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Abstract
Feature selection techniques play a significant role in big data analytics, image
processing, bioinformatics, and other domains. In practical applications, reduc-
ing classification error rate and decreasing the number of extracted features to
facilitate subsequent data utilization are often two conflicting objectives. The
crowding, mutation, and dominance particle swarm optimization for feature
selection (CMDPSOFS) algorithm is a bi-objective optimization algorithm for
feature selection applications that aims to minimize both the number of features
and the classification error rate. It employs three different mutation mechanisms
to maintain population diversity and balance global and local search capabili-
ties; however, the uniform mutation significantly increases the algorithm’s ran-
domness, generates numerous solutions with poor fitness values, and reduces
the convergence speed. The improved CMDPSOFS-II algorithm introduces the
mutation operator and selection operation from the differential evolution al-
gorithm into the CMDPSOFS algorithm. Experimental results demonstrate
that the CMDPSOFS-II algorithm achieves superior results in feature selection
compared to the original method and better balances global and local search
capabilities.
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Abstract: Feature selection technology plays a crucial role in big data analy-
sis, image processing, bioinformatics, and other fields. In practical applications,
reducing classification error rate and minimizing the number of extracted fea-
tures for subsequent data utilization often represent two conflicting objectives.
The multi-objective particle swarm optimization algorithm based on crowding,
mutation, and dominance for feature selection (CMDPSOFS) is a bi-objective
optimization algorithm designed for feature selection applications that aims to
minimize both the number of features and the classification error rate. CMDP-
SOFS employs three different mutation mechanisms to maintain population
diversity and balance global and local search capabilities. However, the uniform
mutation significantly increases algorithmic randomness, generating numerous
solutions with poor fitness values and reducing convergence speed. This paper
proposes an improved CMDPSOFS-II algorithm that introduces the mutation
operator and selection operation from differential evolution into CMDPSOFS.
Experimental results demonstrate that CMDPSOFS-II achieves superior results
in feature selection compared to the original method, providing better balance
between global and local search capabilities.

Keywords: feature selection; particle swarm optimization; mutation; differen-
tial evolution

0 Introduction
Classification, as a crucial step in machine learning and data mining, assigns
each instance to different categories based on features in the dataset [1]. For
classification, irrelevant and redundant features are clearly meaningless and may
even degrade classification performance due to the expanded search space. Fea-
ture selection addresses this by extracting representative features from the data,
which is a common approach to reduce classifier training time and improve
classification capability [2].

Feature selection technology holds significant importance in big data analysis
[3], image processing [4], and bioinformatics [5]. As the number of features in
a dataset increases, the search space grows exponentially, making exhaustive
search impossible in most cases. To address this challenge, numerous search
methods have been applied to feature selection. For instance, Wang et al. [6]
proposed a novel bacterial algorithm for feature selection, Belciug et al. [7] intro-
duced a regression-based feature selection algorithm, Duan et al. [8] developed
a multi-label classification feature selection algorithm based on neighborhood
rough sets, and Xie et al. [9] presented a feature selection algorithm combining
DFS and SVM.
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Particle swarm optimization (PSO), as a robust and highly applicable swarm
intelligence method, has also been applied to feature selection. Naeini et al. [4]
utilized PSO for feature selection in high spatial resolution satellite image clas-
sification, achieving higher recognition rates with selected feature combinations.
Zhang et al. [10] proposed a swarm intelligence-based algorithm for feature se-
lection in acoustic defect detection. In practical applications, beyond the single
objective of reducing classification error rate, it is often necessary to simulta-
neously minimize the number of extracted features to reduce the total cost of
obtaining required feature values. These requirements frequently conflict with
the objective of reducing classification error rate.

Multi-objective optimization techniques offer an effective means to solve mul-
tiple conflicting objectives. Zhang et al. [11] proposed a multi-objective PSO
algorithm for cost-based feature selection, optimizing both classification capa-
bility and feature cost. Xue et al. [12] formulated minimizing the number of
extracted features and classification error rate as two objectives for feature se-
lection, proposing two multi-objective PSO algorithms: non-dominated sorting
PSO for feature selection (NSPSOFS) and crowding, mutation, and dominance
PSO for feature selection (CMDPSOFS). The key distinction between these al-
gorithms lies in CMDPSOFS maintaining inheritance of particle local optima
during iterations, aligning more closely with PSO principles rather than us-
ing sorting that makes new particles nearly unrelated to previous generations.
Tests also demonstrated that CMDPSOFS generally obtains better solutions
than NSPSOFS. However, the uniform mutation in CMDPSOFS significantly
increases algorithmic randomness, generating many solutions with poor fitness
values and reducing convergence speed.

This paper proposes an improved CMDPSOFS-II algorithm that integrates the
mutation and selection operations from differential evolution [13] into CMDP-
SOFS, replacing uniform mutation for generating new particles and incorporat-
ing differential evolution’s selection operation. By introducing differential evo-
lution’s mutation and selection mechanisms, the algorithm can adaptively select
mutation step sizes based on vector differences during iterations, maintaining
population diversity while improving mutation efficiency. Through comparative
testing on a series of feature selection problems, experimental results show that
the improved CMDPSOFS-II algorithm achieves superior results compared to
the original method, providing better balance between global and local search
capabilities.

1 Background
1.1 Particle Swarm Optimization Algorithm

The particle swarm optimization algorithm was first proposed by Kennedy et
al. [14]. The algorithm initializes a swarm of random particles (random solu-
tions), with each particle possessing its own velocity and position. The entire
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particle swarm then undergoes iterative updates, where each particle updates
itself based on its personal best solution (pbest) and the global best solution
(gbest). Let 𝑣𝑖,𝑗 and 𝑥𝑖,𝑗 denote the velocity and position of particle 𝑖 in di-
mension 𝑗, respectively. The velocity and position update formulas are given
by:

𝑣𝑖,𝑗 = 𝜔𝑣𝑖,𝑗 + 𝑐1𝑟1(𝑝𝑖,𝑗 − 𝑥𝑖,𝑗) + 𝑐2𝑟2(𝑔𝑖,𝑗 − 𝑥𝑖,𝑗) (1)
𝑥𝑖,𝑗 = 𝑥𝑖,𝑗 + 𝑣𝑖,𝑗 (2)

where 𝜔 is the inertia weight controlling the influence of previous evolution
results on the current evolution; 𝑐1 and 𝑐2 are acceleration coefficients measuring
the guidance degree of the particle’s historical optimum on its evolution; 𝑟1
and 𝑟2 are random numbers in [0, 1]; 𝑝𝑖,𝑗 and 𝑔𝑖,𝑗 represent the personal best
solution (pbest) and global best solution (gbest) of particle 𝑖 in dimension 𝑗,
respectively. The velocity 𝑣𝑖,𝑗 is limited by a preset maximum velocity 𝑣max,
with 𝑣𝑖,𝑗 ∈ [−𝑣max, 𝑣max]. The algorithm terminates when preset results are
achieved or the maximum iteration count is reached.

1.2 Multi-Objective Optimization

When selecting an optimal solution requires balancing two or more objectives
that have contradictory relationships, the problem is termed a multi-objective
optimization problem. Multi-objective optimization problems include maximiza-
tion and minimization problems. A multi-objective minimization problem can
be expressed as:

min 𝐹(𝑥) = (𝑓1(𝑥), 𝑓2(𝑥), … , 𝑓𝑘(𝑥))

where 𝑥 is the decision vector, 𝑓𝑖(𝑥) is the objective function regarding 𝑥, and
𝑘 is the number of objectives to be optimized.

Decision vector 𝑢 is said to dominate 𝑣 when the following two conditions are
satisfied:

∀𝑖 ∈ {1, 2, 3, … , 𝑘} ∶ 𝑓𝑖(𝑢) ≤ 𝑓𝑖(𝑣) and ∃𝑗 ∈ {1, 2, 3, … , 𝑘} ∶ 𝑓𝑗(𝑢) < 𝑓𝑗(𝑣)

As shown in the bi-objective minimization problem in [Figure 1: see original
paper], 𝑥1 dominates both 𝑥2 and 𝑥3, while 𝑥2 and 𝑥3 do not dominate each
other. When a solution is not dominated by any other solution, it is called a
Pareto-optimal solution. The surface formed by all Pareto-optimal solutions
in the search space is called the Pareto front. The solid points in Figure 1
represent solutions on the Pareto front, which are mutually non-dominated and
not dominated by any other solutions.
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2 Problem Definition and Existing Algorithms
2.1 Problem Definition

Feature selection is the process of selecting an optimal set of features from a
dataset with a certain number of features. However, due to complex relation-
ships among features, the enormous number of possible feature combinations
makes it impossible to evaluate every combination. Therefore, feasible algo-
rithms are required for optimization. The difficulty of feature selection lies
in feature combinations: a relevant feature may become redundant when com-
bined with others, while an irrelevant or redundant feature may become rele-
vant when combined with different features. An ideal feature subset should be
a complementary set that correctly classifies different instances when features
are combined.

Currently, although many feature selection algorithms have been proposed, most
focus solely on reducing classification error rate. While increasing feature count
can reduce classification error, excessive features make classification difficult and
hinder subsequent data analysis. Simultaneously improving acceptable classifi-
cation error rates while reducing feature count represents two conflicting ob-
jectives. Multi-objective optimization techniques can optimize both objectives
simultaneously, yielding a set of multi-objective optimal solutions—the Pareto
front. Through further analysis of these solutions, we can trade off between
feature count and classification error rate to select feature combinations with
relatively fewer features but lower classification error for practical classification
applications.

This paper studies a multi-objective feature selection problem using classifica-
tion error rate 𝑓1 and feature count 𝑓2 as two optimization objectives, defined
as follows:

𝑓1 = 𝐹𝑃 + 𝐹𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹𝑃 + 𝐹𝑁

𝑓2 = |𝑉 |

In equation (10), 𝑃 or 𝑁 represents whether an observed sample (actual sample)
belongs to a certain class, while 𝑇 or 𝐹 represents the prediction result. If the
sample’s observation matches the prediction result, it is 𝑇 ; otherwise, it is 𝐹 .
This equation calculates the classification error rate. Equation (11) corresponds
to the number of elements in the selected feature set 𝑉 .

For this bi-objective feature selection optimization problem, Xue et al. [12] pro-
posed the non-dominated sorting PSO for feature selection (NSPSOFS) algo-
rithm and the crowding, mutation, and dominance PSO for feature selection
(CMDPSOFS) algorithm. The following sections describe these algorithms’im-
plementation, while Section 3 details the proposed improved algorithm.

chinarxiv.org/items/chinaxiv-201811.00162 Machine Translation

https://chinarxiv.org/items/chinaxiv-201811.00162


2.2 NSPSOFS Algorithm

NSPSOFS applies a non-dominated sorting-based multi-objective PSO to fea-
ture selection. The two most important steps are selecting the global best
solution (gbest) and updating the swarm during iterations. In each iteration,
NSPSOFS first evaluates each particle’s fitness values (feature count and classi-
fication error rate), then identifies the non-dominated particle set in the swarm.
It calculates the crowding distance for each non-dominated particle and sorts the
non-dominated particles in descending order of crowding distance. When updat-
ing swarm particles, gbest is randomly selected from non-dominated particles
with the smallest crowding distance, while the personal best solution (pbest) is
a solution that the particle has not been dominated by in each iteration. When
an updated solution dominates a particle’s pbest, the pbest is replaced.

After determining pbest and gbest, particles update their positions and ve-
locities according to equations (1) and (2). Both updated and previous par-
ticles are added to a union set, which is then partitioned into subsets 𝐹 =
(𝐹1, 𝐹2, 𝐹3, … , 𝐹𝑘) based on different non-domination levels, where 𝑘 represents
the maximum number of non-dominated subsets. The swarm is cleared, and
particles are added from subset 𝐹1 onward. If the swarm requires more par-
ticles than the current non-dominated subset contains, the entire current non-
dominated subset is added; otherwise, particles from the current non-dominated
subset are added in descending order of crowding distance until the preset swarm
size 𝑃 is reached.

2.3 CMDPSOFS Algorithm

Due to NSPSOFS’s deficiency in reducing particle diversity and its sorting pro-
cess in each iteration causing pbest records not to be generated from the particle’
s own solutions, Xue et al. [12] further investigated CMDPSOFS, which adds
crowding, mutation, and dominance methods to multi-objective PSO. This al-
gorithm better aligns with PSO principles and maintains inheritance of particle
local optima during iterations.

[Figure 2: see original paper] illustrates the CMDPSOFS algorithm flow, where
𝑁 represents the swarm size. The algorithm uses a LeaderSet to store non-
dominated solutions, with each particle’s gbest selected from particles with
smallest crowding distance in LeaderSet using binary tournament selection.
Non-dominated particles in each generation update LeaderSet and are added
to the Archive set. The algorithm iterates until stopping conditions are met.

CMDPSOFS employs mutation operations to increase population diversity. In
the mutation step, swarm particles are randomly divided into three equal groups:
- Group a: No mutation is performed - Group b: Uses uniform mutation with
mutation probability equal to the reciprocal of total feature count, obtaining
mutation vectors through random values within the vector’s domain - Group
c: Uses non-uniform mutation with the same probability as Group b. As iter-
ation count increases, the mutation value range shrinks, making this mutation
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approach highly localized in later stages

3 CMDPSOFS-II Algorithm Based on Differential Evolu-
tion Improvement
3.1 Improvements to CMDPSOFS

The proposed CMDPSOFS-II algorithm combines CMDPSO with differential
evolution’s mutation and selection mechanisms for feature selection. Building
upon CMDPSOFS’s mutation step, the uniform mutation operator is replaced
with differential evolution’s mutation operator, and differential evolution’s
selection step is added. The specific process is shown in [Figure 3: see original
paper].

When CMDPSOFS-II uses the differential mutation operator for particle muta-
tion, if a mutated value exceeds the variable’s preset range [𝑙𝑘, 𝑢𝑘], there is a
50% probability of taking the middle value of the preset range, i.e., (𝑙𝑘 + 𝑢𝑘)/2,
or a 50% probability of taking the pre-mutation value. Since parent individuals
are randomly selected for differential recombination, the algorithm’s mutated
particles only use difference vectors from two random particles in the parent
population for correction, maintaining population diversity and improving mu-
tation operation efficiency.

The differential mutation process in CMDPSOFS-II also incorporates a selection
operation: when the mutated particle’s fitness value is better than the parent’
s fitness value, the mutated particle is selected; otherwise, the parent particle is
retained. This operation accelerates algorithm convergence speed.

3.2 CMDPSOFS-II Algorithm Flow

Step 1: Initialize the swarm, LeaderSet, and Archive. Calculate crowding
distances for particles in LeaderSet, and randomly divide swarm particles into
three equal groups.

Step 2: Iterate for the preset number of iterations: - 2.1) For each particle in
the swarm: - Select the particle’s gbest from LeaderSet using binary tournament
based on crowding distance - Update particle velocity and position - Execute
mutation operation: 1. Particles in Group 1 undergo no operation 2. Particles
in Group 2 undergo the proposed differential mutation. Evaluate the mutated
particle’s fitness; if it dominates the current particle, replace the current particle
with the mutated one 3. Particles in Group 3 undergo non-uniform mutation
- Calculate each particle’s fitness value and update its pbest - 2.2) Identify
non-dominated particles in the swarm and use them to update LeaderSet - 2.3)
Save particles from LeaderSet to Archive - 2.4) Calculate crowding distance for
each particle in LeaderSet
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Step 3: Calculate fitness values (feature count and classification error rate) for
each particle in Archive and return the results.

The algorithm’s inertia weight 𝜔 and acceleration coefficients 𝑐1 and 𝑐2 are set
the same as in CMDPSOFS, with mutation rate at 1/𝑛 where 𝑛 is the problem
dimension (i.e., feature count). The mutation factor 𝐾 in differential mutation
is set to 0.5.

4 Experimental Results
4.1 Datasets and Parameter Settings

This study selected datasets from the UCI Machine Learning Repository [18]
as shown in . Each dataset was divided into training and test sets, compris-
ing 70% and 30% of total instances, respectively. The experiments compared
the proposed CMDPSOFS-II with NSPSOFS [12] and CMDPSOFS [12]. All
algorithms used support vector machines for classification training and testing,
employing Chih-Chung’s LIBSVM [19] software on a Java platform.

Following literature [12], the test parameters were set as: 𝑣max = 0.6, population
size 𝑁 = 30, maximum iterations 𝑇 = 500, and 𝜃 = 0.6 for determining feature
selection. In NSPSOFS, inertia weight 𝜔 = 0.7298 and acceleration coefficients
𝑐1 = 𝑐2 = 1.49618. In CMDPSOFS and CMDPSOFS-II, inertia weight 𝜔 is
a random number in [0.1, 0.5], acceleration coefficients 𝑐1 and 𝑐2 are random
numbers in [1.5, 2.0], and mutation rate is set to 1/𝑛. All algorithms were
independently run 30 times in tests.

shows the dataset characteristics, including total features and classification error
rates when using all features.

4.2 Experimental Results

Comparing CMDPSOFS-II, NSPSOFS, and CMDPSOFS, [Figure 4: see
original paper] presents the Pareto fronts corresponding to the optimal non-
dominated solution sets of the three algorithms. The curves represent the best
non-dominated results obtained from 30 independent runs of CMDPSOFS,
NSPSOFS, and CMDPSOFS-II on each dataset. Subtitles indicate dataset
names with data in parentheses showing total feature count and classification
error rate when using all features. Using all features may degrade training
accuracy due to irrelevant features, so algorithm-optimized solutions may
achieve lower classification error rates than using all features.

Analysis of NSPSOFS results: Except for Ionosphere, NSPSOFS achieved
classification error rates better than using all features across all other datasets,
with feature counts smaller than total features. Notably, on the WBCD dataset,
only 10% of features (3 out of 30) were needed to achieve lower classification
error than using all features. On Vehicle, only 11% of features (2 out of 18)
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were selected with error rates below the overall classification error. Across tested
datasets, NSPSOFS reduced feature count to an average of 20% of total features.

Analysis of CMDPSOFS results: CMDPSOFS obtained at least one fea-
ture subset with classification error rate lower than using all features in every
dataset test. CMDPSOFS reduced the average feature count to 22% of total
features. On datasets WBCD and Australian, CMDPSOFS selected only 7% of
total features (2 out of 30 on WBCD, 1 out of 14 on Australian) while achieving
classification error rates lower than using all features. In most solution sets,
CMDPSOFS obtained more and more uniformly distributed non-dominated so-
lutions compared to NSPSOFS, and achieved lower classification error rates for
the same feature count, indicating superior feature quality.

Analysis of CMDPSOFS-II results: CMDPSOFS-II also obtained at least
one feature subset with classification error rate lower than using all features
in every dataset test. CMDPSOFS-II reduced average feature count to 14% of
total features. On dataset Vehicle, it selected only 6% of total features (1 out
of 18), and on WBCD, 7% (2 out of 30), while maintaining classification error
rates below those achieved using all features.

lists the minimum feature numbers with error rates lower than using all fea-
tures for the three algorithms, with classification error rates in parentheses.
CMDPSOFS-II achieves lower feature counts in most cases. When feature
counts are equal, CMDPSOFS-II selects feature combinations with lower er-
ror rates, particularly on Hill-Valley where both feature count and error rate
are lower than NSPSOFS and CMDPSOFS.

Comparing CMDPSOFS-II with NSPSOFS and CMDPSOFS, CMDPSOFS
demonstrates clear advantages over NSPSOFS in solution diversity, feature
count, and classification error rate optimization. In all cases, CMDPSOFS-II
outperforms NSPSOFS in optimizing both feature count and classification
performance. For example, on the German dataset with equal feature counts,
CMDPSOFS-II achieves lower classification error rates. Except for Ionosphere
and Australian where CMDPSOFS slightly outperforms CMDPSOFS-II on a
few solutions, CMDPSOFS-II’s non-dominated solution sets are superior to
CMDPSOFS in all other tests. CMDPSOFS-II not only inherits CMDPSOFS’
s population diversity but also enhances optimization capability for feature
count and classification performance.

5 Conclusion
CMDPSOFS-II is an optimization algorithm based on differential evolution oper-
ations, proposed for feature selection applications of CMDPSOFS. By introduc-
ing differential evolution’s mutation and selection mechanisms into a portion
of swarm particles, CMDPSOFS-II inherits CMDPSOFS’s particle diversity
while suppressing algorithmic randomness to some extent, improving mutation
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effectiveness and accelerating CMDPSOFS’s convergence speed.
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