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ABSTRACT: Selective Laser Melting (SLM), an advanced metal additive manufacturing technology, offers high
precision and personalized customization advantages. However, selecting reasonable SLM parameters is challenging
due to complex relationships. This study proposes a method for identifying the optimal process window by combining
the simulation model with an optimization algorithm. JAYA is guided by the principle of preferential behavior towards
best solutions and avoidance of worst ones, but it is prone to premature convergence thus leading to insufficient global
search. To overcome limitations, this research proposes a Differential Evolution-framed JAYA algorithm (DEJAYA).
DEJAYA incorporates four key enhancements to improve the flexibility of the original algorithm, which include
DE framework design, horizontal crossover operator, longitudinal crossover operator, and global greedy strategy.
The effectiveness of DEJAYA is rigorously evaluated by a suite of 23 distinct benchmark functions. Furthermore,
the numerical simulation establishes AlSi10Mg single-track formation models, and DEJAYA successfully identified the
optimal process window for this problem. Experimental results validate that DEJAYA effectively guides SLM parameter
selection for AlSi10Mg.

KEYWORDS: Selective laser melting; differential evolution-framed JAYA; meta-heuristic algorithm; AlSi10Mg single-
track formation; optimal process window

1 Introduction
Selective Laser Melting (SLM) [1] technology represents a cutting-edge process in metal additive

manufacturing (AM) [2], enabling the high-precision construction of complex structures through layer-by-
layer melting of metal powder using a precisely controlled laser beam. This technology exhibits substantial
potential across high-end industries, including aerospace, automotive, and medical devices, primarily due
to its exceptional features of high precision and personalized customization.

In the pursuit of greater efficiency and superior quality, SLM technology encounters a significant
challenge in optimizing process parameters [3]. Precise regulation of critical parameters, including laser
intensity and scanning speed, directly determines the dimensional accuracy and mechanical performance of
the final product. Consequently, identifying and establishing the optimal process window is paramount to
advancing SLM and fulfilling the stringent requirements of the manufacturing industry.

To address the pressing demand in manufacturing for higher standards, SLM technology is accelerating
its integration with advanced computational methods [4,5]. Notably, the application of Meta-heuristic
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Algorithm (MA) [6] is particularly noteworthy. MA inspire by simulations of nature and human intelligence,
such as Simulated Annealing (SA) [7] and Grey Wolf Optimizer (GWO) [8], Artificial Electric Field
Algorithm (AEFA) [9], and Crow Search Algorithm (CSA) [10], and it represent a class of algorithms
tailored for solving optimization problems. These algorithms provide a powerful mathematical framework
for SLM process parameter optimization. The JAYA algorithm, originally proposed by Rao [11] in 2016, is a
population-based optimization algorithm. It draws inspiration from the fundamental principle of directing
individuals toward optimal solutions while avoiding inferior regions during search processes. Characterized
by minimal parameter dependencies, computational simplicity, and ease of implementation, JAYA has
subsequently been extensively investigated and applied.

The diverse JAYA variants developed to improve performance not only enhance the algorithm capa-
bilities, but also demonstrate robust efficacy in addressing engineering and scientific challenges. Gong
et al. introduced an E-JAYA with two group adaptation [12], primarily leveraging comparative analysis
between best and worst solution groups. A C-JAYA was proposed in [13], enhancing both precision and
convergence speed by chaotic strategy. In [14], a 2D chaotic map was introduced to accelerate convergence
and reduce computational cost. Gholami et al. [15] enhanced the search capability of the original algorithm
by incorporating the position update mechanism of CSA. The elite local search strategy was integrated into
JAYA [16], yielding excellent results. In [17], the update mechanism of JAYA was discretized by utilizing
binary operators, demonstrating enhanced experimental robustness. A Levy flight-based JAYA was proposed
in [18], and the experimental results demonstrate the notable competitive performance. A JAYA algorithm
incorporating an adaptive symbiotic learning strategy was developed to address three engineering problems,
achieving highly competitive outcomes against other variants [19]. Rao et al. introduced the QO-JAYA
algorithm specifically for welding parameter optimization [20].

Although existing JAYA variants exhibit merits in specific aspects, they often focus on single improve-
ment and lack a coordinated mechanism to balance exploration and exploitation, the local optima, and
the population diversity. To overcome these limitations, this paper proposes DEJAYA—a structural hybrid
algorithm that integrates a differential evolution (DE) framework for flexible search architecture, horizontal
crossover for enhanced global optimization, longitudinal crossover for escaping local optima, and a global
greedy strategy for preserving diversity. This synergistic integration distinguishes DEJAYA from other
variants and ensures robust and balanced performance across diverse optimization scenarios.

Numerous research teams have conducted extensive studies on SLM process with optimization algo-
rithm. Gajera et al. optimized laser processing parameters for Invar-36 using JAYA, achieving targeted
hardness and surface roughness in pattern blocks [21]. Fountas et al. conducted statistical comparison of
multiple meta-heuristics for titanium alloy hardness and tensile strength of performance optimization,
revealing the virus-evolutionary genetic algorithm’s best fitness values [22]. Patil et al. employed cuckoo
search algorithm to identify optimal build parameters, maximizing theoretical density in maraging steel
components [23]. Particle swarm optimization was utilized in [24] to optimize process parameters for
tensile strength, while genetic algorithm in [25] investigated parameter effects on warpage deformation.
In exploring these technologies, the decisive role of process parameters in determining product quality
is particularly prominent, further underscoring the urgency of optimizing these parameters. However,
current research trends predominantly rely on repetitive experimental validation, inevitably leading to
unnecessary expenditures of time, manpower, and material resources. Therefore, combining simulation
with swarm intelligence algorithms for SLM optimization not only deepens mechanistic understanding and
enables precise selection of process parameters but also significantly reduces resource costs while ensuring
high-quality production of metal components.



Comput Mater Contin. 2026;86(2) 3

To address these algorithmic limitations discussed above, this work conducts numerical simulation
of the AlSi10Mg single-track formation process to establish overheat and no-continuity models for the
optimization problem. Subsequently, DEJAYA is proposed to identify the optimal process window within
SLM manufacturing. Ultimately, the efficacy of this method is rigorously validated through practical
experiments. The main contributions of this paper are as follows:

(1) By integrating the Finite Volume Method with the Volume of Fluid method, a numerical simulation
model tailored for the AlSi10Mg single-track formation process has been successfully established.
Leveraging the precise capture of melt pool dynamics, further models for overheat and no-continuity
have been established.

(2) By introducing the DE framework to enhance the flexibility and efficiency of JAYA in searching the
solution space, integrating horizontal crossover operator to strengthen global optimization capability,
employing longitudinal crossover operator to effectively escape from local extremes, and adopting a
global greedy strategy to promote diversity in the search process.

(3) Through validation with 23 benchmark functions and successful application in identifying the optimal
process window for the AlSi10Mg single-track formation optimization problem, the improved DEJAYA
has demonstrated not only its superiority over other variants but also its feasibility and practicality.

The structure of the remainder of this paper is as follows. Section 2 provides a comprehensive review
of existing research on simulating single-track formation in SLM. Section 3 introduces JAYA and elaborates
on DEJAYA, highlighting its improvements. Section 4 evaluates the performance of DEJAYA using 23
benchmark functions and contrasts the results with other algorithmic variants. Section 5 delves into the
optimization problem for the AlSi10Mg single-track formation, providing both discussion and valida-
tion. Section 6 summarizes the findings of this paper and outlines potential direction for future research.

2 Related Works
The manufacturing process of SLM involves complex thermal and fluid dynamics, encompassing factors

such as surface tension, the Marangoni effect, recoil pressure, and gravity. Fig. 1 illustrates the primary
thermophysical environment at the melt pool interface in SLM. To ensure computational efficiency, the
single-track numerical simulation of AlSi10Mg presented in this paper is based on four assumptions: (1) the
melt pool flow is laminar and Newtonian; (2) plasma effects are neglected; (3) the thermophysical parameters
of the material are temperature interpolation; (4) mass loss due to evaporation is disregarded.

2.1 Governing Equation
The flow problem must satisfy the fundamental conservation laws of mass, momentum, and energy. For

mass conservation, the mathematical expression as follow:

∂ρ/∂t +∇ρV = 0 (1)

where, ρ represents density. t denotes running time. V signifies velocity.
The momentum equation accounts for various forces acting on the melt pool. It is expressed as:

∂ρV/∂t +∇ρV V = −∇P0 + ρg +∇(η∇V) + fd + fst + fm + fr p (2)

where, P0 is the atmospheric pressure. g denotes gravity. η signifies viscosity. f d, f st, f m and f rp are
momentum source terms, stand for the drag force in mushy zone, surface tension, Marangoni force, and
recoil pressure, respectively.
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Figure 1: The primary thermophysical environment at the melt pool interface in SLM

There are multiple heat transfer processes in SLM, and energy conservation is maintained throughout
the process. The mathematical expression is as follows:

∂ρh/∂t +∇V ρh = ∇(λ∇T) + ql hs + qhs + qhr (3)

where, h represents enthalpy. λ denotes thermal conductivity. qlhs, qhc and qhr are energy source terms, stand
for laser heat source, heat convection and heat radiation.

2.2 Laser Heat Source Model
In SLM, metal powders are randomly distributed and interact through point contacts. A volumetric heat

source model would instantaneously transfer heat to both powders and base. Therefore, an interface tracking
heat source is employed as the energy term to simulate laser heat source, this allows for precise capture of the
dynamic behavior of the melt pool. The intensity of the laser beam typically follows a Gaussian relationship,
which can be mathematically expressed as follows:

ql hs =
2αP
πτ2 exp [−2r2

τ2 ] (4)

where, P represents laser power. τ denotes spot radius. r signifies the distance between a point within the
radius of the laser beam and the center of the heat source. α stands for the laser absorption rate.

2.3 Multiphase Flow Model
The numerical simulation of AlSi10Mg single-track encompasses the melting of metal powder, liquid

metal flow, and solidification processes. To accurately capture these phenomena, a Volume of Fluid
(VOF) [26] two-phase flow model is employed to track the metal-gas interface. The metal phase is repre-
sented by volume fraction φ, and the gas phase by 1 − φ, so that the total volume fraction in each cell sums
to unity.
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2.4 Source Term Equation
In this paper, the surface tension, Marangoni effect, drag force in mushy zone, and recoil pressure are

considered as momentum source terms. Recoil pressure serves as the primary force within the melt pool
once the metal attains its boiling point. It is defined as follows:

fr p = 0.54P0 exp [LM
Rg

(1 − Tv

T
)] (5)

where, L represents latent heat of evaporation. Tv denotes boiling point temperature. Rg signifies gas constant.
M stands for metal molar mass.

The Marangoni effect describes the force of liquid metal from warmer to cooler regions on the melt pool
surface. It is expressed as follows:

fm = ∂σ
∂T

[∇T − n (∇Tn)] (6)

where, n represents unit normal vector of the interface. σ denotes surface tension coefficient, and its
functional expression with respect to temperature is given as follows:

σ (T) = σm − ∂σ
∂T

(T − Ts) (7)

where, σm represents the reference surface tension coefficient. Ts denotes solidus temperature.
Surface tension, which exists at the interface between liquid metal and gas, is modeled using the

continuum surface force (CSF) [27] approach:

fst = σκn (8)

where, κ represents interface curvature.
During solidification, a mushy zone forms where temperatures lie between the solidus and liquidus

points. In this region, the resistance encountered as liquid metal flows relative to the already solidified metal
is termed as the drag force in mushy zone. Its mathematical expression is given as follows:

fd = −Mz
(1 − ξ)2

(ξ3 + 0.001)η (9)

where, Mz represents the constant of the mushy zone. ξ is utilized to control the liquid metal fraction, which
is temperature-dependent and mathematically expressed as follow:

ξ =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

0 T < Ts
T − Ts

Tl − Ts
Ts ≤ T ≤ Tl

1 T > Tl

(10)

where, Tl represents liquids temperature.
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It is noteworthy that, based on Divergence theorem, the momentum source terms above are converted
into volume forces in this paper. The corresponding expression is:

⊗= ∣∇φ∣ 2ρ
ρm + ρg

(11)

where, ρm and ρg represent metal and gas density, respectively.
In SLM simulations, energy source terms include not only the laser heat source but also thermal

convection and radiation. Thermal radiation, which follows the Stefan-Boltzmann law [28], accounts for heat
loss at the melt pool surface:

qhr = −σs ε (T4 − T4
re f ) (12)

where, σs represents Stefan-Boltzmann constant. Tref denotes the referent temperature. ε signifies radia-
tion coefficient.

Thermal convection arises from heat exchange due to fluid flow at the melt pool surface and is expressed
as:

qhc = hc (T − Tre f ) (13)

where, hc represents heat convection coefficient.

2.5 Powder Bed Setting
Based on the free-fall method, the Discrete Element Method (DEM) [29] software EDEM is employed

to initially generate the discrete particle within the SLM powder bed. The AlSi10Mg powder primarily
exhibits spherical or near spherical morphology with an average particle size of 20 μm [30]. Considering the
computational efficiency, the simulation domain is set to 800 μm × 200 μm × 250 μm, with a base height of
200 μm and a powder layer thickness of 30 μm. Fig. 2 illustrates the randomly distributed AlSi10Mg powder
bed model.

Figure 2: Computational domain of the powder bed model

2.6 Material Properties and Parameter Settings
In this study, the Fluent solver is employed to simulate the melt pool formation during single-track

processing by the Finite Volume Method (FVM) [31] and the Volume of Fluid (VOF). The thermophysical
parameters of the AlSi10Mg metal powder are presented in Table 1. The remaining simulation parameters
are presented in Table 2.



Comput Mater Contin. 2026;86(2) 7

Table 1: AlSi10Mg thermophysical parameters [32,33]

Simulation parameter Value Simulation parameter Value
Solidus temperature Ts (K) 830 Liquidus temperature Tl (K) 870

Boiling point temperature Tv (K) 2767 Density ρm (kg⋅m−3)
2670 (300 K)
2657 (870 K)

2457 (5000 K)

Specific heat cpm (J⋅kg−1⋅K−1)
754 (300 K)-

Thermal conductivity λm (W⋅m−1⋅K−1)
92 (300 K)-

871 (870 K)- 102 (870 K)-
921 (5000 K) 115 (5000 K)

Viscosity ηm (N⋅m−1⋅s−1)
10 (300 K)-

0.015 (870 K)-
0.01 (5000 K)

Table 2: Numerical simulation parameters [34,35]

Simulation parameter Value Simulation parameter Value

Density of gas ρg (kg⋅m−3) 1.78 Thermal conductivity of gas λg
(W⋅m−1⋅K−1) 0.01772

Specific heat of gas cpg (J⋅kg−1⋅K−1) 521.75 Viscosity of gas μg (N⋅m−1⋅s−1) 2.2E−05

Enthalpy h (J⋅kg−1) 4.23E+05 Latent heat of evaporation L
(J⋅kg−1) 1.12E+05

Reference surface tension
coefficient σm (N⋅m−1⋅K−1) 1.52E–03 Metal molar mass M (kg⋅mol−1) 0.027

Standard atmospheric pressure P0
(Pa) 101,000 Gas constant R 8.314

Laser absorption rate α 0.09 Referent temperature Tref (K) 300
Heat convection coefficient hc

(W/(m2⋅K4)) 60 Stefan-Boltzmann constant σs
(W/(m2⋅K4)) 5.67E−08

Radiation coefficient ε 0.4

3 The Proposed Algorithm

3.1 Original JAYA
As a meta-heuristic algorithm, JAYA is characterized by its the principle of preferential behavior towards

best solutions and avoidance of worst ones, thereby continuously enabling quality enhancement of the
solution. The JAYA distinguish from other meta-heuristic algorithms because it has not too many parameters,
reducing the need to adjust on the test. The mathematical expression is in Eq. (14).

Xt+1
i = Xt

i + r1 × (Xt
best − ∣Xt

i ∣) − r2 × (Xt
worst − ∣Xt

i ∣) (14)

where, Xt
i denotes the position of the i-th solution at t-th iteration. Xt

best and Xt
worst are the best and worst

individual at t-th iteration, respectively. The parameters r1 and r2 represent random numbers from the
interval [0, 1].
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3.2 DEJAYA Algorithm
This part integrates four enhancements into the JAYA, in which DE framework, horizontal crossover

operator, longitudinal cross operator, and global greedy strategy. The DE framework significantly improves
algorithmic flexibility and efficiency. The horizontal crossover operator enhances global optimization
capability, while longitudinal crossover operator is utilized to escape from the local extremum easily. Finally,
global greedy strategy augments population diversity. The complete pseudo-code for DEJAYA is presented
in Algorithm 1, and the same steps are depicted in Fig. 3.

Algorithm 1: The pseudo-code for DEJAYA
Initialization phase:

1 Initialize the population X of the JAYA
2 Calculate and Find Xbest according the fitness values
3 while t ≤ Max_iter do
4 Phase 1 Mutation
5 for i = 1, 2, . . ., N
6 Using Eq. (14) to update population positions
7 if f it (X1t

i) < f it (Xt
i )

8 Xt
i = X1t

i
9 end if
10 end for
11 Phase 2 Crossover
12 Updata parameter p1 and p
13 for i = 1, 2, . . ., N/2
14 Updata parameter m and n
15 for j = 1, 2, . . ., dim
16 if p < p1
17 Using Eq. (15) to update population positions
18 Using Eq. (16) to update population positions
19 end if
20 end for
21 if f it (X1t

m) < f it (Xt
m)

22 Xt
m = X1t

m
23 end if
24 if f it (X1t

n) < f it (Xt
n)

25 Xt
n = X1t

n
26 end if
27 end for
28 Phase 3 Selection
29 Updata parameter p2 and p
30 for j = 1, 2, . . ., dim/2
31 Updata parameter m and n
32 for i = 1, 2, . . ., N
33 if p < p2
34 Using Eq. (17) to update population positions
35 end if

(Continued)
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Algorithm 1 (continued)
36 end for
37 if f it (X1t

i) < f it (Xt
i )

38 Xt
i = X1t

i
39 end if
40 end for
41 Calculate and Find Xbest according the fitness values
42 end while

Figure 3: Flowchart of DEJAYA

3.3 DE Framework
The DE framework, based on the differential evolutionary algorithm (DE), comprises three fundamental

phases: mutation, crossover, and selection. This framework inherits the advantages of DE, significantly
enhancing algorithmic flexible and effective. During the Phase 1, the implementation adopts the original
iterative method of JAYA as formalized in Eq. (14).

3.4 Horizontal Crossover Operator
The horizontal crossover operator is similar to the crossover operation of genetic algorithm, an

arithmetic crossover between two same-dimension individuals within population. This operation can be
described as assuming that the j-th dimension among m-th odd individual and n-th individual are crossed
at t-th iteration by the crossover probability p1. The mathematical expression is as follows:

Xt
n , j = r3 × Xt

m , j + (1 − r3) × Xt
n , j + c1 × (Xt

m , j − Xt
n , j) (15)
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Xt
n , j = r4 × Xt

n , j + (1 − r4) × Xt
m , j + c2 × (Xt

n , j − Xt
m , j) (16)

where, m = 2 × i − 1 and n = 2 × i serve as odd and even individuals in the population, respectively. p1 =
1 − 1/max _iter is the crossover probability in this phase and max_iter is maximum iterations. The parameters
c1 and c2 denote random numbers from the interval [−1, 1]. The parameters r3 and r4 represent are random
numbers from the interval [0, 1].

3.5 Longitudinal Crossover Operator
Similar to the horizontal crossover operator of Section 3.4, the longitudinal crossover operator is used

to improve Phase 3 of the algorithm, which is a kind of arithmetic crossover between different dimensions
in an individual. This operation can be described as assuming that the normalized m and n dimensions in
the i-th individual are crossed by selection probability p2.

Xt
i ,m = r5 × Xt

i ,m + (1 − r5) × Xt
i ,n (17)

where, m = 2 × j − 1 and n = 2 × j serve as odd and even dimensions in each individual, respectively. p2 is
the crossover probability in this phase. The parameter r5 is random numbers from the interval [0, 1].

3.6 Global Greed Strategy
Within the proposed DEJAYA, greedy strategy is enforced at every operational phase. Its core idea of

this strategy is to select the best solution in each generation, aiming to progressively approach the global
optimum and avoid the algorithm falling into the local extremes. Specifically, candidate solutions undergo
fitness evaluation after each phase, with only better individuals advancing to subsequent operations. This
global greedy strategy ensures both population diversity and progressive quality enhancement throughout
the optimization process. Its operational specifics are delineated in Algorithm 1 (see lines 7–9, 21–26, and
37–39), and this strategy can be explained as follows.

⎧⎪⎪⎨⎪⎪⎩

Xt
i = X1t

i f it (X1t
i) < f it (Xt

i )
Xt

i = Xt
i f it (X1t

i) < f it (Xt
i )

(18)

where, X1 represents the stored solution in each phase involving Eqs. (14)–(17).

4 Experimental Performance Evaluation

4.1 Benchmark Functions
This section evaluates DEJAYA using 23 benchmark functions as shown in Table 3. Functions F1–F7 are

unimodal test suites, aiming to assess algorithmic capability in the case of a single global optimum. Functions
F8–F13 represent multimodal test suites, examining an algorithm’s capability in locating a globally unique
solution amidst numerous local minima. Finally, F14–F23 signify fixed-dimension multimodal functions,
assessing convergence velocity in low-dimensional search spaces.

4.2 Parameter Configuration
Throughout all experiments, the proposed DEJAYA will be compared against DE, original JAYA and

its variants CJAYA and LJAYA. For above algorithms, population sizes and maximum iterations are fixed
at 30 and 500, respectively. All algorithms undergo 20 independent tests across benchmark functions
in Table 3. Table 4 displays the parameters of the comparative algorithms.
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Table 3: Expression of benchmark function

Functions Dim Range f min

F1 = ∑n
i=1 x2

i 30 [−100, 100] 0
F2 = ∑n

i=1 ∣xi ∣ + ∏n
i=1 ∣xi ∣ 30 [−10, 10] 0

F3 = ∑n−1
i=1 (∑i

j=1 x j)
2 30 [−100, 100] 0

F4 = maxi {∣xi ∣ , 1 ≤ i ≤ n} 30 [−100, 100] 0
F5 = ∑n−1

i=1 [100 (xi+1 − x2
i )

2 + (xi − 1)2] 30 [−30, 30] 0
F6 = ∑n

i=1 (∣xi + 0.5∣)2 30 [−100, 100] 0
F7 = ∑n

i=1 ix4
i + random [0, 1) 30 [−1.28, 1.28] 0

F8 = −∑n
i=1 [xi sin (

√
∣xi ∣)] 30 [−500, 500] −12,569

F9 = ∑n
i=1 [x2

i − 10 cos (2πxi) + 10] 30 [−5.12, 5.12] 0
F10 = −20ex p (−0.2 1√

n ∑
n
i=1 x2

i ) − ex p [ 1
n ∑

n
i=1 cos (2πxi)] 30 [−32, 32] 0

F11 = 1
4000 ∑

n
i=1 x2

i +∏n
i=1 cos ( xi√

i
) + 1 30 [−600, 600] 0

F12 =
π
30 {10sin (πyi) +∑n−1

i=1 (yi − 1)2 [1 + 10sin2 (πyi+1)] + (yn − 1)2} +
∑n

i=1 u (xi , 10, 100, 4)
30 [−50, 50] 0

F13 = 0.1{sin2 (3πxi) +∑n−1
i=1 (xi − 1)2 {1 + sin2 (3πxi+1)} +

(xn − 1)2 × [1 + sin2 (2πxn)] } +∑n
i=1 u (xi , 5, 100, 4)

30 [−50, 50] 0

F14 = ( 1
500 +∑

25
j=1

1
j+∑2

i=1(xi−ai j)6 )
−1

2 [−65, 65] ≈1

F15 = ∑11
i=1 [ai +

x1(b2
i +bi x2)

b2
i +bi x3+x4

]
2

4 [−5, 5] 0.0003

F16 = 4x2
1 − 2.1x4

1 + 1
3 x6

1 + x1x2 − 4x2
2 + 4x4

2 2 [−5, 5] −1.0316
F17 = (x2 − 5.1

4π2 x2
1 + 5

π x1 − 6)2 + 10 (1 − 1
8π ) cos x1 + 10 2 x1 [−5, 10] x2 [0, s15] 0.398

F18 =
[1 + (x1 + x2 + 1)2 (19 − 14x1 + 3x2

1 − 14x2 + 6x1x2 + 3x2
2)] ×

[30 + (2x1 − 3x2)2 × (18 − 32x1 + 12x2
1 + 48x2 − 36x1x2 + 27x2

2)]
2 [−2, 2] 3

F19 = −∑4
i=1 ci ex p [−∑3

j=1 ai j (x j − pi j)
2] 3 [1, 3] −3.86

F20 = −∑4
i=1 ci ex p [−∑6

j=1 ai j (x j − pi j)
2] 6 [0, 3] −3.12

F21 = −∑5
i=1 [(x − ai) (x − ai)T + ci]

−1
5 [0, 10] 1/ci

F22 = −∑7
i=1 [(x − ai) (x − ai)T + ci]

−1
7 [0, 10] 1/ci

F23 = −∑10
i=1 [(x − ai) (x − ai)T + ci]

−1
10 [0, 10] 1/ci
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Table 4: Algorithms parameter settings

Algorithms Settings
JAYA None
DE F0 = 0.5, CR = 0.9

CJAYA p = [1 to 0]
LJAYA p = 0.8

DEJAYA p1 = [1 to 0], p2 = 0.8

4.3 Test Results and Analysis
Table 5 provides the experimental outcomes of DEJAYA and its variant algorithms, where Std denotes

standard deviation.

Table 5: Experimental results of DEJAYA and its variants on benchmark function

Function Values DEJAYA JAYA DE CJAYA LJAYA

F1
Best 3.3609E−13 5.3461E−03 1.1862E−02 2.1147E−06 2.4176E−01

Mean 6.5792E−10 5.0092E+02 2.5691E−02 6.6836E−04 8.1098E+02
Std 2.3401E−09 2.2363E+03 1.0396E−02 1.6947E−03 1.2312E+03

F2
Best 2.0079E−07 3.6826E−01 1.7103E−02 2.5310E−04 1.7125E+00

Mean 3.8813E−03 8.9241E+00 2.3747E−02 2.1304E−02 1.0099E+01
Std 1.3825E−02 1.1744E+01 3.5020E−03 6.0878E−02 5.6947E+00

F3
Best 1.0803E+03 4.3229E+01 1.9937E+04 4.6124E+03 3.8236E+03

Mean 3.2509E+03 1.9886E+04 2.7948E+04 7.7683E+03 1.3186E+04
Std 1.7332E+03 1.9547E+04 4.0826E+03 1.8452E+03 6.8690E+03

F4
Best 1.4445E−02 3.7147E−02 1.8960E+01 4.8400E+00 7.4762E−02

Mean 1.2393E−01 2.0470E−01 2.2991E+01 1.4886E+01 4.1663E−01
Std 9.7143E−02 1.5951E−01 2.3673E+00 5.8050E+00 5.3490E−01

F5
Best 4.7712E−01 2.7577E−01 1.6293E+02 1.9815E+00 8.3344E+01

Mean 1.5558E+00 3.7737E+03 2.4495E+02 1.7027E+01 5.0771E+04
Std 2.3186E+00 1.6830E+04 3.9498E+01 2.1255E+01 8.7424E+04

F6
Best 5.7019E−03 9.7107E−04 1.2964E−02 4.7133E−02 2.2952E−01

Mean 1.1427E−02 3.7889E−01 2.5368E−02 1.0538E−01 1.9643E+02
Std 5.1965E−03 4.6927E−01 1.1132E−02 4.5608E−02 4.3698E+02

F7
Best 4.4057E−03 2.6372E−04 4.1759E−02 3.4333E−02 9.4851E−03

Mean 1.6633E−02 1.4979E−01 8.7964E−02 9.1136E−02 7.5380E−02
Std 8.6360E−03 5.9842E−01 2.1248E−02 5.8979E−02 8.0729E−02

F8
Best −1.2569E+04 −1.2570E+04 −1.2296E+04 −1.2568E+04 −1.2569E+04

Mean −1.1795E+04 −1.2110E+04 −1.1675E+04 −1.1469E+04 −9.6963E+03
Std 8.4453E+02 5.2434E+02 4.2870E+02 1.4087E+03 2.1338E+03

(Continued)
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Table 5 (continued)

Function Values DEJAYA JAYA DE CJAYA LJAYA

F9
Best 1.0463E−02 2.4988E+01 4.7834E+01 2.9261E+01 2.4819E+01

Mean 4.8196E+01 6.9018E+01 6.2897E+01 6.7384E+01 8.4953E+01
Std 5.8623E+00 2.8872E+01 4.1188E+01 3.4706E+01 3.3819E+01

F10
Best 4.1344E−07 8.0725E−03 3.1980E−02 1.5210E−03 9.3258E−01

Mean 5.3689E−01 1.1217E+00 4.9099E−02 2.1949E+00 6.1077E+00
Std 7.2105E−01 4.4386E+00 1.0656E−02 1.4345E+00 3.3752E+00

F11
Best 4.7397E−11 2.2076E−04 6.6876E−02 3.9462E−05 8.6262E−04

Mean 1.5828E−02 5.7118E−01 1.0331E−01 1.9571E−02 7.7499E+00
Std 2.0757E−02 3.7039E−01 2.4688E−02 2.1939E−02 9.6391E+00

F12
Best 1.1279E−03 7.2267E−05 5.5199E−04 9.4612E−01 1.4436E−02

Mean 4.9673E−02 2.6287E−03 1.1457E−03 6.8693E+00 3.5893E+00
Std 1.2536E−01 5.5532E−03 4.3647E−04 6.1011E+00 4.7988E+00

F13
Best 1.3846E−07 1.6159E−04 2.8154E−03 1.1140E+00 2.5951E−01

Mean 4.2492E−03 8.6180E−02 6.5197E−03 8.6299E+00 3.9388E+04
Std 2.7912E−03 1.2971E−01 8.4455E−03 5.7940E+00 1.7613E+05

F14
Best 9.9800E−01 9.9800E−01 9.9800E−01 9.9800E−01 9.9800E−01

Mean 9.9800E−01 1.2411E+00 1.0477E+00 9.9800E−01 9.9800E−01
Std 5.9445E−11 5.2890E−01 2.2223E−01 1.3491E−06 1.6970E−07

F15
Best 3.0749E−04 6.9917E−04 6.2691E−04 3.0749E−04 3.0749E−04

Mean 4.9072E−04 6.0666E−03 8.5412E−04 4.6821E−04 5.1933E−04
Std 3.7599E−04 5.7830E−03 1.5709E−04 3.4171E−04 4.9552E−04

F16
Best −1.0316E+00 −1.0316E+00 −1.0316E+00 −1.0316E+00 −1.0316E+00

Mean −1.0316E+00 −1.0295E+00 −1.0316E+00 −1.0316E+00 −1.0316E+00
Std 1.7064E−06 2.7116E−03 2.1003E−16 9.8589E−06 2.1850E−05

F17
Best 3.9789E−01 3.9789E−01 3.9789E−01 3.9789E−01 3.9789E−01

Mean 3.9789E−01 3.9829E−01 3.9789E−01 3.9790E−01 3.9800E−01
Std 4.8542E−06 4.5511E−04 0.0000E+00 2.4688E−05 2.4830E−04

F18
Best 3.0000E+00 3.0009E+00 3.0000E+00 3.0000E+00 3.0000E+00

Mean 3.0000E+00 3.0405E+00 3.0000E+00 3.0000E+00 3.0012E+00
Std 1.9421E−05 5.7256E−02 3.6734E−16 6.2883E−05 1.0805E−03

F19
Best −3.8628E+00 −3.8628E+00 −3.8628E+00 −3.8628E+00 −3.8628E+00

Mean −3.8628E+00 −3.8597E+00 −3.8628E+00 −3.8628E+00 −3.8628E+00
Std 2.2781E−15 3.3832E−03 2.2781E−15 2.2781E−15 2.2781E−15

F20
Best −3.3220E+00 −3.3156E+00 −3.3220E+00 −3.3220E+00 −3.3220E+00

Mean −3.3220E+00 −3.1676E+00 −3.3220E+00 −3.2566E+00 −3.2804E+00
Std 4.4409E−16 1.1172E−01 9.0665E−09 6.0685E−02 5.8182E−02

(Continued)
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Table 5 (continued)

Function Values DEJAYA JAYA DE CJAYA LJAYA

F21
Best −1.0153E+01 −1.0128E+01 −1.0153E+01 −1.0153E+01 −1.0153E+01

Mean −1.0153E+01 −5.9225E+00 −1.0060E+01 −6.3731E+00 −8.7669E+00
Std 1.7764E−15 2.9240E+00 2.8258E−01 2.9953E+00 2.5125E+00

F22
Best −1.0403E+01 −1.0357E+01 −1.0403E+01 −1.0403E+01 −1.0403E+01

Mean −1.0403E+01 −7.1850E+00 −1.0368E+01 −7.8694E+00 −9.6118E+00
Std 0.0000E+00 3.1003E+00 8.3133E−02 3.2767E+00 1.9322E+00

F23
Best −1.0536E+01 −1.0536E+01 −1.0536E+01 −1.0536E+01 −1.0536E+01

Mean −1.0536E+01 −6.6546E+00 −1.0524E+01 −8.3146E+00 −9.8851E+00
Std 5.3291E−15 3.6006E+00 3.3049E−02 3.5045E+00 2.0392E+00

Based on the above experimental results, DEJAYA demonstrates absolute dominance in functions F1,
F2, F4, F9, F11, F13, F14 and F19–F23, where it outperforms other algorithms in every metric. For F3,
although achieving a marginally lower minimum compared to JAYA, it exhibits superior mean and std
performance. While there is not statistically significant difference in the minimum value compared to JAYA
on F5–F7, DEJAYA delivers substantially mean and std performance compared to others. In multimodal
function F8, the proposed algorithm achieves optimal minima but underperforms JAYA in mean and DE
in standard deviation. For F16–F18, DEJAYA attains optimal minima and mean scores yet exhibit higher
volatility than DE. In F12, DEJAYA ranks third overall across evaluation criteria. For F15, DEJAYA obtains
the best minimum value and exhibits no statistically different compared to CJAYA in mean, while DE
in standard deviation. To graphically demonstrate the efficacy of DEJAYA, Fig. 4 depicts the convergence
curves, while Fig. 5 presents the corresponding boxplot analysis.

Fig. 4 intuitively demonstrates algorithmic convergence rates. DEJAYA exhibits superior convergence
characteristics across functions F1–F7, F9, F11, and F15–F23. For F8, which is a multimodal function with
many irregular local optima, DEJAYA marginally underperforms JAYA, this is likely because the highly
deceptive landscape of Schwefel’s function may temporarily disrupt DEJAYA’s exploratory balance. For F10,
DEJAYA shows slightly inferior convergence to DE. Ackley’s function, which features an irregularity outer
region and a sharp peak, requires careful balance between exploration and exploitation, DE benefits from its
strong mutation strategy in this particular landscape. In the case of F12, DEJAYA outperforms only CJAYA
and LJAYA. This can be attributed to the additional constraints and narrow global basin, where certain
algorithms might exhibit faster convergence. Within Fig. 5, results reveal DEJAYA maintains stability across
most benchmark functions, with only F8 and F10 exhibiting minor fluctuations. These empirical findings
collectively confirm the generalization capability and stability of DEJAYA.
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Figure 4: (Continued)
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Figure 4: Convergence graphs of DEJAYA, JAYA, DE, CJAYA, and LJAYA
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Figure 5: (Continued)



18 Comput Mater Contin. 2026;86(2)

Figure 5: Boxplot of DEJAYA, JAYA, DE, CJAYA, and LJAYA

As presented in Table 6, Wilcoxon test outcomes for DEJAYA employ the symbols “+”, “=” and “-” to
denote statistically better, similar, or inferior performance relative to JAYA, DE, CJAYA, and LJAYA, respec-
tively. At a significance level of 0.05, the tabulated data demonstrate DE-JAYA’s predominant superiority or
statistical similar to the contrastive algorithms across most tested functions.
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Table 6: Wilcoxon test outcomes of DEJAYA, JAYA, DE, CJAYA, and LJAYA

Algorithm DEJAYA-JAYA DEJAYA-DE DEJAYA-CJAYA DEJAYA-LJAYA
symbol +/=/- +/=/- +/=/- +/=/-
Result 20/3/1 16/6/1 16/7/0 18/5/0

4.4 Computational Cost and Efficiency Analysis
The space and time complexity of the DEJAYA algorithm are O(N × dim) and O(max_iter × N × dim),

respectively, where N is the population size, dim is the problem dimension, and max_iter is the maximum
number of iterations. To evaluate computational efficiency, the DEJAYA, JAYA, DE, CJAYA, and LJAYA are
independently executed 20 times on test functions F1, F11, and F21. The average computation time (CPU
time) required to complete the optimization under a fixed maximum number of iterations, along with its
standard deviation, is summarized in Table 7.

Table 7: Average computation time (seconds) of different algorithms

Algorithm DEJAYA JAYA DE CJAYA LJAYA
F1 0.25 ± 0.01 0.15 ± 0.03 0.18 ± 0.04 0.17 ± 0.05 0.21 ± 0.06
F11 0.29 ± 0.00 0.19 ± 0.05 0.20 ± 0.02 0.21 ± 0.05 0.25 ± 0.04
F21 0.26 ± 0.01 0.16 ± 0.02 0.17 ± 0.02 0.18 ± 0.07 0.22 ± 0.03

As theoretically anticipated, DEJAYA exhibited slightly higher average computation times across the test
functions. This is attributed to its more complex per-iteration operations, which integrate both horizontal
and vertical crossover operations within a DE framework, alongside a global greedy selection strategy.
Consequently, DEJAYA incurs a higher computational cost per iteration compared to other algorithms.

However, algorithmic efficiency should not be judged solely on runtime but must also consider
convergence speed and solution quality. As demonstrated in Table 5 and Figs. 4 and 5, DEJAYA achieves
notably superior convergence accuracy and stability on the vast majority of test functions. This demonstrates
that DEJAYA’s superior global exploration and local exploitation capabilities effectively compensate for its
modest increase in per-iteration cost. Consequently, DEJAYA achieves an exceptional balance between
computational efficiency and solution quality, confirming its effectiveness and practical utility.

5 Optimization and Analysis
This research advances through three core phases. Firstly, the objective function for AlSi10Mg single-

track formation is defined by the principles established in Section 2. Subsequently, the proposed DEJAYA
algorithm is executed and evaluated. Finally, experimental validation is conducted to empirically verify the
optimal process window derived from the algorithm’s optimization.

5.1 Objective Function
The single-track simulations demonstrate that high laser power (P) combined with low laser speed

(V) induces melt pool overheating, causing excessive enlargement and spattering [36], which directly
compromises formation accuracy and surface quality. Conversely, low P with high V fails to sustain melt pool
continuity, generating internal porosity [37] that degrades component density and mechanical properties.
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To avoid these defects, this section establishes models for melt pool overheat and no-continuity, enabling
proactive exploration of the optimal processing window.

The overheat model has two indicators that depth ratio (d1) and sectional area (d2), which can be
expressed by Chebyshev Series Bivariate Polynomials as shown below:

di = ∑
∞
m=0 ∑

∞
n=0 amn Tm (x)Tn (y) , i = 1, 2 (19)

Eq. (19) is the first type of Chebyshev polynomial and it is expressed through the cosine function as
follows:

Tn (x) = cos (n ⋅ arccos (x)) (20)

where, x = ln (x) represents P normalized within the range of −1 to 1. y represent V normalized within the
range of −1 to 1. amn are the fitting coefficients. And m and n are positive integers from 0 to 5.

Similarly, there are two indicators for no-continuity, namely variation rate (w1) and width (w2), which
can be expressed by Chebyshev Series Bivariate Polynomials as shown below:

wi = ∑
∞
m=0 ∑

∞
n=0 amnTm (x)Tn (y) , i = 1, 2 (21)

Eq. (12) is the first type of Chebyshev polynomial and it is expressed through the cosine function as
follows:

Tn (x) = cos (n ⋅ arccos (x)) (22)

where, x = ln (x) represents P normalized within the range of −1 to 1. y represents V normalized within the
range of −1 to 1.

We design the single-track formation optimization problem as a single objective problem with multiple
constraints. P(Xi) and V(Xi) are used to refer to laser power in the range of 150–250 W and laser speed in the
range of 0.60–1.60 m/s, respectively. The fitness of objective function representing two models are defined
using the following mathematical formulation.

min
x∈Rn

fAl S i10M g_1 (X) = a1 ∑
n
i=1 ∣d1 (Xi) − d2 (Xi)∣ + a2 ∑

n/2
i=1 1/ ∣Pi+1 − Pi ∣ + a3 ∑

n/2
i=1 ∣Pi+1/Vi+1 − Pi/Vi ∣

(23a)

s.t.
⎧⎪⎪⎨⎪⎪⎩

Pi < Pi+1

Vi < Vi+1
, i = 1, 2, . . . , k (23b)

min
x∈Rn

fAl S i10M g_2 (X) = a1 ∑
n
i=1 ∣w1 (Xi) −w2 (Xi)∣ + a2 ∑

n/2
i=1 1/ ∣Pi+1 − Pi ∣ + a3 ∑

n/2
i=1 ∣Pi+1/Vi+1 − Pi/Vi ∣

(24a)

s.t.
⎧⎪⎪⎨⎪⎪⎩

Pi < Pi+1

Vi < Vi+1
, i = 1, 2, . . . , k (24b)

where X is the solution of this problem, and include [P, V]. P = {P1, P2, . . ., Pk} and V = {V1, V2, . . .,
Vk} in the solution of this problem, and the value of k is n/2. a1, a2, and a3 are the weights of this single
objective problem.
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5.2 Experiment Results
To rigorously evaluate the performance of DEJAYA in addressing the AlSi10Mg single-track for-

mation optimization problem, DEJAYA and its variant algorithms are independently executed 20 times.
Experimental outcomes are tabulated in Table 8, while convergence graphs and boxplots are visualized
in Fig. 6.

Table 8: Experiment outcomes of on AlSi10Mg single-track formation optimization problem

Problem Values DEJAYA JAYA DE CJAYA LJAYA

ALSI10MG1

Best 3.4949E+00 3.7926E+00 3.6216E+00 3.8833E+00 3.6852E+00
Mean 3.5237E+00 4.0358E+00 3.7074E+00 4.2752E+00 4.0134E+00

Std 1.6755E−02 1.7150E−01 1.2090E−01 1.8235E−01 1.8452E−01

ALSI10MG2

Best 1.5880E+00 2.3848E+00 2.3779E+00 2.0145E+00 2.3772E+00
Mean 2.0076E+00 2.8013E+00 2.6645E+00 2.8090E+00 2.7464E+00

Std 2.1187E−01 2.5044E−01 1.2119E−01 2.6935E−01 2.3652E−01

Figure 6: Results of (left) Convergence graph. (right) Boxplots
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Table 8 demonstrates the superior performance of DEJAYA across all evaluation metrics compared
to other algorithms, with only standard deviation marginally trailing DE. For subfigures AlSi10Mg1a and
AlSi10Mg 2a of Fig. 6, the convergence curves of DEJAYA exhibit faster rates compared to other algorithms.
Furthermore, DEJAYA exhibits significantly enhanced solution stability in subfigures AlSi10Mg1b and
AlSi10Mg 2b of Fig. 6. These collective results validate DE-JAYA as a robust and efficient methodology for
AlSi10Mg single-track formation optimization problem.

5.3 Verification and Analysis
For more precise definition of the optimal process window, this research employs linear energy

density (LED) [38] as the quantitative metric, which is calculated by Eq. (25). Substituting the parameter
combinations obtained from the above DEJAYA optimization into this equation and then rounding, the
results yield an average LED ≈ 0.3075 J/mm for the overheat boundary and an average LED ≈ 0.1679 J/mm
for no-continuity boundary. Fig. 7 provides a direct visualization of the identified optimal process window.

LED = P/V (25)
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Figure 7: Results of (left) Convergence graph. (right) Boxplots

Fig. 7 reveals distinct melt pool morphologies. Zone 1 exhibits overheated and wrinkled features, while
Zone 3 displays discontinuous and spheroidization. Only Zone 2 demonstrates a continuous, uniform
morphology. To further validate the optimal process window identified by the proposed method, three
parameter combinations representing these zones—A (250 W, 700 mm/s), B (220 W, 1100 mm/s), and C
(160 W, 1300 mm/s)—are selected for tensile testing. The machined dimension of the tensile sample is shown
in Fig. 8, while the corresponding experimental results are presented in Table 9.
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Figure 8: Graph of tensile sample
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Table 9: Experimental outcomes of tensile testing

Sample Tensile strength Yield strength Breaking elongation
A 390.78 262.02 4.82
B 427.88 290.93 7.04
C 295.55 246.89 1.83

As evidenced by the experimental data in Table 9, Sample B demonstrates superior performance in
tensile strength, yield strength, and elongation. Sample C exhibits marked deterioration, while Sample A
demonstrates intermediate values. This outcome directly validates the guidance value of the optimal process
window shown in Fig. 7.

6 Conclusion
This paper proposes a novel method integrating numerical simulation with optimization algorithms

to address the challenges of complex parameter relationships and redundant experimental in identifying
optimal processing windows. To achieve this, a Differential Evolution-framed JAYA algorithm is proposed.
The core innovation of DEJAYA lies in its structural integration of differential evolution principles and multi-
strategy collaboration, transcending mere hybridization to form a more powerful and balanced optimizer.
Specifically, DEJAYA incorporates four improvements: (1) a differential evolution framework that enhances
flexibility and efficiency through mutation, crossover, and selection phases; (2) a horizontal crossover
operation that improves global optimization via arithmetic crossover between individuals at the same
dimensions; (3) a longitudinal crossover operation that avoids local optima through arithmetic crossover
across different dimensions within an individual; (4) a global greedy strategy that maintains population
diversity and ensures progressive quality improvement by selecting the best solution in each generation.
To evaluate the effectiveness of DEJAYA, comprehensive experiments are conducted across 23 benchmark
functions with comparative algorithm analysis. Statistical results confirm either outperforms or statistical
equivalence to its variant algorithms, underscoring its robustness and stability. Ultimately, leveraging from
numerical simulations of dynamic melt pool behavior, this research established overheat and no-continuity
models. Algorithm optimization and experimental validation collectively demonstrate the effectiveness of
DEJAYA in identifying the optimal process window and guiding parameter selection.

Future research priorities include enhancing DEJAYA through novel mechanisms or methods to
improve its performance. Concurrently, applications of DEJAYA will extend to optimizing multi-track and
multi-layer formation for AlSi10Mg and related materials. Although current research primarily uses linear
energy density (LED) as the key optimization criterion, it only provides a single-track formation of the SLM
process. For multi-track and multi-layer formation, additional process parameters such as overlap ratio and
layer thickness must be considered, prompting the employment of volumetric energy density (VED) as a
more comprehensive optimization metric. Further process optimization efforts will focus on defect analysis
in SLM, utilizing artificial intelligence to decipher the interplay between process parameters and defect
formation mechanisms in AlSi10Mg.
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