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Adaptive Noise-Resilient Dynamic Feature
Extraction for Interval-Valued Data With

Evolving Attributes
Yinliang Liu , Xiaoyan Zhang , Yuhua Qian , Member, IEEE, and Weihua Xu

Abstract—In the context of dynamic feature evolution and in-
trinsic data noise, the pursuit of robust machine learning has led
to develop an adaptive feature selection architecture with both
noise reduction and relationship preservation abilities. However,
research on robust feature selection tailored to monotonic classi-
fication has not been sufficiently investigated. When addressing
multivalued ordered data systems, dominance-based rough set
approaches show potential but require systematic modification.
Practical applications often involve dynamically evolving feature
sets shaped by temporal or situational factors, yet existing method-
ologies lack efficient mechanisms to address such scenarios. In view
of these three issues, this study proposes an interval-valued adaptive
noise cancellation and dynamic feature selection model. The main
contributions of this work are threefold. First, an adaptive k-
nearest neighbor framework for density-driven noise suppression
is established to improve the robustness of feature extraction. Sec-
ond, two key metrics, IDD and IOD, are utilized to systematically
process interval-valued ordered data systems. Third, a dynamic
matrix update strategy is introduced to support both incremen-
tal and decremental attribute updates. Experimental results on
benchmark datasets demonstrate enhanced noise immunity. The
proposed method provides a systematic solution for preserving
feature relevance in evolving data environments with inherent
measurement uncertainties.

Index Terms—Adaptive feature extraction, evolving attributes
handling, interval-valued ordered decision system (IV-ODS), noise-
resilient, robust machine learning.

NOMENCLATURE

Symbol Corresponding Explanations
Dct

� Upward union of the decision classes.
δ(., .) Interval dominance degree of two intervals.
ω(., .) Interval overlap degree of two intervals.
Dom.,.

A Interval-valued dominance relation.
rADct

Adaptive radius.
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KA
Dct

Adaptive number of neighbors.
ρADct

Sample density.
Dom�

A Dominance relation matrix.
DiagDom�

A Dominant diagonal matrix.
CDD Class discrimination degree.
GCDD Global class discrimination degree.
MSIG Matrix-based significance.
MORE� Matrix-based ordered ranking entropy.
MORMI� Matrix-based ordered ranking mutual informa-

tion.
MORCE� Matrix-based ordered ranking conditional en-

tropy.
σ Feature evaluation index.
θ Redundancy penalty intensity.

I. INTRODUCTION

F EATURE selection remains a cornerstone in data min-
ing and machine learning [1], particularly for handling

high-dimensional data in classification tasks. Rough set theory,
originally formalized by Pawlak in the early 1980s [2], has
emerged as a powerful mathematical approach for managing
vague and uncertain data in analysis. This granular computing
framework has witnessed substantial theoretical development
and practical implementations in diverse fields. Notably, its suc-
cessful applications span machine learning [3], [4], knowledge
discovery in databases [5], [6], decision support systems [7], [8],
pattern recognition [9], [10], image processing systems [11], and
medical diagnostics [12], [13]. With the growth of intricate data
environments characterized by inherent noise [14], multivalued
ordered attributes, and dynamic feature spaces, traditional fea-
ture selection methods face unprecedented obstacles. The ability
to sustain classification performance with efficient computation
in such environments has become a critical requirement for mod-
ern decision-making systems [15]. This is especially crucial in
real-world applications ranging from sensor networks to clinical
decision support systems, where stability against data flaws and
flexibility to changing feature relevance are vital. A critical lim-
itation of current monotonic classification methods lies in their
undifferentiated treatment of noise patterns inherent to ordered
data structures. Our investigation reveals the following three
fundamental limitations of existing feature selection paradigms
(see Fig. 1).
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Fig. 1. Motivation of our works.

1) Noise vulnerability in monotonic classification: Exist-
ing robust feature selection methods prove inadequate
for monotonic classification due to noise vulnerability
disrupting ordinal relationships in strictly monotonic
feature-decision dependencies.

2) Multivalued ordered data complexity: Interval-valued
ordered decision systems (IV-ODS) challenge conven-
tional dominance-based rough set approaches by introduc-
ing information granularity complexities in multivalued
attribute processing.

3) Dynamic feature space adaptation: Static feature selection
methods lack dynamic adaptability for evolving feature
spaces, requiring urgent development of incremental up-
dating mechanisms for real-time relevance maintenance.

These limitations collectively motivate the development of
our proposed IV-ANCDFS model. This article presents several
pivotal contributions to the field of robust feature selection
and dynamic data analysis, addressing critical gaps in existing
methodologies and advancing practical applications in evolving,
noisy environments. First, we propose the IV-ANCDFS frame-
work, a novel architecture that seamlessly integrates adaptive
k-nearest neighbors (AKNN) for boundary noise suppression
with density-driven sample filtering. Second, we introduce a
two-standard-deviation (SD) interval construction method to
explicitly model real world. Third, the framework develops
matrix-based incremental and decremental dominance relation
updates, enabling efficient adaptation to dynamically evolv-
ing feature spaces and avoiding complete matrix recalculation.
Fourth, we establish class discrimination metrics (e.g., GCDD
and MSIG) and redundancy-aware evaluation metrics to sys-
tematically balance feature relevance and redundancy, ensuring
robust performance in high-dimensional noisy scenarios. Exten-
sive experiments on synthetic and real-world datasets validate
the superiority of IV-ANCDFS in noise tolerance, classifica-
tion accuracy, and scalability, yielding an average accuracy
improvement. These contributions collectively establish a rig-
orous, adaptive framework for feature extraction in dynamic
interval-valued systems.

The rest of this article is organized as follows. First, Section II
reviews related work in robust feature selection and dynamic de-
cision systems. To establish theoretical groundwork, Section III
establishes essential mathematical preliminaries. Building upon

these foundations, Section IV details the IV-ANCDFS archi-
tecture and its algorithms. Subsequently, Section V presents
experimental validation across synthetic and real-world datasets.
Finally, Section VI concludes this article with research contri-
butions and future directions.

II. RELATED WORK

Recent advancements in robust feature selection have em-
phasized noise-resistant mechanisms for general classification
tasks. For instance, FC [16] introduced similarity metrics based
on fuzzy contradiction state sequences to enhance the robustness
of multiscale interval-valued decision tables. KND-UFS [17]
presents a novel unsupervised dimensionality reduction frame-
work that synergistically integrates fuzzy C-means cluster-
ing with k-nearest neighbor (KNN) rough set theory. Simi-
larly, K-nearest neighborhood conditional mutual information
(KNCMI) [18] incorporated KNN rough sets and information
entropy to address noise in imbalanced hybrid data. NGM [19]
presents a semisupervised feature selection method for par-
tially labeled ordered data, which integrates neighborhood
discernibility degree, pseudolabel granular balls, and matrix
updating techniques to efficiently select optimal features and
improve classification accuracy. Recently, PMSNE [20] unifies
robust label enhancement, sparse reconstruction denoising, and
feature selection into an end-to-end framework. In addition,
FS-RSA [21] efficiently identifies high-discriminative and low-
redundant feature subsets in ultra-high-dimensional text data
through redundant-cooperative subset analysis. Utilizing soft
neighborhood rough set and soft interval theory, SNCMI [22] in-
troduces a unified evaluation function that quantifies feature cor-
relation, redundancy, complementarity, and synergy. However,
these methods primarily focus on generic classification scenarios
and overlook the specific challenges posed by monotonic clas-
sification. The rigid ordinal dependencies between features and
decision attributes in monotonic classification cause traditional
noise-handling techniques to falter, as they often struggle to
preserve critical ordinal structures under noisy conditions. This
limitation underscores the necessity for custom noise-handling
methods that adaptively align noise resistance while preserving
the ordered structure.
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TABLE I
SUMMARIZE THE CURRENT FEATURE SELECTION METHODS

The handling of interval-valued ordered data has seen no-
table progress through dominance-based rough set approaches.
Interval-valued dominance-based rough set (IV-DRSA) [23] pi-
oneered interval dominance degrees (IDD) and interval overlap
degree (IOD) metrics to construct interval-valued dominance
relations, significantly improving classification accuracy. Exten-
sions, such as IGUFS [24], utilized graph theory and matrix op-
erations to reduce computational complexity in interval-valued
systems, while PRIFS [25] integrated PROMETHEE for the
fusion of multisource interval data. IFCRL [26] model intro-
duces interval-intent fuzzy concepts, a recognition process, and
intent similarity-based clustering to enhance both classification
accuracy and efficiency in fuzzy environments. Despite these
innovations, existing methods continue to struggle with the in-
herent granularity of multivalued ordered attributes. Traditional
single-value dominance models, even when extended to interval
data, lack systematic frameworks to address overlapping inter-
vals and variable information granularity, which leads to subop-
timal feature selection in complex interval-valued systems.

Dynamic environments demand feature selection
frameworks capable of incrementally updating feature
relevance. An attribute reduction algorithm (HAR)-A [27]
and HAR-D [27] proposed matrix-based incremental
algorithms to handle temporal feature additions and
deletions, thereby enhancing the efficiency of ordered datasets.
PMLCE [29] further improved scalability via parallel computing
and composite entropy metrics, while GMNDRS [30] refined
matrix-based updates for multilevel intuitionistic fuzzy data.
Nevertheless, these approaches predominantly focus on specific
dynamic scenarios (e.g., object insertion/deletion) and lack
broader mechanisms for continuous relevance tracking in the
evolving feature spaces. Static frameworks fail to adapt to
contextual shifts or feature drift, resulting in outdated feature
subsets and diminished performance over time.

The applications and drawbacks of existing methods are il-
lustrated in Table I. The current research identifies the following
three major gaps: 1) limited noise tolerance in monotonic classi-
fication due to rigid ordinal assumptions, 2) inadequate manage-
ment of data granularity in interval-based ordered systems, and
3) restricted adaptability to dynamically evolving feature spaces.
While existing methods, such as IV-DRSA, HAR-A/D, and
FC, address individual aspects, their isolated focus overlooks
the intertwined challenges, such as noise, multivalued data,
and dynamics. This underscores the necessity for an integrated
approach that synergistically addresses these issues while main-
taining ordinal integrity.

III. PRELIMINARIES

This section mainly introduces some basic knowledge about
IV-ODS, AKNN, and matrix incremental update. Some neces-
sary mathematical symbols and their brief explanations can be
seen in Nomenclature.

A. Interval-Valued Ordered Decision System

An IV-ODS is a four-tuple T = 〈X,AS
⋃
D,V, F 〉, where

X = {x1, x2, x3, . . ., xn} represents instances or records in the
information system, AS = {a1, a2, a3, . . ., an} is a finite and
nonempty set of condition attributes, which are the features or
variables that describe the samples, D is a nominal decision-
making attribute, indicating the categorical target variable to be
predicted or decided, and V represents the complete set of the
values within the information system. Next, F = {Fak

| X →
Vak

, ak ∈ AS}, where Fak
is the interval value of ak on x ∈

X . Dct = {xi ∈ U | v(xi, D) = dt, t ∈ {1, 2, . . . , T}}. These
decision classes follow a preference order based on the decision
values: d1 < d2 < . . . < dT , which induces an order among the
decision classes: Dc1 ≺ Dc2 ≺ . . . ≺ Dct. We define upward
union: Dct

� =
⋃T

s=t Dcs.
This method defines interval-valued dominance relations in

IV-ODS using two key metrics: IDD and IOD for interval
comparisons.

IDD [23], denoted as δ(ι, κ), quantifies the dominance rela-
tion between the two intervals ι = [ι, ι] and κ = [κ, κ]. The IDD
is defined as follows:

δ(ι, κ) =
κ− ι

max{ι, κ} −max{ι, κ} (1)

where the range of δ belongs to [−1, 1].
The IDD describes the dominance relation between two inter-

vals. However, we also consider the overlap between intervals,
as less overlap often implies a clearer dominance relationship.
To address this, we define the IOD, denoted as ω(ι, κ), which
quantifies the level of overlap between two intervals ι = [ι, ι]
and κ = [κ, κ]. Let l1 = ι− ι and l2 = κ− κ be the lengths of
the intervals u and v, respectively.

The IOD [23] is defined as

ω(ι, κ) =
2(min{ι, κ} −max{ι, κ})

(ι− ι) + (κ− κ)
(2)

where the range of ω belongs to [0,1].
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This definition captures the degree of overlap between the
intervals, providing a more nuanced understanding beyond what
IDD can offer alone.

For objects x, y ∈ X and a subset A of conditional attributes
AS, the interval-valued dominance relation on attribute set A is
defined as

Domη,γ
A = {(x, y) ∈ X2 | δ(ι, κ) ≥ η ∧ ω(ι, κ) ≤ γ}

If δ(ι, κ) ≥ η and ω(ι, κ) ≤ γ hold for all a ∈ A, then we say
that y dominates x at levels η and γ, denoted as yDomη,γ

A x.
Let X be the universe of objects and A an attribute set in an

IV-ODS. Given dominance thresholds η and γ, write y Domη,γ
A x

to mean that y dominates x on A with respect to (η, γ). The
A-dominating set of x ∈ X is

Dom+,η,γ
A (x) =

{
y ∈ X

∣∣ y Domη,γ
A x

}
.

Conversely, the A-dominated set of x is obtained by reversing
the dominance relation

Dom−,η,γ
A (x) =

{
y ∈ X

∣∣ xDomη,γ
A y

}
.

These definitions provide a structured way to understand
the dominance relationships between objects in an IV-ODS,
considering the interval values of attributes and the specified
thresholds for dominance.

B. Active Antinoise Fuzzy Dominance Rough Sets Using
AKNN and Approximation Operators

In classification tasks, the density of samples is crucial for
identifying outliers, as higher density samples are more likely
to be correctly classified. Traditional KNN strategies involve
parameters, such as the number of neighbors (K) and the radius
(r), which are often chosen subjectively and lack adaptability.
To address this, we utilize an AKNN strategy that learns these
parameters from the data distribution, thereby enhancing its
adaptability and generalization.

The adaptive radius rADct
[31] for the upward union Dct under

subset A is defined as the average Euclidean distance between
all pairs of samples in Dct under A

rADct
=

1

|Dct|2
|Dct|∑
i=1

|Dct|∑
j=1

λA
Dct

(xi, xj) (3)

where λA
Dct

(xi, xj) represents the Euclidean distance between
samples xi and xj under A.

The adaptive number of neighbors KA
Dct

[31] is determined as
the average number of samples within the radius rADct

for each
sample in Dct

KA
Dct

=
1

|Dct|
|Dct|∑
i=1

NA
Dct

(xi, r
A
Dct

) (4)

where NA
Dct

(xi, r
A
Dct

) is the number of samples within the
neighborhood of xi with radius rADct

.
As shown in Fig. 2, the adaptive radius r denotes the average

distance between the sample pairs within a class, and the adap-
tive neighbor number K denotes the average number of neighbors
of each sample within the radius r.

Fig. 2. AKNN parameters visualization.

A sample density xi in Dct under A is calculated by

ρADct
(xi) =

NA
Dct

(xi, r
A
Dct

)

KA
Dct

. (5)

This density measure compares the number of neighbors of xi

to the average number of neighbors in the class, helping identify
outliers as samples with lower densities. In order to find the
critical value of filtering out the number of sample, we design
the critical densities values (CDV) for the lower approximation
and the upper approximation, respectively, which are defined as
follows.

For density lower approximation and density upper approx-
imation, for all A ⊆ AS and xi ∈ Dct

�, the CDV of samples
outside the upward union Dct

� are

ρCDV
S,α (xi) = inf

xj∈S
max

{
1− ρAS (xj)

Domα,η,γ
A (xi)(xj), ρ

A
S (xj)

}
. (6)

Specifically, for the density approximations, they are defined
as follows:⎧⎨
⎩

Density lower approximation: ρCDV
(De≺t )c(xi)=ρCDV

(De≺t )c,+(xi)

Density upper approximation: ρCDV
De≺t

(xi) = ρCDV
De≺t ,−(xi).

Based on the above two definitions, we introduce the defini-
tion of the upper and lower approximation operators.
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For any A ⊆ AS, the lower approximation of the upward
union Dct

� under A is

Dom≺
A(Dct

�)(xi) = inf
xj∈Lr

{
1− Dom+,η,γ

A (xi)(xj)
}

(7)

where Lr={xj | ρA(Dct
�)c(xj)≥ρCDV

(De≺t )c(xi), xj ∈ (Dct
�)c}.

For any A ⊆ AS, the upper approximation of the upward
union Dct

� under A is

Dom≺
A(Dct

�)(xi) = sup
xj∈Ur

{
Dom−,η,γ

A (xi)(xj)
}

(8)

where Ur = {xj | ρADct
�(xj) ≥ ρCDV

(De≺t )c(xi), xj ∈ Dct
�}.

Hence, AKNN establishes an adaptive KNN framework with
density-driven noise suppression, formalizing dynamic approx-
imation operators through critical density thresholds.

C. Matrix-Based Incremental Attribute Reduction Under
Multifeature Modification [27]

This section presents incremental multiobjective attribute re-
duction algorithms that dynamically update dominance struc-
tures to efficiently handle feature evolution in ordered systems.

Let S� = (X,AS, V, F ) denote an ordered information sys-
tem (OIS) [36]. For any subset A ⊆ AS, the dominance re-
lation matrix on X with respect to A is defined as Dom�

A =
[mA(i, j)]n×n, where

mA(i, j) =

{
1, xj �A xi

0, otherwise.

The dominant diagonal matrix DiagDom�
A =

[dA(i, j)]n×n, where dA(i, j) is defined as

dA(i, j) =

{∑n
l=1 m

A(i, l), i = j

0, i 
= j.

Its determinant is |DiagDom�
A| =

∏n
i=1 d

A(i, i), and the in-
verse matrix is (DiagDom�

A)
−1 = [ 1

dA(i,j)
]n×n, where

1

dA(i, j)
=

{
1∑n

l=1 mA(i,l)
, i = j

0, i 
= j.

Given an ordered decision system, the matrix dominance
conditional entropy (MDCE) of A ⊆ AS with respect to d is

MDH�
d|A(X) = −

log

∣∣∣∣DiagDom�
A∪{d} ·

(
DiagDom�

A

)−1
∣∣∣∣

|X| .

(9)

In OIS [36], dataset dynamics can be categorized into feature
addition and deletion. This section proposes two incremental
algorithms to optimize complexity by leveraging prior results.

1) Incremental Reduction for Feature Addition: This section
introduces an incremental MDCE update method for ordered
systems using dominance relations and diagonal matrices.

When a new feature setAS+ = {An+1, An+2, . . . , An+n′ } is
added to S�, the updated dominance relation matrix M�

A∪A+ =

[mA∪A+
(i, j)]n×n is defined as

mA∪A+

(i, j) =

{
1, xj �A∪A+ xi

0, otherwise.

Upon introducing A+, the updated dominant diagonal matrix
DiagDom�

A∪A+ = [dA∪A+
(i, j)]n×n is computed as

dA∪A+

(i, j) =

{
dA(i, j)−mA∪A+

(i, j), xj �A∪A+ xi

dA(i, j), xj 
�A∪A+ xi.

The incremental update mechanism ensures computational ef-
ficiency by reusing prior matrices M�

A and DiagDom�
A,

modifying only entries affected by the new features A+.
2) Incremental Reduction for Feature Deletion: When a fea-

ture subset AS− = {Aq1 , Aq2 , . . . , xqn′ } is removed, the up-
dated dominance relation matrix M�

A\A− = [mA\A−
(i, j)]n×n

is defined as

mA\A−
(i, j) =

{
1, xj �A\A− xi

0, otherwise.

After removing A−, the updated dominant diagonal matrix
DiagDom�

A\A− = [dA\A−
(i, j)]n×n is computed as

dA\A−
(i, j) =

{
dA(i, j) +mA\A−

(i, j), xj �A\A− xi

dA(i, j), xj 
�A\A− xi.

The deletion update mechanism preserves computational effi-
ciency by leveraging the prior matrix structures. Only entries
affected by the removed featuresA− require modification, avoid-
ing full matrix recomputation.

IV. IV-ANCDFS MODEL

This section introduces a noise-resistant rough set framework
for IV-ODS, combining adaptive approximation, matrix-based
dominance relations, and redundancy-aware feature selection.

A. IV-ANCDFS Active Antinoise Method

By deriving r and K from the data’s inherent characteristics,
the AKNN strategy reduces the need for manual parameter
tuning, enhancing its applicability across diverse datasets. Lower
density values suggest potential outliers, as these samples pos-
sess fewer neighbors than the average. Overall, the AKNN
strategy provides a data-driven density calculation method,
enhancing classification by adapting to the characteristics of
the dataset. In designing approximation operators resilient to
noise, the objective is to develop rules that filter noisy boundary
samples and select appropriate correct samples—namely, the
best external and worst internal samples—for computing the
approximations. A critical challenge is determining the number
of samples to filter noise, while preventing overfitting.

To address this challenge, CDV and definitions of approx-
imations are introduced for lower and upper approximations.
In dominance-based rough sets, Definitions 1–4 establish lower
and upper approximation operators using dominance relations
and membership functions to handle fuzzy class boundaries in
decision analysis.
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TABLE II
DYNAMIC UPDATE OF DOMINANCE MATRIX (CASE: ATTRIBUTE ADDITION)

TABLE III
DYNAMIC UPDATE OF DOMINANCE MATRIX (CASE: ATTRIBUTE REMOVAL)

Let f(xj) = max{1− ρA
Dc�t

(xj), ρ
A
Dc�t

(xj)} for xj ∈ Dct
�.

Definitions 1 and 2: For all A ⊆ AS, with conventions
ρCDV
(Dct

�)c(xi) = 1 and ρCDV
Dct

�(xi) = 1 if sets are empty

ρCDV
S,α (xi) = inf

{
f(xj) | Domα,η,γ

A (xi, xj) = 1
}
. (10)

Then, we give the definitions of the upper and lower approxi-
mation of density

{
Density lower approximation: ρCDV

(De≺t )c(xi)=ρCDV
(De≺t )c,+(xi)

Density upper approximation: ρCDV
De≺t

(xi) = ρCDV
De≺t ,−(xi).

Definition 3: For xj ∈ (Dct
�)c:

Dom≺
A(Dct

�)(xi) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
0, if ∃xj ∈ Lr

Dom+,η,γ
A (xi, xj) = 1

1, if ∀xj ∈ Lr

Dom+,η,γ
A (xi, xj) = 0.

(11)

where Lr = {xj | ρA(Dct
�)c(xj) ≥ ρCDV

(Dct
�)c(xi)}.

Complementing this, the upper decision rule handles positive
dominance relations through existential quantification.

Definition 4: For xj ∈ Dct
�

Dom≺
A(Dct

�)(xi) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
1, if ∃xj ∈ Ur

Dom−,η,γ
A (xi, xj) = 1

0, if ∀xj ∈ Ur

Dom−,η,γ
A (xi, xj) = 0.

(12)

where Ur = {xj | ρADct
�(xj) ≥ ρCDV

Dct
�(xi)}.

The above definitions establish a dynamic mechanism for de-
termining lower and upper approximations through dominance
relations Dom+,η,γ

A and Dom−,η,γ
A , membership functions ρ,

and threshold conditions. This framework enables multicriteria
ranking, attribute reduction, and rule extraction for complex data
with partial order relations.

B. Matrix-Based Dominant Relation Construction Method
and Incremental Update Method for IV-ODS

To address the computational redundancy in dominance ma-
trix operations and enhance processing efficiency while ac-
commodating dynamic feature updates, this article proposes a
matrix-based method with an incremental update mechanism to
improve efficiency.

1) Simulation of Dynamic Matrix Updates: Given an IV-
ODS defined as (X,AS ∪ {D}, V, F ) and two thresholds η and
γ, let ak ∈ AS. The matrices of IDD and IOD are derived as

Domη,γ
A = {(x, y) ∈ X2 | δ(ι, κ) ≥ η ∧ ω(ι, κ) ≤ γ}

Mak
η = [δ(ι, κ)]i×j , Mak

γ = [ω(ι, κ)]i×j

where δ(ι, κ) and ω(ι, κ) represent IDD and IOD, respectively,
with ι = F (x, ak) and κ = F (y, ak).

Definition 5: Given an IV-ODS, for any subset A ⊆ AS, the
dominance relation DomA under A is defined. The dominance
relation matrix on X with respect to A is represented as

Mη,γ
A = [mη,γ

A (i, j)]n×n

where

mη,γ
A (i, j) =

{
1, if xjDomη,γ

A xi

0, otherwise.

To enhance the theoretical foundation, we introduce the fol-
lowing corollaries derived from the aforementioned definitions.

Corollary 1. (Antisymmetry of Single-Attribute Dominance
Matrix): For any single conditional attribute ak ∈ AS, the dom-
inance relation matrix Mη,γ

ak
exhibits a complementary antisym-

metry with respect to the main diagonal. Formally, the following
holds.

1) All diagonal elements satisfymη,γ
ak

(i, i) = 1, reflecting the
reflexivity of dominance relations.

2) For off-diagonal elements (i 
= j), mη,γ
ak

(i, j) = 1−
mη,γ

ak
(j, i).

This implies that if xj dominates xi under ak, then xi cannot
dominate xj , ensuring mutually exclusive dominance directions
between the distinct objects.
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Corollary 2. (Monotonicity of Dominance Relations With
Thresholds): Let η1 ≥ η2 and γ1 ≤ γ2, where 0 < η1, η2,
γ1, γ2 < 1. For any A ⊆ AS, the dominance relations satisfy

Domη1,γ1

A (x) ⊆ Domη2,γ2

A (x).

Consequently, the dominance matrix Mη1,γ1

A contains fewer
1s (and more 0s) than Mη2,γ2

A . Stricter thresholds (higher η and
lower γ) necessitate stronger evidence for dominance, thereby
reducing the cardinality of the valid dominance pairs.

For any subsets A,B ⊆ AS, the dominance relation matrices
on U with respect to A and B are denoted as:

Mη,γ
A = [mη,γ

A (i, j)]n×n and Mη,γ
B = [mη,γ

B (i, j)]n×n .

Definition 6: The intersection operation ∩ between M≥A
U

and M≥B
U is defined as

Mη,γ
A ∩Mη,γ

B = [mη,γ
A (i, j)×mη,γ

B (i, j)]n×n .

This operation yields a new dominance relation matrix that
simultaneously captures the dominance relations of attribute sets
A and B.

2) Properties of Dominance Relation Matrix Updates: Let
Mη,γ

A = [mA(i, j)] denote the dominance relation matrix under
attribute set A. The following properties hold for incremental
updates.

Corollary 3. (Attribute Addition): When adding a new at-
tribute set A+, the updated dominance relation matrix Mη,γ

A∪A+

satisfies

Mη,γ
A∪A+ = Mη,γ

A ∩Mη,γ
A+

where ∩ denotes the elementwise logical AND operation. The
dynamic update of the dominance matrix when attributes are
added is shown in Table II.

Corollary 4. (Attribute Removal): When removing an at-
tribute subset A− ⊆ A, the updated matrix Mη,γ

A\A− satisfies

Mη,γ
A\A− = Mη,γ

A ∪ ¬Mη,γ
A−

where ∪ denotes the elementwise logical OR operation and ¬
denotes logical negation. The dynamic update of the dominance
matrix when the attribute is deleted is shown in Table III.

Corollary 5: Xj � Xi holds under A \A− if it held under
A or did not hold under A−.

C. Feature Evaluation Metrics

This section defines CDD, GCDD, and MSIG based on the
IV-ANCDFS model.

In an IV-ODS, we characterize CDD using average approxi-
mation results from all class samples. A larger CDD indicates
better separability. The class-separability metrics are formalized
as follows.

Definition 7: For any A ⊆ AS and t ∈ {2, 3, . . . , T}, the
CDD of Dct under A is

CDDA(Dct) =
∑

xi∈Dct

|Domη,γ
A (Dct)(xi)|

|Domη,γ
A (Dct)(xi)|

. (13)

Definition 8: For any A ⊆ AS, the GCDD is defined as

GCDDA(D) =

∑T
t=2 CDDη,γ

A (Dct)

T − 1
. (14)

For IV-ODS, classification discernibility positively correlates
with both CDD and GCDD.

Definition 9: For A ⊆ AS and ck ∈ AS \A, the MSIG of
ck to P is

MSIG(ck, A,D) = GCDDA∪{ck}(D)− GCDDA(D). (15)

The MSIG metric exhibits a monotonic positive relationship
with feature importance in ordinal classification.

D. Feature Evaluation Index and Selection Algorithm

We propose a feature evaluation index balancing class-
separability and redundancy.

Definition 10: Given an IV-ODS S� = (X,AS ∪ {D},
V, F ), for any subset A ⊆ AS, the MORE of X with respect
to A is defined as

MORE�
X(A) = − 1

|X|
n∑

i=1

log

∣∣DiagDom+,η,γ
A (xi)

∣∣
|X| . (16)

Definition 11: Furthermore, for any A,B ⊆ AS, the
MORMI of X with respect to A and B is defined as

MORMI�X(A,B) = − 1

|X|
n∑

i=1

log

∣∣DiagDom+,η,γ
A∪B (xi)

∣∣
|X| .

(17)

Definition 12: For whatever A ⊆ AS, the MORCE of A to
d is defined like this

MORCE�
X(d,A) = − 1

|X|
n∑

i=1

log

∣∣∣DiagDom+,η,γ
{d}∪A(xi)

∣∣∣∣∣DiagDom+,η,γ
A (xi)

∣∣ .
(18)

Definition 13: For candidate feature ck and selected subset
A, the feature evaluation index

σ(ck) = MSIG(ck, A,D)− θ · MORCE≺(D,A ∪ {ck})
(19)

where θ controls the redundancy penalty intensity.
This index enables efficient feature selection by maximizing

GCDD gains while minimizing redundant information. The cor-
responding algorithm iteratively selects features with maximal
σ(ck) values until stopping criteria are met.

V. EXPERIMENTS AND ANALYSIS

This section establishes an evaluation framework to assess the
IV-ANCDFS algorithm’s performance across six dimensions,
ensuring rigorous verification and practical applicability.

A. Compared Algorithms

Seven advanced feature selection algorithms have been cho-
sen for comparative analysis.
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Algorithm 1: IV-ANCDFS Algorithm.

1) Original Attributes (Original Data): Direct classification
using all conditional attributes without dimensionality reduc-
tion.

2) Interval-Valued Dominance-based Rough Set [23]: This
method extracts features in interval-valued ordered systems
using interval-based dominance rough approximations that mea-
sure overlap and dominance relationships.

3) Active Antinoise Fuzzy Dominance Rough Feature Se-
lection(AAnFSCF) [31]:A noise-resistant method integrating

Algorithm 2: IV-ANCDFS-A/IV-ANCDFS-D Algorithm.

TABLE IV
DATA DESCRIPTION

AKNN denoising and fuzzy dominance rough sets to optimize
features through fuzzy evaluation of class separability and re-
dundancy.

4) Matrix-Based Feature Selection Approach Using
Conditional Entropy (HAR-A/HAR-D) [27]:This approach
dynamically adjusts features using matrix-based conditional
entropy, with two efficient variants (addition and deletion)
balancing accuracy and computational performance.

5) Infinite Feature Selection: A Graph-Based Feature Fil-
tering Approach (INF-FS) [28]: This framework proposes a
graph-based feature selection method, modeling feature subsets
as graph paths and evaluating their relevance/redundancy via
matrix or probabilistic computations for efficient ranking.

6) Feature Selection for Unbalanced Distribution Hybrid
Data (KNCMI) [18]: This method combines KNN and δ-
neighborhood rough sets with information entropy to evaluate
feature importance in imbalanced hybrid data, effectively han-
dling data distribution challenges.

7) Incremental Reduction of Imbalanced Distributed Mixed
Data Based on KNN Rough Set (IFS-KNCMI) [32]: This
approach dynamically updates feature subsets in imbalanced
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Fig. 3. Dynamic feature selection process for IV-ODS.

environments by integrating mutual information with max-
relevance/min-redundancy criteria and k-NN rough approxima-
tions for neighborhood assessment.

8) Hyperspectral Band Selection Based On Rough Set
(HKCMI) [33]: This rough set-based hyperspectral band selec-
tion method optimizes computational efficiency while selecting
informative bands through relevance and significance analysis.

9) L1 Logistic Regression for Feature Selection (L1): This
method employs L1 regularization to achieve sparsity in
feature coefficients, effectively selecting relevant features by
minimizing the loss function with an L1 penalty, which drives
insignificant feature weights to zero.

10) Attention-Based Feature Selection (Attention): This ap-
proach utilizes attention mechanisms to dynamically assign
importance weights to features, enabling context-aware feature
selection based on learned attention scores that highlight con-
tributive features.

The algorithms address distinct challenges: IV-DRSA handles
interval-valued data via intersection/inclusion dominance for
multisource fusion. AAnFSCF combats label noise through
adaptive neighborhoods, while IFS-KNCMI addresses class
imbalance via fuzzy dominance. HAR series and INF-FS
optimize incremental feature evaluation using matrix entropy
and path-weighted graphs, balancing accuracy–efficiency in
streaming data. KNCMI/HKCMI tackle hybrid data with k-NN
neighborhoods and granular-ball approximations. These
dominance-based, entropy-driven methods adapt to data
dynamics and labeling quality, offering context-specific
solutions for classification systems. To enhance the comparative
analysis, we incorporated additional baseline methods: an
attention mechanism, as a deep learning-based approach, and
L1-regularized logistic regression, a classical feature selection
technique.

B. Experimental Data Preprocessing

The method framework starts with 12 benchmark datasets
obtained from the UCI database (as shown in Table IV). The
visualization of the dynamic feature selection process of IV-
ANCDFS can be seen in Fig. 3. First, we assume that all initial
datasets constitute clean data (Dclean) without noise contamina-
tion. Then, we introduce 40% adversarial instances through label
perturbation, specifically by random label exchanges between
different classes: (yi ↔ yj where yi 
= yj)

Dnoisy = Dclean ∪ {xi|xi ∈ Every Class Values}0.4|D|
i=1 .

To evaluate algorithmic robustness under dynamic feature
spaces, each dataset underwent random stratified partitioning
as follows:

F = Fcore ∪ Faug, Fcore ∩ Faug = ∅

where Fcore represents the core feature subset (50% of total fea-
tures) andFaug denotes the incremental augmentation subset (the
remaining 50%). This protocol simulates real-world scenarios
where feature spaces expand incrementally, necessitating adap-
tive re-evaluation of feature relevance. To enhance uncertainty
quantification, interval-valued representations were constructed
for each class–attribute pair using the two-sigma principle

Ic = [μc − 2σc, μc + 2σc] (20)

where μc and σc denote the original value of the conditional
attribute and the SD of the class, respectively. An example
using IV-ANCDFS algorithm is illustrated in Appendix 1 in
the Supplementary Material (conditional attribute deletion is the
opposite).
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TABLE V
COMPARISON OF CLASSIFICATION PERFORMANCE OF DIFFERENT FEATURE SELECTION ALGORITHMS ON CLASSIFIER NB (%)

TABLE VI
COMPARISON OF CLASSIFICATION PERFORMANCE OF DIFFERENT FEATURE SELECTION ALGORITHMS ON CLASSIFIER SVM (%)

TABLE VII
COMPARISON OF CLASSIFICATION PERFORMANCE OF DIFFERENT FEATURE SELECTION ALGORITHMS ON CLASSIFIER CART (%)

C. Classification Performance Evaluations of Algorithm

This section validates the efficacy of the proposed IV-
ANCDFS framework.

The model’s performance is critically dependent on the η and
γ thresholds. To quantitatively demonstrate this relationship,
three representative interval configurations were employed to
visualize the impact of variations in η and γ on classification
outcomes. The values of η and γ were sampled from 0 to 0.6
with a step size of 0.1. Furthermore, parameter optimization
for θ was conducted using grid search within the interval [0, 1]
using a step size of 0.2. This systematic exploration ensures the
identification of feature subsets that maximize discriminative
power while maintaining computational efficiency.

The proposed methodology was rigorously evaluated
against seven state-of-the-art feature selection algorithms. The
classification performance was assessed using three established
machine learning models: Naive Bayes (NB), support vector
machine (SVM), and classification and regression trees (CART).
Standard parameter configurations were maintained for all clas-
sifiers to ensure baseline comparability. A thorough fivefold

cross-validation procedure was implemented. Comprehensive
performance metrics across the three classifier configurations
(NB, SVM, and CART) with 40% noise are systematically
presented in Tables V–VII. Each table entry contains two
evaluation metrics: mean classification accuracy (to the left of
the “±” symbol) and SD (to the right of the “±” symbol). Top
accuracy values per dataset are highlighted in boldface notation.

A systematic comparison of the proposed IV-ANCDFS
against existing baseline methods across four critical dimen-
sions is summarized in Table VIII. This comparative analysis
highlights the unique and comprehensive advantages of our
framework. Specifically, IV-ANCDFS is the only method that
integrates all four key capabilities: robust noise handling through
its neighborhood-based approximation, inherent interval-value
adaptability for modeling uncertainty, a dynamic update mech-
anism for efficient feature space evolution, and manageable
computational complexity. In contrast, while other baselines
may excel in one or two aspects, they all exhibit significant
limitations in others. For instance, IV-DRSA, although handling
interval-valued data, lacks dynamic updating and is sensitive to
noise. Methods, such as AAnFSCF and IFS-KNCMI, support

Authorized licensed use limited to: Southwest University. Downloaded on February 23,2026 at 12:26:19 UTC from IEEE Xplore.  Restrictions apply. 



550 IEEE TRANSACTIONS ON FUZZY SYSTEMS, VOL. 34, NO. 2, FEBRUARY 2026

TABLE VIII
HORIZONTAL COMPARISON OF IV-ANCDFS AND BASELINE METHODS ACROSS FOUR KEY DIMENSIONS

TABLE IX
COMPARISON OF COMPUTATIONAL EFFICIENCY OF DIFFERENT FEATURE SELECTION ALGORITHMS (RUNNING TIME IN SECONDS)

dynamic updates but are fundamentally designed for crisp-
valued data, lacking the formalism to process interval-valued
information directly. This holistic integration of capabilities
within IV-ANCDFS establishes a more versatile and powerful
framework, providing a principled solution for complex fea-
ture selection tasks involving uncertain, noisy, and dynamically
changing data environments.

D. Analysis of Time Complexity

To empirically validate the computational efficiency of the
proposed IV-ANCDFS framework, we conducted extensive ex-
periments measuring the actual running times across 12 diverse
datasets, with the comparative results detailed in Table IX. The
empirical data strongly corroborate the theoretical complex-
ity advantages. IV-ANCDFS demonstrated robust and highly
efficient performance, achieving an average running time of
11.3145 s. This solidly positions it as the second-fastest al-
gorithm overall, being significantly more efficient than most
competitors—notably, it is approximately 29.8 times faster than
AAnFSCF (336.4904 s) and nearly 78% faster than its theoret-
ical precursor, IV-DRSA (52.0464 s).

The algorithm’s efficiency is particularly pronounced on
complex datasets. For instance, on the “parkinson” dataset,
IV-ANCDFS (22.5490 s) drastically outperformed AAnFSCF
(2192.5819 s), showcasing its superior scalability. Furthermore,
the consistently low running times across datasets of varying
sizes and complexities validate the practical benefits of IV-
ANCDFS. These results conclusively establish IV-ANCDFS not
merely as a theoretically sound model but as a computationally

feasible and highly efficient solution for practical feature selec-
tion tasks.

E. Parameter Sensitivity Analysis of Algorithm

This section investigates the parametric sensitivity of η, γ,
and θ on the performance of the SVM classifier in Algorithm
IV-ANCDFS, as demonstrated in Figs. 4 and 5.

For η and γ, we first know that the range of η is [−1, 1],
and the range of γ is [0, 1]. These two parameters together
determine the dominance relationship between interval values.
When η= 1, there is a complete dominance relationship between
the two intervals, while when η = 0, the dominance relation-
ship is not obvious. Therefore, a smaller η value means more
stringent restrictions, while an excessively large η value may
lead to insignificant differences between classes. As far as γ
is concerned, when γ = 0, it means that there is no overlap
between the two intervals, and when γ = 1, the degree of
overlap reaches the maximum. It also has an optimal value with
the highest classification accuracy. In order to find the optimal
value, we iterate the values of η and γ from 0.1 to 0.6, with
a step size of 0.1, and then calculate the one-time reduction
of the dataset and the classification accuracy of the reduced
data.

For θ, the value range of θ is [0, 1], which is used to control
the redundancy of the feature evaluation index in Definition
13. θ = 0 means that there is no redundant penalty, and only
those features that can improve class discrimination are selected;
θ = 1 means full redundancy penalty, selecting features that
can improve class discrimination but do not increase too much
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Fig. 4. Effect of parameters η and γ and the classfication accuracy on the classification accuracy tested by classifier SVM.

Fig. 5. Effect of parameter θ and the features count on the classification accuracy tested by classifier SVM.

uncertainty after adding. By adjusting θ, the behavior of the
feature selection algorithm can be controlled to achieve different
tradeoffs. In order to find the optimal value of θ, we iterate the
value of θ from 0 to 1 with a step size of 0.2, and then calculate the
one-time reduction of the dataset and the classification accuracy
of the reduced data.

The experimental observations indicate that different datasets
may have different optimal parameter values, and each dataset
may also have multiple optimal values, which can be obtained
by training on a specific dataset.

F. Robustness Evaluations of Algorithm

This section presents a methodological framework for assess-
ing algorithmic robustness through feature sequence consistency
and subset stability under varying noise conditions. The results
are illustrated presented in Table X and Fig. 6.

For eight datasets listed in Table IV, we generated five
synthetically corrupted variants with increasing noise ratios
(0%–40% synthetic noise). To evaluate the robustness of feature
scoring algorithms, we performed a comparative analysis of their
stability across different noise levels. For each algorithm, we
calculated the SD of feature importance values as the evaluation
metric under conditions of incremental noise (0%–40% with
10% intervals). Specifically, given a feature f and its importance
scores {s0, s1, . . . , s5} at noise levels {0%, 10%, . . . , 40%}, the
robustness metric is defined as

σ(f) = SD(s0, s1, . . . , s5) (21)

where lower σ indicates better noise resistance.
Results from eight benchmark datasets were visualized

through radial charts (see Fig. 6), where each axis represents
σ(f) for distinct features. The comparative analysis reveals
that the IV-ANCDFS algorithm achieves the minimal coverage
area across most subfigures, particularly notable in high-noise
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TABLE X
ROBUSTNESS EVALUATION OF FEATURE SCORES FOR DIFFERENT ALGORITHMS UNDER DIFFERENT NOISE LEVELS (BASED ON AVERAGE PRECISION)

Fig. 6. Robustness evaluation of feature scores for different algorithms under
different noise levels.

scenarios. This demonstrates that IV-ANCDFS maintains supe-
rior stability in feature importance quantification compared to
other methods when handling contaminated data. The reduced
chart coverage area directly correlates with enhanced algorith-
mic robustness, as it reflects lower variance in feature score
distributions under noise perturbations.

G. Statistical Test

A multistage statistical evaluation process was implemented
to assess eight feature selection algorithms across three distinct
classifiers. The analysis combines nonparametric hypothesis
testing with posthoc comparisons, supported by comprehensive
ranking visualizations presented in Fig. 7.

The verification process employed an enhanced Friedman test
with a significance level of α = 0.05, addressing the limitations
of conventional Friedman testing by improving the variance
estimation. For k = 8 algorithms and N = 10 datasets, the
hypothesis testing framework proceeded as follows.

1) Null Hypothesis (H0): Equivalent classification perfor-
mance across all the algorithms.

2) Alternative Hypothesis (H1): Significant performance dif-
ferences exist.

3) Test Execution: Rank-based evaluation utilizing maxi-
mum classification accuracy for each noise-free dataset.

Fig. 7. Friedman test with Nemenyi posthoc analysis (α=0.05) on SVM, NB,
and CART classifiers.

The computed statistics revealed significant interalgorithm
variations across all classifiers.

1) Support vector machines: FSVM = 12.34 (p < 0.0001).
2) Naive Bayes: FNB = 8.91 (p = 0.0028).
3) CART: FCART = 11.67 (p < 0.0001).
Following hypothesis rejection, Nemenyi posthoc testing with

critical difference CD = 2.15 identified specific performance
disparities. The multiclassifier ranking visualization in Fig. 7
reveals the following.

1) SVM Classifier: IV-ANCDFS achieved superior ranking
(1.32± 0.18) versus IV-DRSA’s suboptimal performance
(5.41± 0.22).

2) Naive Bayes: KNCMI dominated (1.55± 0.15) while IV-
DRSA trailed (5.28± 0.19).

3) CART: IV-ANCDFS maintained leadership (1.44± 0.21)
contrasting with IV-DRSA’s inferior results (5.53± 0.25).

The proposed IV-ANCDFS demonstrated exceptional stabil-
ity with minimal rank variance (ΔR = 0.42) across classifier
paradigms, significantly outperforming IV-DRSA’s maximum
variability (ΔR = 3.89) . The comprehensive rejection of H0

(p < 0.003 for all classifiers) confirms statistically significant
performance differences at 95% confidence level

ΔRA = max
ci∈C

RA,ci −min
cj∈C

RA,cj (22)

where C = {SVM, NB, CART} represents classifier set and
RA,ci denotes algorithm A’s average rank with classifier ci.
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The statistical evidence substantiates the superior classifica-
tion performance preservation of the IV-ANCDFS model across
diverse learning paradigms.

VI. CONCLUSION

In conclusion, the IV-ANCDFS model presented in this study
offers a robust and efficient solution for feature selection in dy-
namic, interval-valued data environments. By leveraging AKNN
for noise suppression and employing matrix-based incremental
updates, the model significantly enhances computational effi-
ciency and noise immunity. The experimental results across
multiple benchmark datasets demonstrate the superior perfor-
mance of IV-ANCDFS in maintaining feature relevance and
classification accuracy under varying attribute conditions. The
proposed feature evaluation metrics and selection algorithms
provide a systematic approach to balancing class separability
and redundancy, making the model particularly suitable for
real-world applications where data evolve over time. Future
work may focus on extending the model to handle more complex
data types and further optimizing the parameter tuning process
to adapt to diverse operational scenarios.
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