFeMnNi HEA linearly. They reported that increasing TiC content (5-15 wt.%) linearly decreased elongation. 

Furthermore, laser power increments of 100, 400, and 700 W led to increased microhardness due to the presence of hard 

TiC inclusions. Their developed models predicted 15% TiC (wt.%) and a laser power of 504 W as the optimal parameters. 

Jiang et al. [106] adopted RSM to investigate the effects of laser power, laser scan speed, and pulse width on the dilution 

rate and microhardness during laser deposition of the CoCrFeNiTiAl HEA, utilising ANOVA to analyse the data. Their 

findings show that laser power and pulse width had a remarkable effect on both dilution rate and microhardness, while 

pulse width and scanning speed also affected microhardness. The optimum parameters obtained were 676.73 W, 5 mm/s, 

and 9 ms for power, laser speed, and pulse width, respectively. The relationships between alloy compositions, process 

parameters, hardness, elongation, and wear volume, as studied with RSM, are depicted in Figure 4. In another 

development, Dada et al. [101] used a full-factorial DoE to optimise laser power and laser scan velocity via RSM in the 

LMD of AlTiCrFeCoNi HEA. The RSM was used to validate the results of the analysis of variance (ANOVA). Laser 

powers of 1500 W and 1600 W, and a scan speed of 10 mm/s were the optimum values, yielding microhardness values 

up to 450 HV and 715 HV for Ti- and Cu-based HEAs, respectively. Hence, predictive modelling can effectively optimise 

process parameters during the LMD of HEAs. Huang et al. [107] also employed response surface methodology to optimise 

the power, scan speed, and powder feed rate during laser cladding, with microhardness, aspect ratio, and dilution rate as 

output responses. The authors reported that predicted values agree with the actual values within an acceptable 10% error 

margin. The optimum laser power, scan velocity and powder feed rate were 773.65 W, 5 mm/s, and 15 g/min, respectively, 

resulting in maximum hardness, aspect ratio, and a 10-20% dilution. 
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Figure 4. Interaction between process parameters and deposition qualities (a) Relationship between powder feed 

voltage, scan speed and hardness (b) Influence of laser power on wear volume and hardness; (c) Relationship between 

TiC dosage and laser power on (c) Elongation; (d) Microhardness [105] 

Dong et al. [108] reported that laser power and microhardness were inversely related, while scanning speed and 

powder feed rate were positively correlated during LMD of AlCoCrFeNi2.1EHEA. The study adopted RSM to predict 

optimum scan speed, laser power, and powder feed rate to maximise microhardness, aspect ratio, and dilution rate 

responses. The findings reported a high correlation between experimental and predicted results, with an error of 5.27%. 

The optimal parameters obtained were 1675 W, 7.8 mm/s, and 12.91 g/min, respectively, yielding a microhardness of 

approximately 322.7 HV0.2. Xiao et al. [109] used the same RSM to optimise powder feed rate, scan speed, and laser 

power for laser cladding of Ti3Zr1.5NbVAl0.25 HEA. The authors obtained a single-track cladding with both equiaxed and 

columnar microstructures on the inside and grain boundaries, respectively. The optimum parameter values were 1600 W, 

a scanning speed of 10 mm/s, and a powder feeding rate, with a stable microhardness of 299.99 HV0.2 across the melt 

pool. Still using RSM. Nezhad et al. [103] also studied the effects of powder feed rate, scan speed, and laser power on the 

geometric features of single-track Al0.5CoCrFeNiNb.0.5-Si0.1. The predicted and experimental results showed a relative 

error of 8.55%, and the optimum parameters were 500 W, 4 mm/s, and 106 mg/s, respectively. Duan et al. [110] combined 

RSM and a non-dominated sorting generalised algorithm (NSGA-II) to optimise LMD of FeCrNiMo0.75 HEA. A 

comparison of their results revealed that the coating's aspect ratio was higher with RSM than with NSGA-II. Additionally, 

NSGA-II exhibited higher hardness values than RSM optimisation, providing valuable insights for selecting an 

optimisation method to achieve a specific deposition outcome in practical laser deposition applications for HEAs. The 

input and output responses optimised using RSM in the reviewed studies are summarised in Table 3. All the reviewed 

studies achieved varying degrees of success, providing evidence that response surface methodology (RSM) is an effective 

technique for exploring interactions among multiple process parameters within the tested variables, thereby avoiding the 

full factorial method, which requires many costly experiments to identify critical and optimal parameters. However, RSM 

assumes that a polynomial can approximate the relationship between process parameters and response outcomes. This 

can limit accuracy when dealing with complex compositional systems like HEAs. It is also limited to a relatively small 

number of variables due to the increasing complexity of statistical models and the cost of experimentation 
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Table 3. Optimisation Input and Output Response used in Response Surface Methodology 

No. 
Optimisation Input 

Parameters 

Optimum 

Values 

Optimisation 

Output Responses 

Deposition 

Method 
Deposited Material Reference 

1 Laser power,  

scan speed, powder 

feed voltage  

1881 W, 

5 mm/s, 25 V 

Microhardness, wear 

resistance 

LMD AlCoCrFeNiTi HEA [104] 

2 Laser power,  

Tic composition  

504 W, 

15% TiC 

(wt.%) 

Microhardness, 

porosity 

LMD CoCrFeMnNi HEA [105] 

3 Laser power,  

scan speed, 

Pulse width 

676.73 W, 

5 mm/s, 

9 ms 

Microhardness,  

Dilution rate 

LMD CoCrFeNiTiAl HEA [106] 

4 Laser power, scan 

speed 

1500-1600 

W, 

10 mm/s 

Microhardness LMD AlTiCrFeCoNi HEA [101] 

5 Laser power, scan 

speed, Powder feed 

rate 

773.65 W, 

5 mm/s, 

15 g/min 

Aspect ratio, 

Dilution rate,  

Microhardness 

LMD CoCrFeCuNi HEA [107] 

6 Laser power, scan 

speed, 

Powder feed rate. 

1675 W, 

7.8 mm/s, 

12.91g/min. 

Microhardness, 

Aspect ratio, 

Dilution rate 

LMD AlCoCrFeNi2.1 HEA [108] 

7 Laser power, scan 

speed, 

Powder feed rate 

1600 W, 

10 mm/s, 

1 r/min 

Clad width & height, 

powder efficiency 

aspect ratio, 

Microhardness 

Laser 

cladding 

Ti3Zr1.5 NbVAl0.25 

HEA 

[109] 

8 Laser power, scan 

speed. 

Powder feed rate 

500 W, 

4 mm/s, 

106 mg/s 

Aspect ratio, 

Dilution rate, 

Microhardness 

LMD Al0.5CoCrFeNiNb.0.5-

Si0.1 HEA 

[103] 

9 Laser power, scan 

Speed, powder feed 

rate 

200-2400 W, 

100-150 

mm/s, 

1.4-1.8 r/min 

Microhardness, 

Aspect ratio 

Laser 

cladding 

FeCrNiMo0.75 HEA [110] 

4.3 Taguchi Method 
Researchers have adopted more robust design-of-experiments approaches, such as the Taguchi method, to optimise key 

LMD process parameters and achieve desired outcomes, including low porosity, high deposition density, good surface 

finish, and improved mechanical properties [111], [112]. The Taguchi method uses orthogonal arrays to predict the effects 

and extent of parameter influence in achieving accurate designs. The method is easy and relatively low-cost, reducing 

experimental time [113]. Gao et al. [111] optimised the scan speed, power feed rate, laser energy, and substrate tilt angle 

for 316L stainless steel reinforced with an AlFeCoCrCuNi HEA using the Taguchi method. The study analysed the data 

using grey regression analysis (GRA). The findings showed that the combination of these parameters significantly affects 

microhardness, contact angle, and dilution. It reported a high correlation between the predicted and experimental results 

with only a 0.95% deviation. Optimal parameters that yielded the highest hardness of the deposited coating were 

determined after 16 experiments to be 11 mm/s, 750 W, and 5 r/min for laser speed, power, and powder feeding rate, 

respectively. Zhong et al. [114] optimised sputtering deposition parameters in LMD of CoCrFeNi HEA by the Taguchi 

method. The study findings revealed that the optimised parameters improved the electrical resistance by about 98.2 

μΏ·cm, achieved a 0.5 nm improvement in surface texture, and resulted in a hardness of about 9.3 GPa. Kumar and Nair 

[115] optimised LMD of Ti-6Al-4V alloy using a Taguchi orthogonal design to enhance hardness and bonding strength. 

The optimised parameter ranges were 2350 to 2650W for laser power, 500 to 700mm/min for scan speed, and 3 to 5g/min 

for powder feed rate. The optimum values of power, scan velocity, and powder feed rate were 2650 W, 700 mm/min, and 

5 g/mm, respectively. The study obtained a maximum hardness of 459.4 HV and a microstructure consisting of an acicular 

α-phase and a Widmanstätten microstructure. The Taguchi method is less popular than RSM for optimising LMD in HEA 

systems. This is because, although it requires fewer experiments than a full factorial design, Taguchi's approach has the 

limitation that it does not provide a predictive model beyond the parameters included in the experiment. Consequently, it 

may not be ideal for higher-order, nonlinear, and dynamic systems, such as the LMD of complex alloys like HEAs. Hence, 

researchers adopt more predictive techniques, such as RSM and other predictive models. 

4.4 Numerical Simulation 

Researchers have also adopted numerical simulations to monitor and optimise engineering systems. To this end, Andi 

Huang et al. [116] investigated the thermal-fluid dynamics and the microstructure evolution during the LMD of 

AlCoCrFeNi HEA using a Multiphysics coupling numerical model. The model studied laser-powder interaction and the 

effects of buoyancy and Marangoni convection on the melt pool. Their results reveal strong bidirectional coupling 
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between temperature and the flow field, with Marangoni convection as the primary heat-transfer mechanism. Kanyane et 

al. [117] sought to overcome low hardness by simulating the cladding of Ti-6Al-4V with an AlCrNiTiNb HEA, using 

COSMOX Multiphysics to analyse the temperature distribution in the deposited layers. The study found that increasing 

laser energy from 1150 to 1350 W affected the dimensions of the melt pool, the solidification rate, and the microstructural 

formations in the deposited HEA coating. It also recorded a significant increase in microhardness from 314 to 892 HV at 

a laser power of 1350 W, due to a solid solution composed of BCC and FCC phases. Modupeola et al. [7] optimised 

process parameters for LMD of HEA on A301 steel using COSMOL/Multiphysics to simulate the alloy's temperature 

distribution. Using an extra-fine mesh in the domain where the laser moved resulted in good model accuracy, and the 

Gaussian profile indicated that the base plate had an adequate surface temperature to improve adhesion and reduce thermal 

stresses, thereby yielding optimal HEA deposition. Chen [118] adopted the least squares method to determine the effect 

of heat energy on the width, height, and dilution ratio of laser-clad CrMnFeCoNi HEA coatings. The fitted linear equation 

for heat input and coating geometry indicates that higher heat input leads to a more uniform element distribution; this 

effect was observed at heat inputs above 2 J/mm. Gao et al. [119] applied a numerical gas-powder flow model to study 

the effect of powder feeding on density and surface texture in laser metal deposition. The study found that the optimal 

powder flow rate was 2.5-3.5 kg/h and the gas flow rate was 6 L/min, which resulted in high deposition density and 

efficient powder utilisation. Numerical simulation has enabled understanding of complex physical processes, such as 

solidification behaviour, melt pool dynamics, and temperature gradients, which are difficult to observe experimentally. 

These processes are crucial for understanding both phase and microstructure evolution. However, the multiprincipal 

nature of HEAs complicates phase prediction and thermodynamic modelling, requiring reliable thermophysical property 

data and substantial expertise. 

4.5 Statistical Methods 

Researchers have used traditional statistical approaches, such as regression analysis (RA) and analysis of variance 

(ANOVA), to investigate the impact of process parameters on the quality of deposits/claddings [120], [121]. The 

regression analysis is invaluable for optimising the LMD of HEAs, as it quantitatively analyses the correlations between 

process parameters and expected performance qualities, enabling the design of high-performance alloys based on 

optimally predicted parameters. Xue et al. [120] used ANOVA in validating the optimised response surface model 

parameters for laser metal deposition of a CrCoNi medium-entropy alloy. Their analysis yielded optimal values of 

750.343 W, 9.530 mm/s, and 1.870 r/min for power, scan velocity, and powder flow rate, respectively. Their findings 

showed that as power increased, the melt pool size increased, while porosity decreased. ANOVA regression analysis was 

also used by Dada et al. [101] to assess the influence of LMD parameters on hardness during the fabrication of the 

AlCrCoFeNiTi HEA. In the study, both laser power and scanning velocity were significant in the LMD of the 

AlCoCrFeNiTi HEA, and hardness increased with higher values of both parameters. Thus, increasing power and scanning 

speed improves mechanical properties, and the increased hardness is due to the high solidification rate of LMD. Gao 

[122] used a single-factor ANOVA to validate the RSM-predicted effect parameters on hardness, porosity, and dilution 

rate in laser cladding of the MoNbTiZr refractory high-entropy alloy (RHEA), thereby eliminating insignificant factors. 

Surprisingly, their findings indicated that powder feeding rate and laser speed contribute more significantly to deposition 

accuracy, with a stronger influence on porosity, as evidenced by their high F-values. In a similar study, Siddiqui et al. 

[123] employed ANOVA to validate the RSM-predicted parameters by eliminating insignificant factors in the laser 

cladding of AlCu0.5FeNiTi HEA. Their ANOVA results indicated that laser power, velocity, and powder feeding rate each 

strongly contribute to the dilution rate of clad coatings. Huang et al. [107] validated the RSM responses by assessing the 

significance of the impact factors using F-values. The analysis showed that laser scan speed had the greatest impact on 

aspect ratio, before energy density and powder flow rate. Akinwande et al. [105] established the significance of input 

variables of TiC dosage and power on density and pore formation in CoCrFeMnNi)100 –x/TiCx HEA printed by LMD. 

Analysis of the results indicates that TiC dosage and laser energy had the greatest influence on porosity and density.  

Ansari et al. [124], with the aid of regression analysis (RA), established that the clad characteristics (width, height, 

dilution rate, penetration depth and aspect ratio) of laser-cladded NiCrAlY HEA alloy were affected by the combined 

parameters (PαVβFγ). The study established that high power and powder flow rate, as well as low scan velocity, increased 

deposition height and width. Conventional statistical optimisation methods are often focused on a given process. They 

hardly identify significant factors such as cooling and solidification rates, which are not included in the experiment, 

necessitating more extensive experiments to numerically simulate the temperature field. Also, microstructural 

heterogeneity in HEAs and machine fluctuations can introduce noise that affects ANOVA results, especially in laser 

additive processes such as LMD. In addition, most traditional statistical regression models struggle to handle the 

increasing complexity of the factors common to HEAs. As the number of process factors and levels increases, the design 

matrix can become enormous and complex to control. 

4.6 Machine Learning Techniques 

The use of machine learning (ML) has revolutionised process optimisation in laser additive manufacturing (LAM), 

enabling not only parameter optimisation but also predictive modelling [125], [126]. In laser metal deposition, machine 

learning (ML) has enabled accurate control over bead geometry, microstructure, and mechanical properties. It has enabled 

industries to create models that predict layer heights within milliseconds, enabling dynamic parameter adjustments during 

laser deposition [127], [128].  Zhang et al. [129] combined Non-Dominated Sorting Genetic Algorithm (NSGA-II) and 

Generalised Regression Neural Network (GRNN) to optimise laser energy, scanning velocity and powder feeding rate to 
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achieve optimal rate of dilution, aspect ratio, and heat-affected zone (HAZ) in laser-clad CoCrFeNiMn HEA. Both GRNN 

optimisation and NSGA-II achieved a 10% reduction in error between experimental and predicted results. Optimum 

parameters resulted in dense laser cladding with no cracks or porosity and improved surface hardness. Researchers have 

also demonstrated that machine learning can be used to optimise the design of the composition of laser-deposited 

corrosion-resistant HEA coatings by adjusting input parameters, including composition ratios and process parameters 

[130]. In related work, Lin et al.[131] designed a hard and wear-resistant FeCrTiMoxSiy HEA coating using a 

combination of several ML models, including Support Vector Machine (SVM), eXtreme Gradient Boost (XGBoost), and 

Artificial Neural Network (ANN). In a Python environment, SVM showed the best phase structure and hardness, 

achieving accuracy, precision, recall, and F1 score values of 0.88. Diwkar et al. [132] studied the metallurgical bonding 

of an FeCoNiCrMo HEA coating on EN24, using a combination of ML models, including SVM, K-Nearest Neighbour 

(KNN), and Multilayer Perceptron (MLP). Based on R2 values, the KNN model achieved the highest accuracy, with an 

R2 of 1 across all responses (clad width, height, depth, heat penetration, and microhardness), indicating the best fit to the 

substrate. In a similar study, Hosseni [133] optimised the hardness of Nb-Ti-V-Zr RHEA by several ML models to train 

66 atomic and phase features that affect the hardness of the deposited HEA. The Support Vector Regression showed the 

best prediction among other models, indicating that as atomic size (ⅆ) and configurational entropy (ΔSmix) increase, 

hardness also increases, confirming their strong influence on hardness. 

Brooke et al. [23] used a combination of multilinear regression (MLR) and ANN models to study layer height and 

grain size, using laser power, laser scan speed, and laser spot size as input variables. The study observed a smaller error 

margin in ANN results, achieving an R2 of 0.97 and a root mean square error of 9.68 μm, compared with the MLR model. 

Asad et al. [134] also obtained a consistently superior (R2) with ANN, which was better than the regression model by 

about 44.38%. Machine learning was also used by Sivaraman et al. [135] to predict the wear rate and phase composition 

of HEAs by training ML models on phase and wear parameters from HEA coatings, including XGBoost, SVM-RBT, 

ANN, RF, GNB, and logistic regression. XGBoost demonstrated better predictive performance, with an R2 value of 0.98, 

showing the lowest error between predicted and experimental values. On the contrary, the RF model achieved the highest 

phase prediction precision, at about 98.5%. This serves as a guide to the development of AlBeSiTiV HEA coatings for 

industrial applications. Liu et al. [136] further demonstrated the use of ML algorithms for phase prediction in laser-clad 

HEA coatings, using dilution rate and carbon equivalent as input parameters. Results of the Shapley Additional 

Explanation (SHAP) model show that valence electron concentration (VEC) is the dominant factor in phase stability. 

Optimum parameters obtained for forming stable BCC phase, FCC phase and dual-phase (BCC+FCC) structures were 

(VEC < 7.4, atomic size, ⅆ < 7.63 µm), (VEC > 7.5, atomic size, ⅆ < 7.46 µm) and (VEC 7.2-7.8 and atomic size, ⅆ 2.5 

µm-8.24µm), respectively. Sachin et al. [137] employed TOPSIS to optimise the weight proportion of groundnut shell 

(GNS) in the manufacture of shell-fibre-reinforced polymer composite. The study obtained an optimal value of 30 wt.% 

to maximise the desired mechanical properties. Gao et al. [119] used a neural network machine learning algorithm to 

study the process parameters for LMD of NiTi alloy, maximising material responses by optimising them using NSGA-II. 

The study obtained an optimal power of 1282 W, a scanning velocity of 8.79 mm/s and a powder feeding of 16 g/min. 

Additionally, significant improvements in the deposited material (hardness: 267.14 (5.23%) and roughness: 7.86 μm 

(20.04%) were obtained. Chen et al. [22] also used NSGA-II to analyse the RSM-predicted power, scanning velocity, and 

powder feeding rate to optimise material outcomes (shape coefficient, dilution, and wetting angle) in laser direct energy 

deposition (LDED) of CoCrFeNi HEA. Shang et al. [138] adopted the accurate inverse optimisation framework for direct 

energy deposition (AIDED) machine learning (ML) to predict single-track and multi-track data, achieving accuracy of 

0.995 and 0.966, respectively. 

Machine learning has been used to develop online process control models that regulate process variables in real time 

to mitigate over-deposition and improve the quality of the produced parts [126], [128]. To this end, Perani and et al. [139] 

designed a Long Short-Term Memory (LSTM) Neural Network (NN) for reducing over-deposition in laser metal 

deposition (LMD) on Inconel 718 alloy, predicting the deposited height of complex random tracks with minimum process 

loss, demonstrating the use of machine learning for optimising cold spray processes. Hamrani et al. [140] adopted a two-

stage ML approach to optimise deposit efficiency in a cold-spray process, and the results indicated that the type and 

temperature of the gas are the main parameters controlling deposition efficiency. Hydrogen gas was the most cost-

effective alternative for deposition, ahead of helium and nitrogen. They also reported that the optimum parameters were 

Gas type (air, nitrogen, helium, and hydrogen), gas temperature range (100 to 800 ᵒC), gas pressure (5 to 60 bar), and 

nozzle configuration diameters of 15, 1.75, and 2mm. The optimum process parameters were 441 W, 6.57 mm/s, and 

0.85% for the powder, scanning velocity, and powder flow rate, respectively. Other machine learning and traditional 

optimisation techniques, such as support vector machines (SVMs) and particle swarm optimisation, have also been 

adopted by researchers in recent times to improve convergence in multi-objective optimisation for deposition/cladding. 

The PSO algorithm considers variables as a group rather than as single individuals, as in the case of GA [141].  
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Table 4. Classification of reviewed studies on machine learning for optimisation in additive manufacturing 

S/N Research Field ML Technology Input Variables to Optimise Response/ Research Target Reference 

1 Optimising Process 

Parameters 

GRNN, NSGA-II Power (W), scan velocity (mm/s), 

powder feed rate (g/min) 

Aspect ratio, dilution  

rate, and heat-affected zone 

[129] 

2 Quality Optimisation ANN, MLR Power(W), scan velocity 

(mm/min), spot Size (mm), global 

energy distribution, (J/mm2) 

Grain size (μm), 

 Layer height (mm) 

[23] 

3 Quality Optimisation SVM & XGBoost VEC and ΔHmix Phase structure hardness [131] 

4 Quality Optimisation  

ANN 

Homogenisation annealing 

 temperature (oC) 

Dispersoids and grain 

boundary strengthening 

[142] 

5 Quality & 

Parameters 

Optimisation 

KNN, MLP Power, scan velocity, 

powder feeding rate 

Depth-of-heat penetration, 

clad height, microhardness 

[132] 

6 Quality Optimisation SVR atomic size difference (𝛿), 

configurational entropy of mixture 

(ΔS𝑚𝑖𝑥), average  

deviation of electronegativity 

(𝐴𝑑𝐸) 

Hardness [133] 

7 Quality & 

Parameters 

Optimisation 

XGBoost, SVM-

RBT, ANN, RF, 

GNB 

VEC, atomic size (ⅆ), ΔHmix, 

ΔSmix 

Wear rate, and phase 

formation 

[135] 

8 Quality Prediction BPNN Power(W), scan velocity (mm/s), 

powder feed rate (g/min) 

Microhardness, roughness, 

and deposit rate 

[119] 

9 Defect Detection LSTM Power, scan velocity, intensity of 

image (Imean) 

Deposited Height  [139] 

10 Efficiency and 

Parameters 

Optimisation 

ML-IAM Gas Temperature, Gas Type Deposition efficiency [140] 

11 Quality Prediction PSO, GA Material (%), power (W), hatch 

distance (mm), Scan (mm/s), layer 

distance (mm) 

Density  [25] 

12 Quality & 

Parameters 

Optimisation 

PSO, ANN Power (KW), scan velocity peed 

(m/s), powder flow rate (rpm), 

material (%) 

Wear volume (mm3) [24] 

13 Quality Prediction DL, ML Power(W), powder feed rate 

(g/min), density (g/cm3), material 

(%) 

Hardness (top), (middle) 

and (bottom) 

[143] 

14 Parameter 

Optimisation, Quality 

Prediction 

VSM Wire feed speed, torch angle Bead central angle                            

[127] 

15 Quality Prediction, 

DE 

M-SVR Power, Scan velocity, Powder 

feed rate 

Layer width and height                               

[26] 

To this end, Murat et al. [25] employed particle swarm optimisation (PSO) and genetic algorithm (GA) models to 

predict the optimum parameters for maximum tensile strength in selective laser melting (SLM) of Ti6Al4V alloy without 

many experiments, which predicted a laser power of 100 W and a scanning speed of 719 mm/s for maximum tensile 

strength. The results show that PSO-based prediction was more accurate than GA-based prediction. Ngwoke et al. [24] 

explored both PSO and ANN to determine optimal parameters for the LMD of Ti-6Al-4V to improve deposition efficiency 

and minimise experimental costs. Wong et al. [143] predicted deposition outcomes in bimetallic tracks produced by DED 

using an SVM. The study obtained a very good fit. The loss convergence and loss function are 150 and 80% bead accuracy. 

Kim et al. [127] introduced the SVM algorithm in Wire-Arc Additive Manufacturing (WAAM) to optimise bead geometry 

by defining optimal deposit conditions, and the predicted conditions were accurate. Chen and fellow researchers [26] 

developed a Multi-output Support Vector Regression (M-SVR) algorithm to predict optimal layer width and height for 

maximum performance. The findings revealed a 22% reduction in root mean square error and a 5.5% reduction in absolute 

error compared to the single-output SVR and Backpropagation Neural Network (BPNN), respectively. As evidenced by 

the reviewed studies, neural networks are effective for handling large-scale data scenarios such as LMD of HEAs. 

However, larger data samples can pose challenges for accurate training and may require longer training times. For this 

reason, researchers have been combining neural networks with other optimisation algorithms [129] . The genetic 

algorithm is an improvement on traditional optimisation models that rely on random search techniques. Researchers use 

it in combination with neural networks for faster global optimisation. Its advantage lies in its worldwide search capability 

and its ability to handle nonlinear and multi-variable cases, such as in LMD. However, the slow convergence and high 

computational demand underscore the need for a hybrid approach that combines GA with other ML models [25]. It is an 

extremely intelligent model that has been utilised for LMD of HEAs due to its predictive power and performance in 

regression and classification compared to other algorithms. XGBoost is another model that performs well, but it lacks the 

inherent temporal modelling capabilities to simulate time-dependent processes, such as melt pool evolution, except when 

combined with other physical models. Particle swarm optimisation (PSO) is another global search algorithm that is 
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particularly well-suited to problems with fewer variables for accurate convergence. It has been employed in the LMD of 

HEAs due to their complex, nonlinear relationships. Despite its fast convergence, PSO may get trapped in local optima 

in a multimodal system such as HEA processing and fail to converge. The support vector machine is another effective 

machine learning model that can be trained on smaller datasets. Although it takes a very long time to converge with large 

data, the accuracy can be poor. The SVM model can be trained more accurately with fewer data. However, it is a 

regression model and cannot be optimised on its own, except when used with other optimisation methods, such as PSO. 

It is evident from the reviewed studies that machine learning algorithms are increasingly employed in laser metal 

deposition and cladding of HEAs despite the challenges encountered. More accurate predictive performance through 

intelligent algorithms will require models that can handle high-dimensional data, mitigate overfitting, and maintain 

computational efficiency. This demands much experimentation and data training, which is costly as well. Critically 

examining all the reviewed studies, none relied on a single algorithm to obtain optimal parameters or predictions, thereby 

avoiding local convergence. The summary of the intelligent algorithm-optimised variables and responses is shown in 

Table 4. 

5. Conclusions 

This review study systematically examined the defects associated with the LMD of HEAs, including the governing 

process parameters, and the optimisation strategies for minimising the defects. The optimisation of the LMD of HEAs 

remains a difficult task due to the multiple variables involved, 13 of which are critical to the microstructural evolution 

and mechanical performance of the part. The reviewed studies show that the right control of key processing parameters 

such as laser power, scan speed, powder feed rate, layer thickness, shield gas flow rate, and overlap fraction can 

remarkably decrease associated defects, cracks, porosity, lack of fusion, and impurities, as well as improve hardness, wear 

resistance and microstructural homogeneity. Quantitative evidence from reviewed studies indicates that optimised 

parameter ranges of 400-1600 W, 5-30 mm/s, and 1-16 g/min deliver defect-free HEA deposits, with hardness values 

between 322 and 715 HV and a highly refined microstructure down to a dendrite arm spacing of 1.14µm. Innovative 

optimisation methods such as Taguchi, response surface methodology, numerical simulation, and machine learning 

techniques achieved high prediction accuracy, with R2 values close to 1.0. Good wear-rate prediction within 5-10% error 

and defect-detection accuracy of about 90% were achieved. The reviewed studies further establish that hybrid 

optimisation techniques, which merge two or more machine learning algorithms, achieve higher predictive accuracy. It 

can be concluded from the findings that combining machine learning techniques with physics-based modelling and digital 

twin models is the best approach for fabricating defect-free and high-quality HEA parts through LMD, delivering 

accessible groundwork for commercial-scale applications and future research in additive manufacturing of HEAs 

The LMD process has defects like cracks, lack of fusion, porosity, impurities, and surface-connected porosity. 

Understanding these helps improve control, reduce defects, and enhance part quality. Optimising parameters in LMD of 

HEAs is vital but complex due to their multi-element nature. Researchers have used various techniques, starting with 

single-factor optimisation. Later, Taguchi, RSM, numerical simulations, and other statistical methods for multi-objective 

optimisation were adopted. While numerical simulations have limitations, computer-aided machine learning has enabled 

more intelligent optimisation algorithms. Despite some success, machine learning approaches face issues such as long 

convergence times and limited predictive accuracy, with each method having its own limitations. Recent research shows 

that combining multiple machine learning techniques yields better results. As research on LMD-fabricated HEAs 

progresses, many believe that developments in machine learning will follow suit. Many hybrid intelligent algorithms have 

enabled a transformative approach to process optimisation in the LMD of HEAs, facilitating faster, more accurate, and 

more adaptive manufacturing. However, accuracy will depend on data quality, integration infrastructure, and 

interpretability. Future work should focus on developing hybrid techniques that combine data-driven algorithms, physics-

based simulations, and experimental validation to achieve robust solutions with generalisable outputs for LMD of HEAs. 
Researchers believe that future optimisation of LMDed HEAs should focus on developing novel digital twin algorithms 

that integrate real-time sensor data to simulate and enable in situ control of the LMD process. These can predict 

temperature profiles and optimise laser parameters in real time to improve the evolution of the microstructure and the 

mechanical properties of the deposited HEAs. Integrating real-time monitoring tools, such as cameras and spectrometers, 

into modelling systems will enable observation of the LMD process in real time. This will enable detection of anomalies 

and melt-pool dynamics, providing timely feedback for process adjustments and ensuring reliable, consistent HEA 

deposition. These forward-looking strategies for improving machine learning algorithms aim to transform the LMD of 

HEAs, making the process more adaptable, efficient, and capable of producing tailored-property HEAs for advanced 

engineering applications. 
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