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Abstract

The application of intelligent optimization algorithms in feature selection has be-

come an important research direction in the fields of machine learning and data

mining. Feature selection aims to identify the subset of features that contribute

most to model performance from high-dimensional data, in order to reduce

computational complexity, eliminate redundant information, and improve model

generalization. Intelligent optimization algorithms, by simulating the optimiza-

tion mechanisms in nature, can efficiently explore the global optimal solution

in complex search spaces. These algorithms typically combine the objective

function to dynamically evaluate the quality of feature subsets and gradually

approach the optimal feature combination through iterative optimization. The

population initialization of the Black-winged Kite Optimization Algorithm is

improved using the Tent chaotic map, and the migration and predation position

updates of the Black-winged Kite are carried out through Levy flights. Addition-

ally, the Golden Sine Algorithm strategy can also be used to obtain the optimal

solution for the Black-winged Kite position update. Experiments show that

the improved Black-winged Kite Optimization Algorithm demonstrates strong

robustness and adaptability in feature selection tasks, making it particularly

suitable for large-scale, high-dimensional, and nonlinear data scenarios.
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1 | INTRODUCTION

The application of intelligent optimization algorithms in feature selection has become an important research direction in the

fields of machine learning and data mining[1, 2, 3, 4, 5, 6]. Feature selection aims to identify the subset of features that contribute

most to model performance from high-dimensional data, in order to reduce computational complexity, decrease redundant

information, and improve model generalization ability. Intelligent optimization algorithms, by simulating natural optimization

mechanisms, can efficiently explore the global optimum in complex search spaces.
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The Black-Winged Kite Optimization Algorithm (BKA) is a swarm intelligence optimization algorithm proposed by Wang et

al. in 2024[7]. It is inspired by the attacking and migratory behaviors of black-winged kites in nature. The algorithm combines the

Cauchy mutation strategy with the leader strategy to enhance convergence speed. However, it also faces issues such as weak global

search ability, tendency to get trapped in local optima, and imbalance between global exploration and local exploitation. ZHAO H

et al. improved the migration strategy based on the BKA algorithm[8]. MA H et al. further improved BKA by integrating multiple

enhancement strategies, including a nonlinear convergence factor and adaptive t-distribution, which improve the algorithm’s

solution quality for optimization problems[9]. ZHAO M et al. used Tent chaotic mapping and nonlinear convergence factors to

increase the optimization accuracy of the algorithm[10].

To further enhance the optimization capability of the Black-winged Kite Optimization Algorithm, this paper proposes a

multi-improved Black-winged Kite Optimization Algorithm. The Levy flight strategy is introduced in the attack behavior phase

to improve the global search ability of the algorithm, thereby reducing the likelihood of the algorithm getting trapped in local

optima[11, 12]. These algorithms typically evaluate the quality of feature subsets dynamically based on the objective function

and gradually approach the optimal feature combination through iterative optimization. Experiments demonstrate that intelligent

optimization algorithms show strong robustness and adaptability in feature selection tasks, making them particularly suitable for

large-scale, high-dimensional, and nonlinear data scenarios.

2 | RESEARCH CONTENT

2.1 | Black-winged Kite Optimization Algorithm

The Black-Winged Kite Optimization Algorithm primarily simulates the hunting and migration behaviors of the black-winged

kite. The hunting behavior can be regarded as the process of searching for the optimal solution within a specific range, with

the prey corresponding to the global optimal solution of the algorithm. The migration behavior corresponds to the algorithm

exploring a larger area to avoid getting stuck in local optimal solutions and to find new potential solution regions. Population

Initialization: First, generate a matrix and randomly assign the positions of each black-winged kite, using the following formula to

evenly distribute their initial positions:

Xi = BKlb + rand(BKlb −BKlb) (1)

Here, i is an integer between 1 and the number of individuals in the population, BKub and BKlb are respectively the upper and

lower limits of the black-winged kite,rand is an arbitrary value randomly generated from [0,1].

During initialization, the individual with the highest fitness is considered as the leader XL of the initial population, that is, the

optimal position of the black-winged kite,The calculation formula for XL:

fbest = min( f (Xi)) (2)

XL = X (find( fbest = f (Xi))) (3)

fbest is the best fitness value in the population, here taking the minimum value as an example.

Attack behavior: The black-winged kite is a predator of small mammals and insects on the grasslands. During flight, it adjusts

the angles of its wings and tail according to wind speed, quietly hovers to observe prey, and then swiftly dives to attack, exhibiting

two states: hovering in the air and swooping toward the prey. The position update is as follows:

y j, j
t+1 =

y j, j
t +n(1+ sin(r))× yi, j

t ,p < r

y j, j
t +n× (2r−1)× y j, j

t ,else
(4)

y j, j
t+1 and y j, j

t represent the positions of the i black-winged kite in the j dimension at the t and (t+1) iteration steps, respectively.
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r is a random number in the range of 0 to 1, p is a constant value usually taken as 0.9, and n is a nonlinear factor.

n = 0.05× e−2×( t
T )

2

(5)

t is the number of iterations completed so far, and T is the total number of iterations.

Migration behavior: Migration behavior is led by a leader. If the fitness value of the current population is less than that of a

random population, the leader will give up leadership and join the migrating population. In this case, the leader abandons the

leadership of the population. Conversely, if the fitness value of the current population is greater than that of the random population,

the leader continues to lead the population to the destination. The specific formula is:

yi, j
t+1 =


yi, j

t +C(0,1)×
(

y j, j
t −L j

t

)
,Fi < Fri

y j, j
t +C(0,1)×

(
L j

t −m× y j, j
t

)
,else

(6)

m = 2× sin(r+π/2) (7)

Here, L j
t represents the optimal position of the black-winged kite in the j dimension up to the t iteration. Fi is the current

position (fitness value) obtained by the black-winged kite at the t iteration. Fri is the exact fitness value at a random position

during the t iteration.

The one-dimensional Cauchy distribution is a continuous probability distribution with two parameters. The following equation

is the probability density function of the one-dimensional Cauchy distribution:

f (x,δ ,µ) =
1
π

δ

δ 2 +(x−µ)2 , −∞ < x < ∞ (8)

When δ = 1, µ = 0, it becomes the probability density formula in standard form. The formula is as follows:

f (x,δ ,µ) =
1
π

1
x2 +1

, −∞ < x < ∞ (9)

2.2 | Improving the Black Wing Kite Optimization Algorithm

The Black-winged Kite Optimization Algorithm primarily updates formulas based on two components: position updating and

weight adjustment.

X t+1
i = X t

i +W ·V t
i (10)

Where X t
i is the position of individual i in generation t. W is the inertia weight, used to control the current position and speed.

V t
i velocity vector is defined as a combination of target attraction and disturbance updates.

The basic update rule for the velocity vector is:

V t
i = c1 · r1 ·

(
Xbest −X t

i
)
+ c2 · r2 ·

(
Xrandom −X t

i
)

(11)

Where Xbest is the position of the global optimal individual. Xrandom represents the random individual positions in the

population. c1 and c2 are weighting factors used to balance optimal attraction and random disturbance. r1 and r2 are random

numbers with a uniform distribution, used to introduce randomness.

The core of introducing dynamic adjustment lies in the adaptive variation of inertia weight and weighting factors. The

following provides the improved formula derivation:

(1) Adaptive adjustment of inertia weight: The inertia weight controls the population’s global exploration and local exploitation

capabilities, and can be dynamically adjusted through linear or nonlinear decay functions:

W (t) =Wmax −
t
T
· (Wmax −Wmin) (12)
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Among them: Wmax and Wmin are the maximum and minimum values of the inertia weight. t is the current number of iterations.

T is the maximum number of iterations.Usually Wmax = 0.9, Wmin = 0.4.

Nonlinear adaptive adjustments, to more flexibly control W , can introduce a nonlinear function:

W (t) =Wmin +(Wmax −Wmin) · exp
(
−β · t

T

)
(13)

Where β controls the decay rate, usually taken as β ∈ [2,5].

(2) Adaptive adjustment of weighting factors: In the early stages of optimization, it is necessary to enhance global search

capabilities, while in the later stages of optimization, more focus is placed on local exploitation. The dynamic adjustment

rules are as follows:

c1(t) = c1,min +
t
T
·
(
c1,max − c1,min

)
(14)

c2(t) = c2,max −
t
T
·
(
c2,max − c2,min

)
(15)

Here, c1,min, c2,min, c1,max, c2,max is the threshold value of the weight factor.

2.3 | Population initialization based on Tent chaotic map

A chaotic map is a mapping method that can exhibit complex, nonlinear behavior, characterized by sensitivity to initial

conditions and unpredictability. Among them, the Tent chaotic map stands out for its simple form and excellent chaotic

performance. Its advantage lies in its ability to generate uniformly distributed chaotic sequences, enhancing the algorithm’s global

search capability.

Using the Tent chaotic map to optimize the initial population can improve the population diversity of the algorithm and

overcome the drawback of getting stuck in local optima. As shown in the formula, it is generated through the Bernoulli

transformation:

Xn+1 =

2xn 0 ≤ xn ≤ 0.5

2(1− xn) 0.5 ≤ xn ≤ 1
(16)

Xn+1 = (2xn)mod1 (17)

2.4 | Local search position update mechanism based on Levy flight

The Levy flight strategy can enhance the algorithm’s flexibility and diversity in exploring the search space by adjusting the

randomness of step size and direction. Therefore, the Levy flight strategy is introduced, defined as:

Levy : u = t−λ ,1 < λ ≤ 3 (18)

The specific formula for Levy flight path is s = µ/ | ν |1/β .

σµ =

[
Γ(1+β ) · sin(π ×β/2)

Γ(1+β )/2] ·β/2(1+β )/2

]1/β

(19)

After obtaining the Levy flight path Levy(λ ), by replacing the random number r used for individual position updates in the

local search of the original algorithm with Levy(λ ), the improved position update formula can be obtained:

xt+1
i = ω · xt

i +
(

Levy(λ )2 · xt
j − xt

k

)
· fi (20)
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2.5 | Golden Sine Algorithm Strategy

The Golden Sine Algorithm (Gold-SA) is a new meta-heuristic optimization algorithm proposed in 2017. The design of this

algorithm is inspired by the sine function in mathematics, simulating the spatial search process of solutions to the optimization

problem through the scanning of the sine function within the unit circle. At the same time, the golden sine algorithm also

introduces the principle of the golden ratio, using the golden ratio coefficient to reduce the search space, making the search

process more efficient and precise. The main process of the golden sine algorithm includes initializing the search range interval,

calculating the function values at the two golden section points, and determining the step size and search direction for the next

iteration based on the principle of the sine function. During the iterative process, the algorithm divides the search interval into two

parts based on the golden ratio principle and selects the more favorable interval for the next round of search. In this way, the

golden section algorithm can gradually approach the optimal solution of the problem. The main process of the Gold-SA algorithm

is the update process of its solutions. First, the positions of n individuals are randomly generated, assuming that each solution to

the optimization problem corresponds to the position of an individual in the search space, and xt
i represents the solution vector of

the i-th individual in the individual space.

xt
i =

(
xi,1,xi,2, . . . ,xi,D

)
(i = 1,2, . . . ,n; t = 1,2, . . . , tmax) (21)

xt+1
i = xt

i · |sin(r1)|+ r2 · sin(r1) ·
∣∣θ1 ·g∗−θ2 · xt

i
∣∣ · fi (22)

In the formula: r1 and r2 are random numbers, and r1 determines the distance an individual moves in the next iteration of the

algorithm, r1 ∈ [0,2π]. r2 determines the direction of position updates in the next iteration, r2 ∈ [0,π]. θ1 and θ2 are coefficients

obtained from the golden ratio, which can reduce the search space and guide individuals towards the optimal value.

3 | EXPERIMENTAL ANALYSIS

This article selects the following 11 test functions to evaluate the performance of the improved Black-winged Kite Optimization

Algorithm, in order to verify the algorithm’s optimization effectiveness. The names of the test functions and the relevant parameters

are shown in Table 1.

To enhance the persuasiveness of the experiment, it is necessary to compare the optimization performance of Particle Swarm

Optimization (PSO), Simulated Annealing (SA), Genetic Algorithm (GA), Differential Evolution Algorithm (DEA), Gradient

Descent (GD), and the improved Black-winged Kite Algorithm (BFO). The population size of all algorithms is 30, and the

maximum number of iterations is 500. To reduce the statistical error of the algorithm’s experimental results, each test function is

run independently 30 times.

From the analysis of Table 2, it can be seen that for F1, F2, F3, F5, F6, F8, and F11, the improved Black-winged Kite

optimization algorithm can find the theoretical optimal values in both unimodal and multimodal test functions, and it also performs

better in the computation of results, outperforming other algorithms. For the discrete function F4 and the unimodal function

F9, although it does not perform better than gradient descent, the improved Black-winged Kite algorithm performs well enough

compared to other algorithms. In 11 test functions, the improved Black-winged Kite algorithm was able to find the optimal

solution, which fully demonstrates the high stability and reliability of the Black-winged Kite algorithm; its various metrics

show advantages over other algorithms, enhancing both global search capability and robustness. This makes the algorithm more

efficient, stable, and flexible when solving complex optimization problems.

4 | CONCLUSION

Whether on unimodal benchmark functions or multimodal benchmark functions, the improved Black-winged Kite exhibits

higher convergence accuracy, converges the fastest, and achieves excellent optimization results. The optimization effect is

also very satisfactory; after improvement, it can converge quickly, indicating that the introduction of the Tent chaotic map



97 J. YANG ET AL. / IJAMCE

TA B L E 1 Benchmark Test Function Information

Type Function Name Test function Dimension

F1:Sphere Function f (x) = ∑
n
i=1 x2

i 30

F5:Rosenbrock f (x) = ∑
n−1
i=1

[
100 ·

(
xi+1 − x2

i
)2

+(xi −1)2
]

30

Unimodal

function

F2:Schwefel’s Problem

2.22

f (x) = ∑
n
i=1 |xi|+∏

n
i=1 |xi| 30

F6:Shifted Sphere Func-

tion

f (x) = ∑
n
i=1 (xi − ci)

2 30

F7:Weighted Sphere

Function with Random

Noise

f (x) = ∑
n
i=1 wi · x2

i + ε 30

F9:Rastrigin f (x) = 10n+∑
n
i=1

[
x2

i −10cos(2πxi)
]

30

Multimodal

function

F8:Schwefel Function f (x) = 418.9829− x · sin(
√

| x |) 30

F10:Ackley Function f (x) =−a ·exp
(
−b ·

√
1
n ∑

n
i=1 x2

i

)
−exp

( 1
n ∑

n
i=1 cos(c · xi)

)
+

a+ exp(1)

30

F11:Griewank f (x) = 1+ 1
4000 ∑

n
i=1 x2

i −∏
n
i=1 cos

(
xi√

i

)
30

Himmelblau f (x,y) =
(
x2 + y−11

)2
+
(
x+ y2 −7

)2 30

F3: Sum of Different

Powers

f (x) = ∑
n
i=1 |xi|i+1 30

Discrete

function

F4: Max Function Max(a1,a2, ...,an) = max(a1,a2, ...,an) 30

makes the population more uniform, gives the population in the algorithm the advantage of initial positioning, increases the

algorithm’s likelihood of searching for high-quality solutions on a global scale, and enhances the algorithm’s solving efficiency

and accuracy. The improved algorithm exhibits significantly higher optimization accuracy than other algorithms and does not

experience stagnation, indicating that the introduction of the Golden Sine Algorithm can compensate for the slow convergence of

the algorithm in the later stages of iteration.
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