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ABSTRACT
Neighborhood rough set is a powerful tool to deal with continuous value information systems. Graphics processing unit (GPU)
computing can efficiently accelerate the calculation of the attribute reduction and approximation sets based on matrix. In this
paper, we rewrite neighborhood approximation sets in thematrix-based form. Based on thematrix-based neighborhood approx-
imation sets, we propose the relative dependency degree of attributes and the corresponding algorithm (DBM). Furthermore,
we design the reduction algorithm (ARNI) for continuous value information systems. Compared with other algorithms, ARNI
can effectively remove redundant attributes, and less affect the classification accuracy. On the other hand, the experiment shows
ARNI based on the matrixing rough set model can significantly speed up by GPU. The speedup is many times over the central
processing unit implementation.

© 2020 The Authors. Published by Atlantis Press B.V.
This is an open access article distributed under the CC BY-NC 4.0 license (http://creativecommons.org/licenses/by-nc/4.0/).

1. INTRODUCTION

The explosive growth of data volume increases the complexity of
data, and makes data processing more difficult than before. By
reducing unnecessary or irrelevant attributes in the data, the effi-
ciency of decision-making can be improved. The rough set theory
proposed by Pawlak can quickly deal with uncertain and inaccu-
rate problems [1], which has been widely used in machine learn-
ing, data mining, and other fields [2]. To construct an equivalence
relation of Pawlak rough set for continuous value information sys-
tem, the continuous values need to be clustered into some mutu-
ally disjoint blocks. However, discretizing the continuous values
exists some uncertainty and may lose some essential information.
To solve this problem, many rough set models have been proposed,
such as fuzzy rough sets [3–6], covering rough sets [7–9], semi-
monolayer cover rough set [10], neighborhood rough sets [11–14],
granule-based rough sets [15–17]. Neighborhood rough set is a fea-
sible model to handle continuous values without discretization.

In neighborhood rough sets, the calculation, whether two elements
are neighborhoods or not, becomes easier andmore localized com-
pared to other methods [11]. It offers better potential for paral-
lel and distributed computation [18]. Furthermore, by marking the
neighborhood of the element, we can label some data to improve
the usability for lack-of-label big data [19]. However, the complex-
ity of the calculation is an unavoidable question on neighborhood
rough set [19,20].
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Matrix description makes the calculation of approximation sets
more efficient. Huang et al. [21] defined three composition oper-
ations, and studied their characteristic matrices, and investigated
the relationship between the characteristic matrices and covering
approximation operators. Wang et al. [22] represented three types
of existing covering approximation operators with the Boolean
matrix. Ma [23] selected more covering approximation model and
rewrote them in a high level.

Graphics processing unit (GPU) acceleration is widely used not
only in deep learning [24] but also in the operations of the dense
matrices and blocks [25], such as minimizing the encountered in
the transformation of tensor contractions into matrix multiplica-
tions [26], object sorting [27], computation of equivalence classes,
and approximation sets [28]. Generally, GPU is at least 10 times
faster than the coetaneous central processing unit (CPU) [29].
Zhang et al. [30] adopted a multi-GPU solution to accelerate their
algorithm about a parallel method for computing approximations
based onmatrix and achieved 334.9 times of acceleration compared
to the CPU.

The matrixing of the whole computation process is the premise
of the speedup by GPU. For neighborhood rough approxima-
tion operators, the relation of disjunction and conjunction among
Boolean matrices can represent the relation of union and intersec-
tion between sets. Through a sequence of substitution operations,
the operation of the neighborhood rough set will be transformed
from element-based form to matrix-based form. Furthermore, we
proposed the relative dependency degree of attributes based on
matrixing neighborhood approximation sets, and the correspond-
ing reduction algorithms (DBM and ARNI).
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This paper is organized as follows: In Section 2, some basic con-
cepts about neighborhood rough sets are introduced. In Section 3,
we propose attribute reduction algorithms DBM and ARNI based
on the Boolean matrix. In Section 4, a series of comparative exper-
iments are designed to show the feasibility and efficiency of ARNI.
Section 5 is the conclusion of this paper.

2. PRELIMINARIES

In information systems, the elements can easily cluster into some
information granules by different methods. How to describe them
systematically in a framework is a basic question about the con-
struction of approximation space in rough set theory. The binary
relation and neighborhood system are two common entry points.
Binary relation can summarize the principle of generating infor-
mation granules. Covering or neighborhood systems directly orga-
nize the related elements into a block or a neighborhood. In classic
Pawlak rough set, the equivalence relation and equivalence classes
can transform mutually. However, in other models, the transfor-
mation is no longer smooth [31]. The choice binary relation or
neighborhood system depends almost entirely on the character
in information systems. For example, in set-valued or incomplete
information systems, we can use not only tolerance relation and
its generalized tolerance relation [18] but also maximal consistent
blocks [11] or semi-monolayer covering [10] to organize the blocks
on the system. For the information system with noise, the variable
precision binary relation [32] and probabilistic binary relation [33]
are frequently mentioned. For continuous information systems, we
can build a hypersphere neighborhood to describe a similar degree
among the elements, as shown in Figure 1.

In this section,we introduce the basic concepts about neighborhood
rough set and two Boolean matrix operations.

2.1. Neighborhood Rough Set

In information systems, let U = {x1, x2, x3,⋯ , xn} be a nonempty
and finite set, A = {a1, a2, a3,⋯ , am} be the finite condition-
attribute set of U, d = {d1, d2, d3,⋯ , dk} be the decision attribute
set of U. If a family of neighborhood relations can be generated by

Figure 1 Neighborhood of the elements 𝜀.

condition-attribute set A, then, NS = (U,A) is called a neighbor-
hood system, and NDS = (U,A, d) is called a neighborhood deci-
sion system.

Definition 1. [12,13] In the neighborhood system NS = (U,A),
∀xi ∈ U, the neighborhood of xi is defined as

𝜀 (xi) = {xj|xj ∈ U, 𝛿p
(
xi, xj

)
≤ 𝜀} (1)

where 𝜀 is the radius of the hypersphere neighborhood, 𝛿p is the
Minkowsky distance between xi and xj, (1) it is called Manhattan
distance if p = 1, (2) Euclidean distance if p = 2, (3) Chebyshev
distance if p = ∞. The Euclidean distance is selected in this paper.

Hu proposed the definition of the neighborhood rough sets [13,14],
which is a specialized covering rough model in neighborhood
approximation space (Definition 2).

Definition 2. [11–14,34] In the neighborhood systemNS = (U,A),
for any X ⊆ U, the upper approximation N (X), the lower approxi-
mationN (X), and the boundary regionBN (X) of the neighborhood
of X are defined as follows, respectively:

N (X) = {xi|𝜀 (xi) ∩ X ≠ ∅} (2)

N (X) = {xi|𝜀 (xi) ⊆ X} (3)

BN (X) = N (X) − N (X) (4)

Example 1. Given a neighborhood decision system NDS =
(U,A, d) at Table 1, where d is the decision attribute, ai ∈ A is the
condition attributes. We suppose that 𝜀 = 0.5 and the neighbor-
hood calculation formula of x under A is

𝛿p
(
xi, xj

)
=√∑4

k=1
[v (xi, ak) − v

(
xj, ak

)
]2,

𝜀 (xi) = {xj|xj ∈ U, 𝛿p
(
xi, xj

)
≤ 0.5}

where, i, j = 1, 2, 3, 4, 5, then
The values of neighborhoods are

𝜀 (x1) = {x1} , 𝜀 (x2) = {x2, x3} ,

𝜀 (x3) = {x2, x3} , (x4) = {x4} , 𝜀 (x5) = {x5}

By (2) and (3), the upper and lower approximation sets of the neigh-
borhood rough set are as follows:

N (d1) = {xi|𝜀 (xi) ∩ d1 ≠ ∅} = {x1, x2, x3} ,

Table 1 Decision information system.

U a 1 a 2 a 3 a 4 d

x1 0.9 0.6 1.4 1.3 0
x2 0.5 1.0 1.5 1.1 0
x3 0.6 1.3 1.4 1.0 1
x4 1.0 1.2 1.7 1.5 1
x5 1.1 0.9 2.5 1.4 1
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N (d2) = {x2, x3, x4, x5}

and

N (d1) = {xi|𝜀 (xi) ⊆ d1} = {x1} ,

N (d2) = {x4, x5}

2.2. Boolean Matrix Operation

Booleanmatrix has been used to describe the classic binary relation
or neighborhood system frequently. To matrix the upper and lower
neighborhood approximation operations, we need to upgrade some
operations based on traditional disjunction and conjunction to cal-
culate the union and intersection of two sets.

Definition 3. [23,34] Let⊙ be an invariant operation between two
Boolean matrices, An×m = (aik)n×m and Bm×l =

(
bkj

)
m×l

be two
Boolean matrices. Then, the calculation of Cn×l =

(
cij
)
n×l

= A⊙B
is defined as follows:

cij = ∨m
k=1

(
aik ∧ bkj

)
(5)

where i = 1, 2, 3,⋯ , n, j = 1, 2, 3,⋯ , l; ∨ and ∧ are Boolean
logic operations, which represent the disjunctive and conjunctive,
respectively.

Definition 4. [23,34] Let ⊗ be a matrix transformational opera-
tions between two Boolean matrices, An×m = (aik)n×m and Bm×l =(
bkj

)
m×l

be two Boolean matrices. Then, the calculation of Dn×l =(
dij
)
n×l

= A⊗ B is defined as follows:

dij = ∧m
k=1 [(1 − aik) ∨ bkj] (6)

where i = 1, 2, 3,⋯ , n, j = 1, 2, 3,⋯ , l.

3. ATTRIBUTE REDUCTION BASED ON
BOOLEAN MATRIX

In this section, Boolean matrix operations (⊙ and ⊗) have been
constructed tomatrix the set operations (union and intersection) in
neighborhood rough approximation operations. Furthermore, we
define a dependency degree in the neighborhood decision system
and propose a new attribute reduction. The algorithm can keep the
same consistency of matrix-based calculation and element-based
calculation in neighborhood approximation operations.

3.1. Boolean Matrix Representation of
Approximations

In this section, we rewrite the neighborhood approximation oper-
ation by the Boolean matrix and its matrix operations.

Definition 5. [34] In the neighborhood systemNS = (U,A), ∀B ⊆
A, ∀xi,xj ∈ U. Then, the Boolean matrix MB =

(
mij

)
n×n

of the
neighbor NB corresponding to B is defined as

mij = {1, xj ∈ 𝜀 (xi)
0, xj ∉ 𝜀 (xi)

(7)

where, i, j = 1, 2, 3,⋯ , n.

Obviously, this definition indicates thatMB is a Boolean matrix,NB
is the neighborhood cluster ofUwith respect to condition-attribute
set B, (U,NB) is the neighborhood approximation space, MB is its
Booleanmatrix representation, andM (U) is a set of Booleanmatri-
ces on U.

For any X ⊆ U = {x1, x2, x3,⋯ , xn}, the eigenvector 𝝀X =
(a1, a2, a3,⋯ , an)T [24,25,34] of X includes only 1 and 0. For ∀xi ∈
U, if xi ∈ X, ai = 1; otherwise ai = 0. For example, suppose
U = {x1, x2, x3, x4}, and X = {x2, x4}, then 𝝀X = (0 1 0 1)T. 𝝀X is
a Boolean vector, the two operations (⊙ and⊗) are also applicable
to the operation between Boolean matrix and Boolean vector.

Definition 6. [22,23] In the approximation space (U,N),MB is its
Boolean matrix representation. The relation matrix of the approxi-
mation space is defined as RB = (rik)n×n

RB = MB ⊙MT
B (8)

where, RB represents the invariance of the operation between the
Boolean matrices and its transpose.

Proposition 1. In the neighborhood approximation space (U,N), RB
is its relation matrix, U/d = {d1, d2, d3,⋯ , dk} . For ∀B ⊆ A, 𝝀di is
the eigenvectors of di, the upper and lower approximations of d1 of B
corresponds to the eigenvectors are defined as follows, respectively:

λN(di) = RB ⊙ 𝝀di (9)

𝝀N(di) = RB ⊗ 𝝀di (10)

where, i = 1, 2, 3,⋯ , k.

Proof (⇒): ∀t ∈ {1, 2, 3,⋯ , s}, if xt ∈ N (di), also known as at = 1,
then 𝜀 (xt) ∩ di ≠ ∅, and ∃xl ∈ di, xl ∈ 𝜀 (xt). Thus, rtl = 1 and
at = 1, and ∨s

t=1 (rtl ∧ at) = 1. Hence, ∀t ∈ {1, 2, 3,⋯ , n}, ri →
∨m
k=1 (rik ∧ ak).

(⇐): ∀t ∈ {1, 2, 3,⋯ , s}, if ∨s
t=1 (rtl ∧ at) = 1, in other words ∃l ∈

{1, 2, 3,⋯ , s}, rtl = 1 and at = 1. Thus, ∃xl ∈ 𝜀 (xt) and xl ∈
di, 𝜀 (xt) ∩ di ≠ ∅, then xt ∈ N (di) and at = 1. Hence, ∀t ∈
{1, 2, 3,⋯ , n}, ∨m

k=1 (rik ∧ ak) → ri.

Thus, ∀t ∈ {1, 2, 3,⋯ , s}, ri = ∨s
t=1

(
rtl ∧ axt

)
= 1. namely,

𝝀N(di) = RB ⊙ 𝝀di , the proof of formula (9) is completed.

The proof of formula (10) is similar to that of formula (9), then
proposition 1 is held.

Definition 7. [34] In the neighborhood approximation space
(U,N), U/d = {d1, d2, d3,⋯ , dk}, 𝝀N(di) and 𝝀N(di) are the eigen-
vectors corresponding to the upper and lower approximations of di.
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Then, upper approximation N (di) and lower approximation N (di)
of di are defined as follows, respectively:

N (di) = ∪k
j=1 {xj|aj = 1} (11)

N (di) = ∪k
j=1 {xj|aj = 1, aj ∈ 𝜆N(di)} (12)

Definition 8. In the neighborhood approximation space (U,N),
U/d = {d1, d2, d3,⋯ , dk} . 𝝀N(di) and 𝝀N(di) are the eigenvectors
corresponding to the upper and lower approximations of di. Then,
𝝀N(d) and 𝝀N(d) of d are defined as follows, respectively:

N (di) = ∪k
j=1 {xj|aj = 1, aj ∈ 𝜆N(di)} (13)

𝝀N(d) = ∪k
i=1𝝀N(di) (14)

Suppose that eigenvectors

𝝀X = (a1, a2, … , an)T , 𝝀Y = (b1, b2, … , bn)T

then

𝝀X ∪ 𝝀Y = (max (a1, b1) ,max (a2, b2) , … ,max (an, bn))

So far, we have accomplished the matrix description of the neigh-
borhood rough set.

Example 2 (Continuing Example 1). Let NDS = (U,A, d) be a
neighborhood decision system the same as that of Example 1. The
Boolean matrix method is used to calculate the upper and lower
approximation sets of the neighborhood rough set. Thus, the cor-
responding Boolean matrix of the neighborhood is

MB =

⎛⎜⎜⎜⎜⎝
1
0
0
0
0

0
1
1
0
0

0
1
1
0
0

0
0
0
1
0

0
0
0
0
1

⎞⎟⎟⎟⎟⎠
,

𝝀d1 = (1 1 0 0 0)T ,

𝝀d2 = (0 0 1 1 1)T

The relation matrix RB is

RB = MB ⊙MT
B =

⎛⎜⎜⎜⎜⎝
1
0
0
0
0

0
1
1
0
0

0
1
1
0
0

0
0
0
1
0

0
0
0
0
1

⎞⎟⎟⎟⎟⎠
,

The upper and lower approximation sets of d1 corresponding eigen-
vectors are

𝝀N(d1) = RB ⊙ 𝝀d1 = (1 1 1 0 0)T ,

𝝀N(d1) = RB ⊗ 𝝀d1 = (1 0 0 0 0)T ;

the upper and lower approximation sets of d1:

N (d1) = {x1, x2, x3} ,N (d1) = {x1} .

Similarly,

𝝀N(d2) = (0 1 1 1 1)T ,

𝝀N(d2) = (0 0 0 1 1)T ;

N (d2) = {x2, x3, x4, x5} andN (d2) = {x4, x5} .

By the matrixing method, we still get the same result as Example 1.

3.2. Reduction of Neighborhood Rough Set

Dependency and importance degree are widely used in attribute
reduction. For neighborhood rough set, we specified the two
indexes based on the approximation sets.

Definition 9. In neighborhood approximation space (U,N), let A
be a condition-attribute set on U, U/d = {d1, d2, d3,⋯ , dk} . For
∀B ⊆ A, the dependency degree 𝛾B (d) of d with respect to B is
defined as follows:

𝛾B (d) =
S
(
λN(d)

)
|U| (15)

where, S
(
𝝀N(d)

)
are the sum of all the elements in the eigenvector

𝝀N(d), it represents the number of elements in the lower approxima-
tion of d.

Unless particularly stated, the relative dependency degree is the
dependency degree of the decision-making d with respect to all
attributes A. Obviously, 𝛾B (d) ∈ [0, 1], and the greater of the value,
the more elements identified inU, the stronger classification ability
of the attribute subset B.

Definition 10. [34,35] In the neighborhood decision system
NDS = (U,A, d), ∀B ⊆ A, ∀a ∈ A, then the neighborhood impor-
tance degree 𝜎B (a) or 𝜎′B (a) of a relative to B is

(a) If a ∈ B,

𝜎B (a) = 𝛾B (d) − 𝛾B−{a} (d) (16)

(b) If a ∈ A − B,

𝜎′B (a) = 𝛾B∪{a} (d) − 𝛾B (d) (17)

Definition 11. In the neighborhood decision system NDS =
(U,A, d), ∀C ⊆ A, and ∀a ∈ C, if 𝛾C (d) = 𝛾A (d) and 𝜎C (a) > 0,
then we call C an attribute reduction of NDS.

Example 3 (Continuing Example 2). Let NDS = (U,A, d) be
a neighborhood decision system the same as Example 1, and the
upper and lower approximations of the neighborhood rough set,
respectively N (d1) = {x1, x2, x3}, N (d1) = {x1}, N (d2) =
{x2, x3, x4, x5}, N (d2) = {x4, x5}.
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The eigenvector corresponding to the upper and lower approxima-
tions of d are as follows:

𝝀N(d) = ∪2i=1𝜆N(di) = (1 1 1 1 1)T ,

𝝀N(d) = ∪2i=1𝜆N(di) = (1 0 0 1 1)T .

Thus, the dependency degree of d with respect to A is

𝛾A (d) =
S
(
λN(d)

)
|U| = 3

5 .

Similarly, the dependency degrees of other condition attributes are
shown in Table 2. Because 𝜎A (a4) = 0, a4 is redundant, the lower
approximation set of the data set doesn’t change.

3.3. Attribute Reduction Algorithm Based
on Boolean Matrix

Based on the previous propositions and definitions, we design
two algorithms Dependency Degree based on Boolean Matrix
(DBM) and Attribute Reduction based on Neighborhood Impor-
tance Degree (ARNI).

Algorithm DBM is used to calculate the dependency degree of the
condition attribute with respect to decision attributes in the data
set. Suppose that there are n samples, m condition attributes, and
k classes in the data set. In line 2 of DBM, we initialize a matrix
whose size is n × n. The corresponding time complexity is O

(
n2
)
.

According to Definition 5, the complexity of lines 3–9 is O
(
n2
)
. In

line 10 of DBM, we initialize a vector whose size is n × 1, and its
time complexity is O (n). In lines 11–15, we compute the 𝛾A (d) of
d with respect to A based on Definitions 7–9, the time complexity
of these lines is O

(
n2k

)
. Thus, the overall time complexity of the

algorithm DBM is O
(
n2k

)
. Algorithm DBM is an essential part of

algorithm ARNI.

ARNI calls DBM to calculate the neighborhood importance degree
of a relative to A at line 4. Its time complexity is O

(
n2k

)
. The time

complexity of step in line 9 to line 20 is 0.5m (m − 1). Hence, the
time complexity of algorithm ARNI is O

(
n2m2k

)
.

4. EXPERIMENTS

In the experiment, we use Algorithm DBM to calculate the rela-
tive dependency degree for every condition attribute. In Algorithm

ARNI, the redundant attributes will be reduced from the continu-
ous information systems. To verify the feasibility and effectiveness
of ARNI, we design a series of comparative experiments. Specif-
ically, we divide the experiments into two parts. One part is the
reduction ability of the algorithmARNI. In another part, we test the
acceleration performance of GPU for the matrixing models.

4.1. Experiment Environment and Objects

The experimental data in this paper come from the UCI machine
learning database [36], which is listed in Table 3. All values in those
datasets will be normalized before we used.

Algorithms DBM and ARNI are programmed in Python 3.6.7. The
experiments run on a computer withWindows 7 Ultimate, Intel i5-
5200U CPU 2.2GHz, and 4GB memory, NVIDIA 820M.

4.2. Comparative Experiment between
ARNI and Other Reduction Algorithms

To demonstrate the effectiveness of ARNI, we compare our algo-
rithm with NRS, CRS, and PCA in terms of the classification

Table 2 The result of the subset of condition-attribute sets.

𝝀N(d) 𝝀N(d) N (d) N (d) 𝜸B (d) 𝝈A (a)

A (1 1 1 1 1)T (1 00 1 1)T {x1, x2, x3, x4, x5} {x1, x4, x5} 3
5 /

A− {a1} (1 1 1 1 1)T (1 000 1)T {x1, x2, x3, x4, x5} {x1, x5} 2
5

1
5

A− {a2} (1 1 1 1 1)T (0000 1)T {x1, x2, x3, x4, x5} {x5} 1
5

2
5

A− {a3} (1 1 1 1 1)T (000 10)T {x1, x2, x3, x4, x5} {x4} 1
5

2
5

A− {a4} (1 1 1 1 1)T (1 00 1 1)T {x1, x2, x3, x4, x5} {x1, x4, x5} 3
5 0
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Table 3 Description of data sets.

Data Sets Logogram Samples Attributes Classes

biodeg BI 1055 41 2
debrecen DR 1151 19 2
ForestTypes FT 326 27 4
glass GL 214 10 6
ionosphere IP 351 33 2
iris IR 150 4 3
movement_libras ML 360 90 15
sonar SN 208 60 2
wdbc WD 569 30 2
wine WI 178 13 9

performance of K-Nearest Neighbor, K = 3 (KNN) and Support
Vector Machine (SVM).

NRS is another classic reduction algorithm in neighborhood rough
set theory [12,13]. Table 4 shows the number of features after reduc-
tion by ARNI and NRS for the different radius of the hypersphere
neighborhood 𝜀. In general, the reduction performance of ARNI
and NRS appears some differences. As shown in Table 4, in 19 of 30
experiments, the number of reduced attributes based onARNI is no
less than the number of NRS. The classification accuracy of KNN
(SVM) based ARNI reduction is superior to the one based on NRS
in 25 (24) of 30 experiments. Specifically, when 𝜀 = 0.01, although
the number of reduction attribute subsets of algorithmARNI is bet-
ter than the NRS, its classification accuracy of classifiers is higher
than NRS generally. When 𝜀 = 0.05, the advantage of ARNI in the

number of reduction attribute subsets begins to appear, and its clas-
sification accuracy is higher than NRS in general. When 𝜀 = 0.10,
the classification accuracy of ARNI is almost the same as that of
NRS or better than NRS, but the number of attribute subsets by
ARNI reduction is better.

Next, we provide a comprehensive comparison of the effects
of ARNI, NRS, and other reduction algorithms based on non-
neighborhood rough set theory. Those algorithms include the
reduction algorithm classic rough set (CRS) [1] and principal com-
ponent analysis (PCA) in the number of attributes and classifica-
tion accuracy after reduction. For ARNI and NRS, we choose a
moderate-performance parameter (𝜀 = 0.01) as the radius of the
neighborhood. For CRS, all continuous values in decision systems
have been clustered into two categories by KMeans (K = 2). The
reduction algorithm of CRS is the one based on the discernibility
matrix. Because there aremany results in the reduction sets, we ran-
domly choose 3 results to calculate the average value as the final
result in this paper. For PCA, to simplify the experimental analysis,
the final number of attributes is set to be the same as ARNI.

The results of the comparative experiment are shown inTable 5. The
classifiers perform better in the ARNI reduced decision systems
than other algorithms. That is to say, the reduction of attributes
based on ARNI provided better support for KNN and SVM than
others.

4.3. Experiment about the Effect of 𝜀
The granularity 𝜀 is a hyperparameter in ARNI. In this experi-
ment, we will test the effect of attribute reduction and classification
accuracy with different granularity 𝜀. It will show the relationship
between granularity 𝜀 and the number of attributes and classifica-
tion accuracy after reduction.

The range of 𝜀 is from 0.02 to 1, and the step size is 0.02. The clas-
sifier is KNN (K = 3). The final accuracy is the average of 10-fold
cross-validation. The detailed results are shown in Figure 2.

4.4. Experiment about GPU Acceleration

GPU architecture consists of a set of streaming multiprocessors
(SMs), each of which contains a set of processor cores called stream-
ing processors (SPs). Therefore, multiple threads are suitable for
a large number of repeated or parallel operations. Using GPU
acceleration operations can effectively improve computational
efficiency.

Compute Unified Device Architecture (CUDA), introduced by
NVIDIA, is a heterogeneous parallel computingmodel that involves
both CPU and GPU. In this paper, we use CUDA V7.0 [37]
and Pytorch framework [38] to recode ARNI in it. The program
runs on CPU versus GPU. The acceleration times are shown in
Figure 3. The speedup ratio 𝜌 of GPUon different data sets is shown
in Figure 4.

𝜌 = CPU running time
GPU running time
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Table 4 Reduction results of two different algorithms.

𝜀 NRS ARNI
Data
Sets

Reduction Accuracy Reduction Accuracy
  KNN SVM KNN SVM

0.01 BI 9 0.8216 0.7128 9 0.8216 0.7128
DR 7 0.6221 0.5951 8 0.6413 0.6245
FT 4 0.8108 0.7293 6 0.8234 0.7183
GL 4 0.6889 0.5653 4 0.6889 0.5653
IP 5 0.9007 0.8638 5 0.9007 0.8638
IR 3 0.9533 0.9667 3 0.9533 0.9667
ML 7 0.5956 0.3980 12 0.6811 0.4235
SN 4 0.5889 0.5374 7 0.6218 0.6134
WD 4 0.8999 0.9177 6 0.9189 0.9255
WI 4 0.8144 0.8147 6 0.95131 0.96663

0.05 BI 14 0.8284 0.6948 13 0.8328 0.7493
DR 13 0.6230 0.6168 11 0.6334 0.6213
FT 7 0.8393 0.7414 9 0.8306 0.7298
GL 9 0.6555 0.4696 8 0.6641 0.4958
IP 6 0.9091 0.8867 6 0.9091 0.8867
IR 3 0.9533 0.9667 3 0.9533 0.9667
ML 31 0.7011 0.4111 22 0.6989 0.4564
SN 7 0.5794 0.5753 11 0.6375 0.6384
WD 9 0.9316 0.9230 10 0.9489 0.9216
WI 5 0.8262 0.8141 4 0.8783 0.8818

0.1 BI 23 0.8159 0.7658 20 0.8200 0.7625
DR 19 0.6229 0.6142 17 0.6213 0.6169
FT 17 0.8429 0.7379 19 0.8436 0.7379
GL 9 0.6555 0.4696 7 0.6479 0.4563
IP 8 0.8952 0.8780 8 0.8952 0.8780
IR 4 0.9533 0.9667 3 0.9533 0.9667
ML 23 0.7000 0.4089 19 0.7167 0.4360
SN 9 0.6493 0.6492 11 0.6375 0.6384
WD 11 0.9403 0.9213 11 0.9403 0.9213
WI 6 0.8655 0.8655 4 0.8783 0.8818

ARNI, Attribute Reduction based on Neighborhood Importance Degree; KNN, K-nearest neighbor; SVM, support vector machine.

Table 5 Reduction results of different algorithms.

RAW CRS NRS PCA ARNI
Data
Sets

Reduc
tion KNN SVM Reduc

tion KNN SVM Reduc
tion KNN SVM Reduc

tion KNN SVM Reduc
tion KNN SVM

BI 41 0.8368 0.7725 33 0.8368 0.7772 9 0.8216 0.7128 9 0.8226 0.7008 9 0.8216 0.7128
DR 19 0.6229 0.6142 17 0.6203 0.6142 7 0.6221 0.5951 8 0.6117 0.6156 8 0.6413 0.6245
FT 27 0.8168 0.7042 18 0.7908 0.6374 4 0.8108 0.7293 6 0.8025 0.7178 6 0.8234 0.7183
GL 10 0.6555 0.4696 8 0.6379 0.4973 4 0.6889 0.5653 4 0.6690 0.5277 4 0.6889 0.5653
IP 33 0.8553 0.8523 27 0.8437 0.8664 5 0.9007 0.8638 5 0.8693 0.8809 5 0.9007 0.8638
IR 4 0.9533 0.9667 4 0.9533 0.9667 3 0.9533 0.9667 3 0.9533 0.9600 3 0.9533 0.9667
ML 90 0.7956 0.5389 17 0.7389 0.4678 7 0.5956 0.3980 12 0.6900 0.5889 12 0.6811 0.4235
SN 60 0.6432 0.6388 9 0.6498 0.7024 4 0.5889 0.5374 7 0.6644 0.6726 7 0.6722 0.6134
WD 30 0.9702 0.9527 23 0.9648 0.9474 4 0.8999 0.9177 6 0.9499 0.9422 6 0.9189 0.9255
WI 13 0.9555 0.9781 13 0.9555 0.9781 4 0.8144 0.8147 6 0.9513 0.9666 6 0.9513 0.9667

ARNI, Attribute Reduction based onNeighborhood ImportanceDegree; KNN,K-nearest neighbor; SVM, support vectormachine; CRS, classic rough set; PCA, principal component analysis.

5. CONCLUSION

It is a core challenge to the rough set theory about how to reduce
attributes effectively in information systems. The matrix descrip-
tion of rough sets and reduction algorithm can be executed more
efficiently than other forms in the computer operation, especially
in GPU. In this paper, we propose an attribute reduction algorithm

for neighborhood rough set based on Boolean matrix. Specifically,
we define the dependency degree of decision attribute sets. Based
on matrix description of neighborhood rough set, we also give a
solving method for the relative dependency degree by matrix com-
puting (Algorithm DBM). Furthermore, we realized the attribute
reduction by matrix computing (Algorithm ARNI). The results in
UCI datasets show that comparing the existing attribute reduction
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Figure 2 Numbers of selected features and classification accuracy with the different granularity 𝜀.

Figure 3 Running time on using only central processing unit (CPU) and using graphics processing unit (GPU) acceleration with different data sets.

algorithms ARNI can reduce attributes less affecting the classifica-
tion accuracy. Besides, we also show the acceleration performance
of GPU for the matrixing model.
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Figure 4 Speedup ratio of graphics processing unit (GPU)
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