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Feature selection can classify the data with irrelevant features and improve the accuracy of data classiﬁcation in pattern classiﬁcation. At present, back propagation (BP) neural network and particle swarm optimization algorithm can be well combined
with feature selection. On this basis, this paper adds interference factors to BP neural network and particle swarm optimization
algorithm to improve the accuracy and practicability of feature selection. This paper summarizes the basic methods and requirements for feature selection and combines the beneﬁts of global optimization with the feedback mechanism of BP neural
networks to feature based on backpropagation and particle swarm optimization (BP-PSO). Firstly, a chaotic model is introduced
to increase the diversity of particles in the initial process of particle swarm optimization, and an adaptive factor is introduced to
enhance the global search ability of the algorithm. Then, the number of features is optimized to reduce the number of features on
the basis of ensuring the accuracy of feature selection. Finally, diﬀerent data sets are introduced to test the accuracy of feature
selection, and the evaluation mechanisms of encapsulation mode and ﬁltering mode are used to verify the practicability of the
model. The results show that the average accuracy of BP-PSO is 8.65% higher than the suboptimal NDFs model in diﬀerent data
sets, and the performance of BP-PSO is 2.31% to 18.62% higher than the benchmark method in all data sets. It shows that BP-PSO
can select more distinguishing feature subsets, which veriﬁes the accuracy and practicability of this model.

1. Introduction
Image retrieval and other application ﬁelds are emerging [1].
In these problems, the data is often cumbersome, and the
number of features is large. Therefore, there are higher
requirements for feature selection, and feature selection
methods for complex data emerge as the times require [2].
Although these algorithms have certain search ability, the
eﬃciency is not high, and the waste of resources is serious, so
we need to have a more eﬃcient search strategy applied to
feature selection.
In the research of search algorithm, Wang et al. combine
genetic algorithm (GA) and feature subset selection.
Compared with heuristic search strategy, genetic evolutionary algorithm has stronger search ability [3]. Yu et al. use
the classiﬁcation performance of support vector machine
(SVM) to evaluate the selected feature subset, which is

similar to the feature selection method based on decision
tree [4]. Wang and Cai proposed a stochastic subspace
ensemble learning algorithm, whose principle is to train
multiple individual samples by using diﬀerent feature
subsets generated randomly, so as to enhance individual
diﬀerences [5]. Wang et al. suggested that training sets for
BP neural networks can be basically divided into two categories according to diﬀerent evaluation mechanisms:
wrappers and ﬁlters [6]. In order to better improve the
utilization rate of features, Aguirre et al. proposed to use
information theory measure to select related features.
Compared with the previous threshold method, information
theory measure can improve the quality of feature subset [7].
For the research on the update mechanism of particle
swarm optimization [8], Ali et al. introduce gene expression
data into the update mechanism of particle swarm optimization in the feature selection method of particle swarm
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optimization based on gene expression data to improve the
eﬃciency of the algorithm [9]. Jia et al. proposed a feature
selection method of wrapper class based on binary particle
swarm optimization algorithm and adopted the evaluation
mechanism of encapsulation mode based on support vector
machine [10]. Chen et al. proposed that by simulating the
group behavior of bird foraging and ﬁsh swarm activities, a
single particle uses the information of other particles in the
population to search the target solution [11]. Al-Musaylh
et al. ﬁnd the optimal solution of the objective function by
iteratively searching the feasibility space. Similar to other
evolutionary algorithms (genetic algorithms), particle
swarm optimization also belongs to swarm intelligence algorithm, but particle swarm optimization does not use the
group competition mechanism to ﬁnd the optimal solution
of the objective function; instead, it uses the group cooperation mechanism [12]. Cao et al. proposed a feature selection method of particle swarm optimization based on new
initialization and update mechanism, which imitates the
typical forward and backward search process. In the update
mechanism of local and global optimal position of particle
swarm optimization, the new update mechanism improves
the eﬃciency of particle swarm optimization [13]. The above
studies put a lot of eﬀort into controlling the mechanism of
the initial and update process of particle swarm optimization
and eﬀectively improve the eﬃciency of feature selection, but
when combined with the BP neural network, the neural
network converges. It reduces the overall performance of the
model to ensure accuracy [14].
This paper uses BP neural network to format the feature
data set and then establishes the search strategy for the
formatted data set. In this paper, interference factors are
added to BP neural network and particle swarm optimization algorithm to improve the accuracy and practicability of
feature selection. This paper summarizes the basic methods
and requirements of feature selection and proposes a BPPSO feature selection model combining the advantages of BP
neural network feedback mechanism and global optimization. On the basis of ensuring the accuracy of element selection, the number of elements is optimized and the
number of elements in the data is reduced. Finally, a variety
of data sets are introduced to test the accuracy of model
feature selection, and encapsulation pattern and ﬁlter pattern evaluation mechanism are used to verify the eﬀectiveness of the model.

2. Feature Selection and Particle Swarm
Intelligence Algorithm
2.1. Feature Selection Strategy. All kinds of search strategies
have their own advantages and disadvantages. Swarm intelligence optimization algorithm has become a research
hotspot because of its good trial and search ability.
According to the evaluation function, several features are
selected as feature subsets, which are regarded as a search
strategy with limited length to evaluate whether a search
strategy is eﬀective. The criterion is whether the strategy can
improve the ability and speed of ﬁnding the optimal feature
subset [15, 16].
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2.1.1. Fast Feature Selection Method. The feature selection
method of encapsulation model uses the actual training
model to measure the usefulness of feature subset (also called
supervised learning), and the obtained model has better
utilization value [17]. In the screening mode, the evaluation
of feature subset is independent of a speciﬁc learning algorithm. Feature quality is measured by analyzing the internal properties of a feature subset. The number of one or
more thresholds to select is set, and each feature is weighted.
This represents the importance of dimensional features,
which are sorted according to weight [18]. The ﬁltering
pattern is generally used for preprocessing, which has
nothing to do with the selection of classiﬁer, so the classiﬁcation performance of the feature subset obtained is worse
than that of the encapsulation pattern, but it is faster and
more robust [19, 20]. Robust matrix factorization is as
follows:
ΔLl3 � −ηδl3 Xl3 � η(t − y)f′ Xl3 Wl3 Xl3 .

(1)

If the element in L is Q, the conversion relation is
Q(Y) �

σ(Y) − avg σ Y′ , σ Y′ 
.
σ(Y)

(2)

Q is the dimension of the feature and the number of
samples. Each sample point can be expressed as
X � (i, j)l3 � (t − y)f′ Xl3 Wl3 .

(3)

The matrix X is decomposed into
n

C

Mik �  τ 1 Xik +  τ 2 U Yik  ∗ Qik .
a

(4)

b

M is the potential feature matrix (feature selection center),
and a and b are the class indicator matrix (C is the number of
feature selection). The matrix U with orthogonal and
nonnegative constraints can be regarded as a scaled feature
selection index matrix [21]. Orthogonal constraints and
nonnegative constraints exist at the same time to improve
the sparsity of the matrix, and nonnegative constraints are
more in line with the actual situation. Since the norm is used
as the loss function, it is easy to be aﬀected by noise points
and outliers [22]. In this paper, the norm is used to replace
the common norm to avoid large loss, which makes the
proposed model more robust. It is expressed as follows:
U � arg max


an ∈WK (a)

| bn � cn M.

(5)

The feature selection index matrix can be obtained by
optimizing formula (5), and then the feature selection index
indication matrix is used to guide feature selection. However, this is not enough. More information needs to be added
to improve the quality of the selected feature subset [23]. The
local geometry of data is very important in BP-PSO feature
selection task. In this paper, adaptive graph learning is used
to extract the sample similarity based on the internal geometric structure of the data, which makes the feature selection index matrix closer to the real category of the data,
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achieves the ideal feature selection eﬀect, and ﬁnally improves the performance of feature selection [24].

D � Ndi , wj  � P di Pwj |di ; Pwj |di 
K

�  Pwj |zk P zk |di ,
2.1.2. Adaptive Graph Construction. The traditional similarity between samples needs prelearning, and because the
similarity between samples is learned from the original
feature space, it is easily aﬀected by noise and redundant
features [25]. Therefore, in this paper, you can use the
adaptive graph method to repeatedly update the similarity
graph and learn the local structure while performing
feature selection. The methods proposed in the literature
are used for data processing. The similarity probability
between sample points is deﬁned as Sij , which is an element of the similarity matrix R [26]. For simplicity, the
square of Euclidean distance is used; that is, the distance
between two sample points is calculated. The similarity
matrix s of samples can be obtained by the following
formula:
Sij (v, e) � ζ 1 c1 (t) + ζ 2 c2 (k) + ζ 3 c3 (k) + ζ 4 c4 (k)
+ ζ 5 c5 (k) + ζ 6 wik ,

(6)

where w is the regularization parameter to avoid invalid
solutions. Obviously, the regular term c can be used to adjust
the number of neighbor nodes. The optimal value of c should
be such that most vectors v contain only k nonzero elements,
where k is the number of neighbors connected to c (t).
c1 (t) ≥ 0,
c2 (k) ≥ 0,
c3 (k) ≥ 0,

(7)

c4 (k) ≥ 0,
c5 (k) ≥ 0.
After the similarity matrix is obtained, a priori constraint can be added to improve its reliability. In the next
section, an adaptive graph optimization based on ideal local
structure is proposed to further improve the correctness of
adaptive graph [27]. For the similarity matrix, the ideal
state is to contain only a connected component, that is, a
cluster. However, the similarity matrix learned by local
structure is almost impossible to be in this state, that is,
aware:
Alim � f(x) �  cj
j⊂Q

xj
σ Xj′

V �  a1 , b1 , a2 , b2 , . . . , an , bn .
As long as V is a large enough value, it tends to zero. By
changing the problem from the original rank constraint to
the solution of trace, the complexity of the original problem
is greatly simpliﬁed [29]. Through this method, we can learn
the ideal local structure information, make the result of
feature selection more accurate, and ﬁnally improve the
performance of feature selection.
2.2. Particle Swarm Optimization Intelligent Algorithm and
Feature Selection Mutation Control. Although the particle
swarm optimization algorithm has shown good performance, the feature selection method based on particle swarm
optimization still has a lot of room for improvement: in the
existing feature selection method based on particle swarm
optimization algorithm, the optimization algorithm and
feature selection are independent of each other, and the
particle swarm optimization algorithm is only used as a tool
to rely on its own search ability for the evaluation process.
The veriﬁcation function provides a subset of features, which
is not substantially combined with feature selection [30].
Feature selection is a complex issue. This is to select a better
subset in the original data set (by evaluating the subset using
classiﬁcation performance) and ensure the simpliﬁcation of
the subset reduces the number of features in the subset. The
beneﬁts of optimization algorithms are reﬂected not only in
good search capabilities, but also in combination with the
target problem. The existing research on feature selection
based on optimization algorithm often ignores this problem.
The cluster structure of feature selection method is
determined by Laplacian graph and adaptive discriminant
regularization, which is dynamic. Through the feedback of
feature selection results, this kind of method can get better
feature selection analysis. In order to improve the accuracy
of calculation and control eﬃciency of practical engineering
problems, RNG K - ε model is selected as turbulence control
model after comparison. The two basic equations, K equation and ε equation, are as follows:
RNG k − ε �

− p − B ∗ L.

(8)

In formula B, l is the Laplacian matrix obtained from
the similarity matrix. a is a Laplacian matrix, and the degree
matrix f (x) is a diagonal matrix. It can be proved that if the
characteristic variables are unchanged, then the similarity
matrix will have p connected components. Therefore, we
can add a priori constraint to local structure learning to
obtain ideal local structure information [28]. Since the a
priori constraint depends on the similarity matrix s,
equation (8) is diﬃcult to solve. The constraint can be
simpliﬁed to

(9)

k�1

ε�

ex − e− x
,
ex + e−x
x
∗ K.
1 +|x|

(10)

Based on the above feature selection methods, a good
feature selection method needs to extract reliable data
geometric structure and reliable cluster structure to guide
the feature selection process. However, the existing algorithms either focus on the extraction of ideal data geometric structure or focus on robust feature selection to
guide better feature selection (rufsm) and rarely take these
two aspects into account at the same time. Based on the
above algorithm, this paper proposes to establish a uniﬁed
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framework of special selection method, which integrates
adaptive local structure learning, discriminant information
extraction, and feature selection into the framework.
Therefore, before information fusion, the original signal G
must be preprocessed strictly:
1
1
G � (t − y)2 � [t − f(WX)]2 .
2
2

(11)

In this method, the discriminant information is obtained
by robust matrix decomposition, and the local structure
information in the data set is learned by adaptive graph
embedding, and a priori constraint is added to the learned
similarity matrix without preconstructing the similarity
matrix between samples. The inﬂuence of noise and redundant features is reduced; thus, the robustness of the
model is improved and the learned local structure information is improved more accurate. Finally, the feature selection function is realized by applying row sparse norm to
the feature selection matrix. The feature vectors obtained by
multisensor synthesis are as follows:
L � ΔNl � −η

zE
zW

T

l

� ηXl  δl + B,

3.1. Content. In this paper, interference factors are added to
BP neural network and particle swarm optimization algorithm to improve the accuracy and practicability of feature
selection. This paper summarizes the basic methods and
requirements of feature selection and then proposes a feature selection model based on BP-PSO combining the
feedback mechanism of BP neural network and the data
global optimization advantage of particle swarm optimization. Firstly, chaotic model is introduced to increase the
diversity of particles in the initial process of particle swarm
optimization, and adaptive factor is introduced to enhance
the global search ability of the algorithm. Then, the number
of features is optimized to reduce the number of features on
the basis of ensuring the accuracy of feature selection. Finally, diﬀerent data sets are introduced to test the accuracy of
feature selection, and the evaluation mechanisms of encapsulation mode and ﬁltering mode are used to verify the
practicability of the model.

(12)

where n is the number of extracted eigenvalues and W is
multiple samples. The dimension of each element in the
eigenvector matrix L is still not uniform, which does not
conform to the data format processed by neural network.
Because the neural network focuses on capturing the differences between diﬀerent types of data, and the feature
vectors only compare the elements in the same position, it
is necessary to convert the values of each element from
absolute value to relative value to meet the needs of neural
network. Let the set of elements in each column be a. The
normalized transformed characteristic matrix is n. The
relationship between N and B is shown in the following
formula:
ΔQi � Nj − ηE′ � ηxi (t − y)f′ (WX) � ηxi δ.

3. Feature Selection Research Design

(13)

The transformed eigenvalues are all greater than 0, and the
maximum value of each column element is still uncertain. It is
necessary to further normalize the elements in B before they
can be input into the neural network. The traditional normalization method usually converts all the data to a speciﬁc
interval by linear or nonlinear processing. The premise of this
method is that you know the numerical range of the data so
that you can compare the data and perform global normalization, but the data is collected by two types of sensors that
consist of three characteristic values, and the numeric range of
each column of data does not change. Here, the value of Q is
uncertain; that is, the numerical range of diﬀerent columns of
data is diﬀerent, so it cannot be compared with each other. The
data processed column by column can still reﬂect the differences between diﬀerent rows of data. Therefore, the eigenvalues are further converted to the same range by column
normalization.

3.2. Design. In order to have an objective understanding of
the performance of BP-PSO model, all features will be used
as the benchmark in the experiment and compared with
other ﬁve related adaptive feature selection algorithms. The
control models involved in the experiment were baseline,
lapscore, UDFs, NDFs, fsasl, and sogfs. In order to ensure
the fairness and eﬀectiveness of the comparative experiment,
when the nearest neighbor parameter needs to be set in
advance in the experiment, it is set to k � 5. And the parameter size in the Gaussian heat kernel function is set to 1.
The feature data set is formatted by BP neural network,
and then the search strategy is established for the formatted
data set. Six data sets (PalmData25, Ecoli, Isolet, Jaﬀe, Yale,
and Coil20) are introduced to evaluate the accuracy and
practicability of BP-PSO model. The simpliﬁed model of BP
model introduced in this paper is shown in Figure 1.
In addition, the dimension space of the feature selection
matrix (projection matrix) and the number of potential
clusters are set to C (C is the number of real categories of the
data set). BP-PSO model also needs to adjust three parameters. According to the diﬀerent substeps involved in the
feature selection process, these embedded methods can be
further divided into the following diﬀerent types. The ﬁrst
type of embedded method ﬁrst detects the structure of the
data and then directly selects those features that can be used
to best retain the closed structure. Typical methods include
trace ratio criterion and unsupervised discriminant feature
selection (UDFs). The second method of embedded feature
selection is to ﬁrst create various Laplacian graphs to obtain
sample similarity information and then to detect the cluster
structure of the data by spectral analysis. Then sparse
spectral regression gets the sparse feature selection matrix.
Finally, the feature selection matrix selects the features with
the highest scores, that is, the features that best ﬁt the cluster
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Figure 1: BP model simpliﬁed mode.

structure. These clustering structures, which are mined by
graph embedding or other feature selection methods, can be
regarded as the approximate process of real data labels.

4. Results and Discussion
4.1. Feature Selection Accuracy of BP-PSO for Diﬀerent Data
Sets. In this section, comparative experiments are used to
verify the eﬀectiveness of the features selected by BP-PSO
model. A total of 6 data sets are used for feature selection
analysis.
As shown in Figure 2, most of the adaptive feature selection algorithms have better performance than baseline. It
shows that there are a lot of redundancy and noise features in
the original data. The performance of the learner can be
improved by feature selection. The importance of feature
selection is explained. Lapscore’s feature selection results are
not satisfactory, because its feature selection strategy is to
select features one by one. This feature selection method
ignores the relationship between features, and the selected
features are more redundant than other models.
As shown in Table 1, the average accuracy of BP-PSO is
8.65% higher than that of the suboptimal NDFs model. In
addition, it is worth noting that the performance of BP-PSO
algorithm on all data sets is improved by 2.31% to 18.62%
compared with the benchmark method. This shows that BPPSO can select a more discriminating feature subset. From
the experimental results, the relationship between the
number of features and the results of feature selection can be
further analyzed. The best result on PalmData25 is slightly
better than other data sets because of the low feature dimension and low feature redundancy. The diﬃculty of
feature selection is relatively high.
Through repeated use of K-means feature selection 20
times, take the average value, and take the dimension with
the best results to make a three-dimensional map. The results
of feature selection of BP-PSO corresponding to diﬀerent
parameters on six public data sets are shown in Figure 3.
From the feature selection NMI of Ecoli and isolet data sets,
it can be concluded that it is necessary to select parameters
for data, and diﬀerent parameter combinations may have a
huge impact on the results. The performance of ACC and
NMI under the same parameter combination may be greatly
diﬀerent. This is because ACC and NMI are two completely
diﬀerent evaluation indexes. Diﬀerent evaluation indexes
result in diﬀerent evaluation results. In the experiment, BP-

PSO needs to set some parameters in advance, mainly focusing on the inﬂuence of two main regularization parameters on the experimental results, that is, to ensure the
local similarity of data and to control the sparse constraint of
feature selection matrix.
The feature decomposition of 3D model is shown in
Figure 4. On six data sets, ACC is selected for the feature
corresponding to diﬀerent values. Diﬀerent combinations of
parameters have diﬀerent results. The results of the algorithm on PalmData25 and Coil20 are stable. This may be due
to the large number of samples in PalmData25 and Coil20
data sets and the low diﬃculty of feature selection.
As shown in Figure 5, for LIHC, the feature selected by
Chi2 and DTree classiﬁer can achieve the maximum accuracy of 6.32%. For the features selected by RF or SVM-RFE
and DTree classiﬁcation model, the maximum accuracy of
each data set is improved by at least 1.25%. If the best model
of any feature selection algorithm and classiﬁcation algorithm is used as the ﬁnal model of the data set, the six cancer
data sets can be improved by BP-PSO coding features. The
accuracy of the ﬁnal model PRAD and THCA has increased
by 0.23%. The ﬁnal model of the data set BRCA has an
improved maximum accuracy of 0.36%. At the same time,
from the ﬁnal results, the four combinations of feature
selection algorithms t-test and RF-fs (representing feature
selection algorithm RF) and the classiﬁers DTree and RF can
give the best experimental results. Therefore, researchers can
consider them as further experimental schemes.
As shown in Table 2, compared with the original
methylation features of all six data sets, BP-PSO encoded
features have better feature selection accuracy in general.
PRAD data set is more diﬃcult in the problem of binary
classiﬁcation, and the feature selection accuracy of BP-PSO
coding or original feature is not higher than 0.9500. The ttest p value of THCA with only one BP-PSO coding feature
is more signiﬁcant than the original feature. Only the top
BP-PSO coding features can achieve the feature selection
accuracy of 0.9734, which is better than the best feature
selection accuracy of 0.9698 obtained by using 8 original
features.
As shown in Figure 6, signiﬁcant improvement can be
achieved in LIHC, PRAD, and THCA data sets. Without
using feature selection algorithm, the best results of the three
data sets are 0.96, 0.98, and 0.99. Therefore, in the feature
selection step, these three data sets are not much improved.
The accuracy of LIHC, PRAD, and THCA in the other three
data sets was improved by 3.5129%, 4.3478%, and 6.7496%,
respectively. Therefore, in many cases, the feature selection
of BP-PSO coding can be used to improve the feature selection model.
The BP-PSO coding features are shown in Figure 7.
Further experiments are carried out to evaluate whether the
BP-PSO coding model can get useful information from the
lower ranking features. Three groups of 500 features with ttest ranking are selected for BP-PSO coding. Then, the three
BP-PSO coded feature sets are compared with the top 500 ttest ranked original features.
As shown in Figure 8, when detecting the image feature
data set, the BP-PSO encoded feature is superior to the
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(a)

(b)

Figure 2: Unsupervised feature selection algorithm. (a) Structure. (b) Particle swarm algorithm simulation.

Table 1: Average accuracy of diﬀerent data sets.
Item
BP-PSO
DTree
NDFS
RF
BP-PSO
THCA

PalmData25
1.09
1.72
4.43
1.21
1.42
6.24

LIHC
1.91
1.09
4.22
3.41
2.64
3.35

PRAD
1.55
2.33
5.01
2.59
2.54
5.85

t-test
1.78
1.55
4.37
4.61
3.42
1.12

Wilcoxon test
1.05
3.57
5.33
2.14
4.75
5.51

Original feature
1.99
2.76
5.9
5.44
1.81
3.33

BP discrete node

100
80
60
40
20
0

1

2

3
4
Analog match

TCGA
BioSAE
LIHC

5

6

7

PRAD
THCA

Figure 3: The result of feature selection for diﬀerent parameters.

original methylation feature. Using any of the six feature
selection algorithms, the two classiﬁers logistic R and SVM
have not improved the accuracy of feature selection in image
feature data set. Moreover, the features encoded by BP-PSO
cannot be used to improve NBayes model. However, the best
NBayes model using original features can only achieve the
accuracy of 0.75, while the feature selection algorithm using
t-test or Wilcoxon test for BP-PSO coding features can
improve the accuracy of NBayes model to 0.8053. The model
using lr-rfe and DTree even achieves the maximum improvement of 16.4%. The BP-PSO coding features obtained

by RF classiﬁer and rf-fs feature selection algorithm achieve
the best feature selection accuracy of 0.86.
As shown in Table 3, BP-PSO model has a good improvement eﬀect when using t-test and RF feature selection
algorithms. Therefore, the experiment in this section uses
these two feature selection algorithms. Compared with other
experiments, the classiﬁcation eﬀect of the original feature
and the BP-PSO coding feature is compared.
As shown in Figure 9, ACC and NMI do not simply
increase with the increase of feature dimension, but start to
stabilize or even ﬂuctuate after entering a certain feature
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Figure 4: Feature decomposition of 3D model.
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Figure 5: Absolute value of sensitivity varies with eccentricity.

Table 2: Original methylation characteristics of data sets.
Item
Original
DTree
SVM-RFE
RF
BP-PSO
THCA

Accuracy
1.24
3.2
6
5.34
1.82
3.55

Improved NBayes
0.6
2.54
4.27
1.63
1.06
2.68

dimension. This shows that there are few eﬀective features in
the data, and most of them are redundant and invalid. Too
many features do not only bring computational burden, but
also may bring negative eﬀects. This also shows the necessity
of feature selection. Sogfs, fsasl, and BP-PSO, which are local
manifold models with adaptive learning data, perform better
than other models. The importance of local geometric information in adaptive feature selection is illustrated. The
curve of BP-PSO is basically above other algorithms, which
shows that the full use of local geometric structure and
discriminant information is helpful to select a good feature
subset.

LIHC
1.1
2.97
5.38
4.66
1.63
6.74

PRAD
0.91
3.96
2.93
2.54
1.23
1.23

t-test
0.61
1.92
2.98
3.19
4.47
6.62

Wilcoxon test
1.66
1.86
5.85
1.33
3.95
3.41

As shown in Figure 10, the features of BP-PSO coding
are not signiﬁcantly improved in the pems-sf data set, and
the overall eﬀect is similar to or slightly smaller than the
feature selection accuracy of the original features. However,
when using the logistic r classiﬁer, the features of BP-PSO
coding are 6.95% higher than the original features. Overall,
the feature selection accuracy of BP-PSO coding is 0.96. The
feature of BP-PSO coding has been greatly improved in the
image data set, and in many cases, it has been improved by
more than 10%. The best feature selection accuracy rate is
0.94, which is much higher than the best feature selection
accuracy rate of 0.89 of the original feature.
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Figure 6: Live-action image special conquest eﬀect.
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Figure 7: Unsupervised feature selection algorithm.
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Table 3: Classiﬁcation eﬀect of the original features on the data set.

Item
DTree
SVM-RFE
RF
t-test
Wilcoxon test
Original feature

BP-PSO
0.86
0.8
1.32
0.31
0.01
1.08

THCA
1.51
3.43
3.91
1.28
1.39
2.27

SAE
5.08
4.89
5.49
2.88
2.5
3.59

LIHC
1.4
3.06
3.42
3.89
4.17
3.28

PRAD
3.17
2.05
1.01
1.08
1.12
3.24

Chi2
4.8
1.73
1.86
3.01
5.89
6.61

Figure 9: Really valid features in the data.
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Figure 10: Optimize ship operation management.

As shown in Figure 11, the swarm behavior data set using
BP-PSO also has a good improvement eﬀect, especially when
using NBayes classiﬁer, the improvement eﬀect even reaches
32.5%. Overall, the feature selection accuracy of BP-PSO
coding is 0.99. A positive value indicates that the features
encoded by BP-PSO outperform the original features with
the same rank. BP-PSO can get more useful features from BP
coding.
4.2. Discussion. This paper studies the feature selection
performance of BP-PSO coding features in diﬀerent feature
selection problems. The feature data set has four

development stages, I/II/III/IV, which can be retrieved
from TCGA database. In this paper, a feature engineering
algorithm BP-PSO based on sparse self-encoder is proposed to enrich the original methylation features, so as to
distinguish TCGA cancer samples from normal samples.
BP-PSO can even obtain useful information from the
lower-ranking features and outperform the feature selection results of the highest-ranking original features.
Compared with the original methylation features, BP-PSO
coding features show better performance in diﬀerence
analysis, feature selection, and classiﬁcation. In addition to
the conventional problems, the experimental results show
that the model also has a good eﬀect for BRCA and other
heterologous cancers, and the BP-PSO coding features can
prove the accuracy of feature selection used to improve the
image feature data set (THCA). At the same time, you can
apply the BP-PSO model to some engineering problems for
excellent feature selection performance. Experimental data
show that the combination of BP-PSO coding capabilities
and traditional feature selection algorithms can generate
feature selection models with excellent performance. The
classical rough set theory is based on the equivalence relation, and the values it deals with are discrete values. In
reality, there are many attributes with continuous values.
The classical rough set theory usually discretizes the
continuous values, which will lead to the loss of information. The real ﬁeld rough set model can solve this
problem, and the real ﬁeld rough set model is based on the
generalized attribute the extension under the importance
measure criterion. Rough set is not suitable to deal with
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Figure 11: Operation management during ship navigation.

large data set because it needs to traverse the whole space to
get the optimal subset. The calculation of generalized
importance can aim at the continuous attribute value and
solve the problem of information loss caused by the
classical rough set to the data discretization processing,
which aﬀects the processing results.

techniques to feature selection such as tensor calculus and
decomposing machines.

Data Availability
The data that support the ﬁndings of this study are available
from the corresponding author upon reasonable request.

5. Conclusions
Feature selection is a mature data preprocessing method,
which can eﬀectively remove redundant features and noise
and then achieve the purpose of reducing the data dimension
and retaining the important information of the data at the
same time. The feature selection process is guided by the
feature selection information obtained by matrix decomposition and the local structure information obtained by
adaptive graph. In order to prevent overﬁtting, the redundant features in the data are further removed by row sparse
norm to improve the eﬀect of feature selection. Compared
with other unsupervised feature selection models, BP-PSO
model improves ACC and NMI to a certain extent. The
model has higher accuracy and higher robustness and is
insensitive to parameters. BP-PSO, like NDFs, can obtain
discriminative information by feature selection. However,
NDFs spectral feature selection is in the original space, and
there are a lot of noise and redundant features in the original
space, which will aﬀect the accuracy of the features learned.
BP-PSO obtains feature selection label through robust
matrix decomposition, which can eﬀectively reduce the
inﬂuence of noise and outliers on feature selection. Both BPPSO and fsasl consider the inﬂuence of noise and outliers,
and the models are robust. But the diﬀerence is that BP-PSO
has more detailed prior constraints on the similarity matrix,
so the structure information is more accurate. The matrix
factorization model is used to select the features of a data
point that is a linear model. However, the data is often
embedded in low-dimensional manifolds, and there are
complex nonlinear relationships between the data that
cannot be processed by a linear matrix factorization model.
The focus of this paper is on how to apply more advanced
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