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Abstract
To improve the solution performance of the particle swarm optimization algo-
rithm, a hybrid algorithm based on simplex search and particle swarm opti-
mization is proposed. On the one hand, the algorithm adaptively determines
the inertia weight, cognitive, and social parameters to achieve a parameter-free
purpose; on the other hand, it utilizes simplex search to guide the search direc-
tion of some particles, thereby accelerating algorithm convergence. Numerical
experimental results show that, compared with the traditional particle swarm
algorithm and other simplex-based particle swarm algorithms, the algorithm
performs well in terms of the number of evaluations and solution accuracy.
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Abstract: To improve the performance of particle swarm optimization, this
paper proposes a hybrid algorithm based on simplex search and particle swarm
optimization. On the one hand, the algorithm adaptively determines the iner-
tia weight, cognitive, and social parameters to achieve a parameter-free design.
On the other hand, it utilizes simplex search to guide the search direction of
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some particles, thereby accelerating convergence. Numerical experimental re-
sults demonstrate that compared with traditional particle swarm algorithms
and other simplex-based particle swarm algorithms, the proposed algorithm
performs well in terms of function evaluations and solution accuracy.

Keywords: direct search; simplex search; particle swarm optimization

0 Introduction
Particle swarm optimization (PSO), proposed by Kennedy and Eberhart in 1995,
simulates the migration and flocking behavior of bird swarms foraging for food
to find global optima. In 1998, Shi et al. introduced an inertia weight mechanism
that further improved PSO performance. Compared with traditional optimiza-
tion methods, PSO offers several advantages: it does not require derivative
information of the objective function, providing excellent generality; it is less
prone to local optima and demonstrates strong robustness; and its simple pro-
cess is easy to implement. However, the heuristic nature of PSO often leads
to premature convergence, and its performance heavily depends on parameter
settings for specific problems.

Many improved algorithms have failed to adequately address the issues of exces-
sive parameters and reliance on empirical settings, while simple parameter-free
improved algorithms tend to suffer from premature convergence. Simplex search
can leverage weak analytical properties of problems, has rich theoretical foun-
dations, conducts targeted searches with fast convergence, and shares natural
commonalities with PSO, making them complementary. Considering these char-
acteristics, numerous simplex-based PSO algorithms have emerged.

In recent years, many studies have investigated simplex search-based PSO al-
gorithms, which have achieved good results and wide application in engineer-
ing. In 2007, Fan and Zahira proposed a hybrid algorithm for unconstrained
optimization that combined simplex search with PSO to improve convergence
rate. While this algorithm structure provided ideas for subsequent designs, it
had many parameters and its performance on higher-dimensional test functions
needed improvement. In 2008, Hsu and Gao embedded a simplex search mech-
anism into PSO that executed one simplex search every k iterations, reducing
function evaluations and balancing exploration-exploitation, but their experi-
ments evaluated only 2-5 dimensional functions. In 2010, Ren et al. proposed a
quantum PSO based on the simplex method that used quantum PSO for global
search first, then determined whether to apply simplex for local search based on
population fitness standard deviation. However, judging premature convergence
from fitness standard deviation is difficult, limiting further promotion. In 2018,
Wu et al. added simplex search to PSO initialization for preprocessing initial
values, testing on 20 10-dimensional functions. Results showed higher accuracy
than standard PSO, but the algorithm suffered from difficult parameter settings
and many evaluations.
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To improve PSO performance, this paper proposes a simplex search-based PSO
algorithm. On one hand, it adaptively determines inertia weight, cognitive, and
social parameters using principles similar to electromagnetism-like mechanisms
to achieve parameter-free operation. On the other hand, it uses simplex search
to guide search directions and step sizes, accelerating convergence.

1 Particle Swarm Algorithm
The particle swarm optimization concept originates from bird flocking behavior
during flight or foraging. Birds only track a limited number of neighbors, yet
the overall result appears centrally controlled—complex global behavior emerges
from simple rule interactions. Unlike Darwinian“survival of the fittest”evolution,
PSO finds optimal solutions through individual cooperation.

The PSO algorithm proceeds as follows:

a) Initialize population 𝑃(𝑡), cognitive coefficient 𝑐1, social coefficient 𝑐2, in-
ertia weight 𝑤, and set 𝑡 = 0.

b) Calculate each particle 𝑋𝑖(𝑡) ∈ 𝑃(𝑡)’s fitness value, individual best posi-
tion 𝑝𝑖(𝑡), and global best position 𝐺(𝑡).

c) Update each particle 𝑋𝑖(𝑡) ∈ 𝑃(𝑡)’s velocity and position using equations
(1) and (2).

d) If termination conditions are met, stop; otherwise, set 𝑡 = 𝑡+1 and return
to step b).

In step c), equation (1) shows particle velocity depends on previous velocity, its
own historical best position, and the swarm’s global best position. Equation
(2) shows how each particle’s position updates in the search space.

2 Simplex Search
A simplex is a fundamental concept in algebraic topology, generalizing triangles
and tetrahedrons. An n-dimensional simplex is the convex hull of 𝑛 + 1 points.
For example, a 1D simplex is a line segment, a 2D simplex is a triangle, and a
3D simplex is a tetrahedron.

The Nelder-Mead simplex search (NM) seeks optimal solutions through elemen-
tary geometric transformations including reflection, expansion, contraction, and
shrink. Each transformation attempts to replace the worst vertex with a better
one. Taking the minimization problem min𝑋∈ℝ𝑛 𝑓(𝑋) as an example, we cal-
culate function values at three vertices 𝑋𝑙𝑜𝑤, 𝑋𝑠𝑒𝑐, 𝑋ℎ𝑖𝑔ℎ as 𝑓𝑙𝑜𝑤, 𝑓𝑠𝑒𝑐, 𝑓ℎ𝑖𝑔ℎ,
assuming 𝑓ℎ𝑖𝑔ℎ > 𝑓𝑠𝑒𝑐 > 𝑓𝑙𝑜𝑤.

The basic operations (Figures 1 [Figure 1: see original paper] to 4) are:

a) Reflection: Calculate midpoint 𝑋𝑐𝑒𝑛𝑡 = 0.5×(𝑋𝑙𝑜𝑤+𝑋𝑠𝑒𝑐) and reflection
point 𝑋𝑟𝑒𝑓 = 𝑋𝑐𝑒𝑛𝑡 + (𝑋𝑐𝑒𝑛𝑡 − 𝑋ℎ𝑖𝑔ℎ). If 𝑓𝑙𝑜𝑤 > 𝑓𝑟𝑒𝑓 , calculate expansion
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point 𝑋𝑒𝑥𝑝 = 2 × 𝑋𝑐𝑒𝑛𝑡 − 𝑋𝑟𝑒𝑓 .

b) Expansion: If 𝑓𝑒𝑥𝑝 < 𝑓𝑟𝑒𝑓 , accept 𝑋𝑒𝑥𝑝; otherwise accept 𝑋𝑟𝑒𝑓 .

c) Contraction: If 𝑓𝑟𝑒𝑓 ≥ 𝑓𝑠𝑒𝑐:

• (a) If 𝑓𝑟𝑒𝑓 < 𝑓ℎ𝑖𝑔ℎ, calculate outside contraction point 𝑋𝑐𝑜𝑛𝑡 = 0.5×
(𝑋𝑐𝑒𝑛𝑡 + 𝑋𝑟𝑒𝑓).

• (b) If 𝑓𝑟𝑒𝑓 ≥ 𝑓ℎ𝑖𝑔ℎ, calculate inside contraction point 𝑋𝑐𝑜𝑛𝑡 = 0.5 ×
(𝑋𝑐𝑒𝑛𝑡 + 𝑋ℎ𝑖𝑔ℎ).

d) Shrink: If 𝑓ℎ𝑖𝑔ℎ > 𝑓𝑐𝑜𝑛𝑡, replace all vertices except 𝑋𝑙𝑜𝑤 with 𝑋𝑖 =
0.5 × (𝑋𝑖 + 𝑋𝑙𝑜𝑤).

The NM algorithm description is:

a) Calculate function values at 𝑛 + 1 vertices 𝑋𝑖 (𝑖 = 1, … , 𝑛 + 1), identify
worst 𝑋ℎ𝑖𝑔ℎ, second-worst 𝑋𝑠𝑒𝑐, best 𝑋𝑙𝑜𝑤, and midpoint 𝑋𝑐𝑒𝑛𝑡.

b) Calculate reflection point 𝑋𝑟𝑒𝑓 and its function value.

c) Perform simplex transformation:

• If 𝑓𝑟𝑒𝑓 < 𝑓𝑙𝑜𝑤, calculate expansion point 𝑋𝑒𝑥𝑝. If 𝑓𝑒𝑥𝑝 < 𝑓𝑟𝑒𝑓 , replace
𝑋ℎ𝑖𝑔ℎ with 𝑋𝑒𝑥𝑝; otherwise replace with 𝑋𝑟𝑒𝑓 .

• Else if 𝑓𝑟𝑒𝑓 < 𝑓𝑠𝑒𝑐, replace 𝑋ℎ𝑖𝑔ℎ with 𝑋𝑟𝑒𝑓 .
• Else if 𝑓𝑟𝑒𝑓 < 𝑓ℎ𝑖𝑔ℎ, calculate outside contraction point 𝑋𝑐𝑜𝑛𝑡. If

𝑓𝑐𝑜𝑛𝑡 < 𝑓𝑟𝑒𝑓 , replace 𝑋ℎ𝑖𝑔ℎ with 𝑋𝑐𝑜𝑛𝑡; otherwise perform shrink.
• Else calculate inside contraction point 𝑋𝑐𝑜𝑛𝑡. If 𝑓𝑐𝑜𝑛𝑡 < 𝑓ℎ𝑖𝑔ℎ, replace

𝑋ℎ𝑖𝑔ℎ with 𝑋𝑐𝑜𝑛𝑡; otherwise perform shrink.

3.1 PSO Algorithm Improvement
In traditional PSO, the 𝑖-th particle’s position update depends on three fac-
tors (equations (1) and (2)). However, in the Nelder-Mead simplex particle
swarm optimization (NM-PSO), for particle 𝑖 in generation 𝑡 population 𝑃(𝑡),
we update using equations (3)-(5):

The candidate particle 𝑇𝑖(𝑡) is calculated as:

𝑇𝑖(𝑡) = 𝑋𝑖(𝑡) + 𝑉𝑖(𝑡) (3)

where the velocity 𝑉𝑖(𝑡) is:

𝑉𝑖(𝑡) = 𝐹0 + 𝐹1 + 𝐹2 (4)

with:
𝐹0 = [

𝑓(𝑋𝑟3
(𝑡)) − 𝑓(𝑋𝑟1

(𝑡))
𝐷 ] ⋅ (𝑋𝑟3

(𝑡) − 𝑋𝑟1
(𝑡))
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𝐹1 = [
𝑓(𝑔(𝑡)) − 𝑓(𝑋𝑟2

(𝑡))
𝐷 ] ⋅ (𝑔(𝑡) − 𝑋𝑟2

(𝑡))

𝐹2 = [
𝑓(𝐺(𝑡)) − 𝑓(𝑋𝑟3

(𝑡))
𝐷 ] ⋅ (𝐺(𝑡) − 𝑋𝑟3

(𝑡))

Here 𝑟1, 𝑟2, 𝑟3 are three distinct particles randomly selected from the population,
𝐷 = 𝑓ℎ𝑖𝑔ℎ − 𝑓𝑙𝑜𝑤 records the difference between worst and best fitness values,
𝑔(𝑡) is the individual best, and 𝐺(𝑡) is the global best.

Equation (5) uses a greedy selection mechanism to update particle 𝑋𝑖(𝑡): it re-
places 𝑋𝑖(𝑡) with candidate 𝑇𝑖(𝑡) only when 𝑓(𝑇𝑖(𝑡)) < 𝑓(𝑋𝑖(𝑡)). This approach
uses information sharing between the base point 𝑋𝑟3

(𝑡) and reference points to
construct candidate particles.

When 𝑓(𝑋𝑟1
(𝑡)) > 𝑓(𝑋𝑟3

(𝑡)), 𝐹0 guides 𝑋𝑟3
(𝑡) to search outward. The larger

the fitness difference, the greater the step size in that direction. Conversely,
when 𝑓(𝑋𝑟1

(𝑡)) < 𝑓(𝑋𝑟3
(𝑡)), 𝐹0 guides 𝑋𝑟3

(𝑡) to search inward, with step size
characterizing neighborhood size. Larger fitness differences create smaller neigh-
borhoods, while smaller differences create larger neighborhoods. This mecha-
nism balances local search and global exploration while adaptively switching
between accelerating convergence and maintaining population diversity.

Similarly, 𝐹1 records information between the reference point 𝑋𝑟3
(𝑡) and indi-

vidual best 𝑔(𝑡). 𝐹2 guides the base point 𝑋𝑟3
(𝑡) toward the global best 𝐺(𝑡).

This two-particle information exchange mechanism resembles electromagnetism,
where each particle acts as a point charge—better (lower) function values cor-
respond to higher charge and stronger attraction. A particle’s next search
direction is the “resultant force”from other particles, improving performance
and achieving parameter-free operation.

3.2 Algorithm Description
a) Initialize population with size POP = 3𝑛+1, mutation coefficient 𝐶𝑟 = 0.1,

and set 𝑡 = 0.

b) Sorting: Calculate fitness values 𝑓𝑖(𝑡) and sort particles by fitness ascend-
ing.

c) Simplex search: Use the best 𝑛 + 1 particles as simplex vertices, execute
NM algorithm to improve the worst vertex.

d) Particle swarm optimization: For the remaining 2𝑛 particles forming pop-
ulation 𝑃(𝑡), each particle 𝑋𝑖(𝑡) ∈ 𝑃(𝑡):

• (a) Calculate candidate particle 𝑇𝑖(𝑡) using equation (4) and update
via equation (3).

• (b) Boundary check: For any component 𝑗, if 𝑇𝑖𝑗(𝑡) < 𝐿𝐵, set
𝑇𝑖𝑗(𝑡) = 𝐿𝐵; if 𝑇𝑖𝑗(𝑡) > 𝑈𝐵, set 𝑇𝑖𝑗(𝑡) = 𝑈𝐵.
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• (c) Greedy selection: If 𝑓(𝑇𝑖(𝑡)) < 𝑓(𝑋𝑖(𝑡)), set 𝑋𝑖(𝑡 + 1) = 𝑇𝑖(𝑡);
otherwise 𝑋𝑖(𝑡 + 1) = 𝑋𝑖(𝑡).

• (d) Mutation: For any component 𝑗, if rand > 𝐶𝑟, set 𝑋𝑖𝑗(𝑡 + 1) =
𝑋𝑖𝑗(𝑡).

e) If termination conditions are met, stop; otherwise set 𝑡 = 𝑡 + 1 and return
to step b).

To increase population diversity and avoid premature convergence, NM algo-
rithm executes only one iteration in step c, and mutation is added in step d.

4.1 Control Algorithm Introduction
This section compares numerical experimental results of five algorithms includ-
ing the proposed NM-PSO. The four control algorithms are:

1) Degressive Inertia Weight PSO (DPSO): In standard PSO, inertia
weight 𝑤 dominates velocity updates. Larger 𝑤 values produce longer“step
sizes”beneficial for global search, while smaller 𝑤 enhances local search
precision. A decreasing 𝑤 with iterations strengthens global search early
and local search later, improving overall performance. The decreasing
formula is:

𝑤 = 𝑤𝑚𝑎𝑥 − (𝑤𝑚𝑎𝑥 − 𝑤𝑚𝑖𝑛) × 𝑖𝑡𝑒𝑟
𝑚𝑎𝑥𝑖𝑡𝑒𝑟

where 𝑤𝑚𝑎𝑥 and 𝑤𝑚𝑖𝑛 are set to 1.4 and 0 respectively as recommended
by Shi et al. Other steps remain consistent with standard PSO.

2) Random Inertia Weight PSO (RPSO): This modifies PSO by using
a uniformly distributed random inertia weight 𝑤 = rand(0.5, 1). This sim-
ple adaptive mechanism serves as a baseline to demonstrate performance
improvements from more sophisticated adaptive mechanisms in NM-PSO.

3) Hybrid Simplex PSO (HSPSO): In each iteration, HSPSO updates
the best 𝑁 + 1 particles using simplex search and improves the remaining
2𝑁 particles using PSO. Simplex search executes only one iteration be-
fore replacing the worst vertex, reducing computational complexity while
maintaining performance.

4) Simplex Method PSO (SMPSO): After random initialization,
SMPSO preprocesses initial values using simplex search before PSO
iterations. If processed initial values are near the global optimum, PSO
converges quickly. Even if trapped in local optima, PSO can escape with
high probability. This leverages both algorithms’strengths effectively.

4.2 Numerical Experiment Data
Five algorithms were independently tested 50 times on 10 30-dimensional test
functions (see appendix). Results are shown in Tables 1-4 and Figures 6-15.
Algorithm parameters are:
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1) DPSO: POP = 3 × 30 + 1, 𝑐1 = 𝑐2 = 1.494, 𝑤𝑚𝑎𝑥 = 1.4, 𝑤𝑚𝑖𝑛 = 0
2) RPSO: POP = 3 × 30 + 1, 𝑐1 = 𝑐2 = 1.494, 𝑤 = rand(0.5, 1)
3) HSPSO: POP = 3×30+1, 𝑐1 = 0.6, 𝑐2 = 1.6, 𝑤 = rand(0.5, 1), mutation

coefficient 𝜆 = 0.85, reflection coefficient 𝑟 = 1.75, expansion coefficient
𝑒 = 2.75, contraction coefficient 𝑐 = 0.75

4) SMPSO: POP = 3 × 30 + 1, 𝑐1 = 1.5, 𝑐2 = 2.5, 𝑤 = rand(0.5, 1)
Tables 1-3 record best, worst, and mean solution errors versus theoretical optima
across 50 runs. Table 4 records solution variance. Figures 6-15 show mean values
versus evaluation counts (logarithmic y-axis for clarity).

4.3.1 Table Data Analysis
Table 4 shows NM-PSO achieves significantly lower variance than other algo-
rithms, except slightly higher than DPSO on Sphere, indicating superior sta-
bility. Table 3 demonstrates NM-PSO leads in mean error for most functions,
often by multiple orders of magnitude, except on Rosenbrock where performance
is comparable. Tables 1-2 reveal NM-PSO produces the best solutions on Ras-
trigin, Styblinski-Tang, Exponential, and Schwefel 2.22. For worst-case solu-
tions across 8 functions, NM-PSO leads, particularly by 1+ orders on Rastrigin,
Styblinski-Tang, Levy, Exponential, Zakharov, and Schwefel 2.22 (9 orders on
Levy), demonstrating strong local optima escape capability. Overall, NM-PSO
performs best on most test functions, never being completely disadvantaged
even when not optimal.

4.3.2 Chart Data Analysis
For Rastrigin, Styblinski-Tang, and Levy, NM-PSO shows overwhelming advan-
tage in average solution precision. After approximately 20,000-40,000 function
evaluations, the other four algorithms become trapped in local optima with min-
imal subsequent improvement, while NM-PSO achieves final values 2-4 orders of
magnitude better. For Ackley, Griewank, Exponential, Zakharov, and Schwefel
2.22, NM-PSO demonstrates superior convergence speed (faster y-axis descent).
Only HSPSO matches NM-PSO briefly on Griewank early on; NM-PSO consis-
tently achieves best results. For Sphere, three simplex-based PSO algorithms
outperform RPSO but trail DPSO, possibly due to hybrid structure character-
istics. On Rosenbrock, all five algorithms fail to reach global optimum (errors
around 102). Comparing simplex-based algorithms on Ackley, all three out-
perform traditional PSO in final results and convergence speed, with NM-PSO
being optimal. For Rastrigin, Griewank, Levy, Exponential, and Zakharov, at
least two simplex-based algorithms outperform traditional methods, confirming
simplex search benefits, with NM-PSO being the best among them.

In conclusion, NM-PSO demonstrates high solution precision and superior per-
formance on most test functions.
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5 Conclusion
To improve PSO performance, this paper designed a PSO iteration method
inspired by electromagnetism-like mechanisms and used simplex search to accel-
erate convergence. Numerical experiments show the parameter-free NM-PSO
effectively balances local search and global exploration. The original intention
was to leverage mature theories from traditional optimization to guide evolu-
tionary algorithm design. Future work will focus on designing better and more
concise algorithm fusion methods.
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Appendix: Test Functions
Table 5 Information of 10 Test Functions

Function Dimension Range Optimum
Ackley 30 [-32, 32] 0
Sphere 30 [-100, 100] 0
Rosenbrock 30 [-30, 30] 0
Rastrigin 30 [-5.12, 5.12] 0
Griewank 30 [-600, 600] 0
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Function Dimension Range Optimum
Styblinski-tang 30 [-5, 5] -39.166
Exponential 30 [-10, 10] -1
Zakharov 30 [-1, 1] 0
Schwefel 2.22 30 [-5, 10] 0

Table 6 Test Functions

• Ackley: 𝑓(𝑥) = −20 exp (−0.2√ 1
𝑛 ∑𝑛

𝑖=1 𝑥2
𝑖 ) − exp ( 1

𝑛 ∑𝑛
𝑖=1 cos(2𝜋𝑥𝑖)) +

20 + 𝑒
• Sphere: 𝑓(𝑥) = ∑𝑛

𝑖=1 𝑥2
𝑖

• Rosenbrock: 𝑓(𝑥) = ∑𝑛−1
𝑖=1 [100(𝑥𝑖+1 − 𝑥2

𝑖 )2 + (𝑥𝑖 − 1)2]
• Rastrigin: 𝑓(𝑥) = ∑𝑛

𝑖=1 [𝑥2
𝑖 − 10 cos(2𝜋𝑥𝑖) + 10]

• Griewank: 𝑓(𝑥) = 1
4000 ∑𝑛

𝑖=1 𝑥2
𝑖 − ∏𝑛

𝑖=1 cos ( 𝑥𝑖√
𝑖 ) + 1

• Styblinski-tang: 𝑓(𝑥) = 1
2 ∑𝑛

𝑖=1 (𝑥4
𝑖 − 16𝑥2

𝑖 + 5𝑥𝑖)
• Exponential: 𝑓(𝑥) = − exp (−0.5 ∑𝑛

𝑖=1 𝑥2
𝑖 )

• Zakharov: 𝑓(𝑥) = ∑𝑛
𝑖=1 𝑥2

𝑖 + (∑𝑛
𝑖=1 0.5𝑖𝑥𝑖)

2 + (∑𝑛
𝑖=1 0.5𝑖𝑥𝑖)

4

• Schwefel 2.22: 𝑓(𝑥) = ∑𝑛
𝑖=1 |𝑥𝑖| + ∏𝑛

𝑖=1 |𝑥𝑖|
Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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