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Abstract. In recent years, high-dimensional data has often appeared in the
fields of science and industry, such as computer vision, pattern recognition,
biological information, and aerospace. Feature dimension reduction and selec-
tion are the process of reducing data from high dimensionality to low dimen-
sionality to reveal the nature of the data. In the field of wireless communication,
in view of the feature redundancy caused by the high-dimensional features of
wireless device startup transient signals, this paper converts the high-
dimensional features of signals into low-dimensional features that are con-
ducive to classification through the feature dimensionality reduction and
selection method based on PCA-NCA. In addition, this paper also carried out
parameter optimization for SVM classifier, and the established CV-SVM clas-
sifier improved the classification performance. This paper also carries out sim-
ulation devices on the measured start-up signals of ten identical walkie-talkies.
When the SNR is greater than 0 dB, the recognition accuracy of the PCA-NCA
algorithm is 10% higher than recognition accuracy of the PCA algorithm alone;
when the SNR is greater than 10 dB.
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1 Introduction

Feature selection refers to selecting a subset of features from the original feature set that
optimizes certain evaluation criteria. With feature selection, some task-independent or
redundant features are removed, and simplified data sets are often more accurately
modeled and easier to understand [1]. Feature selection is a hot issue in related fields
such as machine learning and pattern recognition. Many scholars at home and abroad
have studied this and proposed a series of algorithms [1–3].

The feature selection methods are mainly divided into 2 types according to whether
the classification accuracy is used as an evaluation function: a filtering method and a
wrapper method [4]. Since the filtering method does not use the classification accuracy
as evaluation index. However, since the method evaluates the classification effect
during each cycle, it leads to a long time. Jain [5] experiments show that genetic
algorithms are prone to premature convergence, and when the structure of genetic
algorithms is applied to large-scale data, the operating efficiency will decline [6].

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2019
Published by Springer Nature Switzerland AG 2019. All Rights Reserved
G. Gui and L. Yun (Eds.): ADHIP 2019, LNICST 301, pp. 12–19, 2019.
https://doi.org/10.1007/978-3-030-36402-1_2

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-36402-1_2&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-36402-1_2&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-36402-1_2&amp;domain=pdf
https://doi.org/10.1007/978-3-030-36402-1_2


Neighborhood components analysis (NCA) is a supervised learning method pro-
posed by Goldberger et al. [7]. It measures the sample data according to a given
distance measurement algorithm, and then classifies the multivariate data. In terms of
function, it has the same purpose as k-nearest neighbor algorithm, and directly USES
the concept of random nearest neighbor to determine the labeled training samples
adjacent to the test samples. It has been widely used in speech recognition [8], image
recognition [9, 10] and text recognition [11, 12]. Based on the research of PCA and
NCA methods, this paper combines the two algorithms and improves the traditional
SVM algorithm. The remaining papers are arranged as follows: in the second chapter,
this paper will introduce the basic theory of PCA, NCA and CV-SVM algorithm; In
chapter 3, this paper takes the measured startup transient signals of ten interphones of
the same model as the data set to verify the effect of the method proposed in this paper.
In the fourth chapter, the thesis will put forward the conclusion.

2 Algorithm Theory

2.1 PCA Feature Dimensionality Reduction

PCA is widely used in various fields because it can concentrate information, simplify
the structure of indexes and make the process of analyzing problems simple, intuitive
and effective. Suppose, a training set is X ¼ fx1; x2; � � � ; xmg, xi is a n-dimensional
vector. Meantime, a lower dimensional data set is Y ¼ y1y2; � � � ; ymf g, yi is a one-
dimensional vector.

(1) Data preprocessing

Make X ¼ fx1; x2; � � � ; xmg have a mean of 0.

lx ¼
1
m

Xm
i¼1

xi ð1Þ

x0i ¼ xi � lx ð2Þ

The processed matrix is X 0 ¼ x01; x
0
2; . . .x

0
m

� �
(2) Obtain the covariance matrix

Cx ¼ X 0 X 0T ð3Þ

(3) Calculate feature values and feature vectors

Cxa ¼ ka ð4Þ
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The eigenvalues are arranged in descending order according to the value, the
eigenvector related to the first eigenvalue is selected, and then used to form the
transformation matrix A.

K ¼
k1

: 0
0 :

kn

2
664

3
775; k1 � k2 � � � � � kn ð5Þ

Pl
i¼1

ki

Pn
i¼1

ki

� k ð6Þ

A ¼ a1; a2 � � � ; alf g ð7Þ

k represents the proportion of energy in the reduced data to the original data. We
usually set k to 85%*90%.

(4) Calculate the dimensionality reduction matrix Y

The sample Y ¼ y1y2; � � � ; ymf g is multiplied by the transpose matrix of the feature
vector. The sample Y ¼ y1y2; � � � ; ymf g is subtracted from the mean of the training
samples to ensure that the training sample and the test sample are converted to the same
sample space.

Y ¼ AT � X 0 ð8Þ

2.2 NCA Feature Selection

Neighborhood component analysis is a distance measurement learning method. Its
purpose is to obtain a linear space transfer matrix by learning on the training set, and to
maximize the classification effect of LOO in the new transformation space. The key of
this algorithm is to find A positive definite matrix A related to the spatial transfor-
mation matrix, which can be obtained by defining A differentiable objective function of
A and using iterative methods (such as conjugate gradient method, conjugate gradient
descent method, etc.). One of the benefits of this algorithm is that the number of
categories K can be defined by a function f (determining scalar constants). Therefore,
the algorithm can be used to solve the problem of model selection.

To define the transformation matrix A, we first define an objective function that
represents the classification accuracy in the new transformation matrix, and try to
determine that A* maximizes this objective function.

A� ¼ argmaxA f ðAÞ ð9Þ
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When classifying a single data point, we need to consider the k nearest neighbors
determined by a given distance metric, and get the class of the sample according to the
category label of the k neighbors.

In the new conversion space, we do not use the left-sort method to find k nearest
neighbors for each sample point, but consider the entire data set as a random nearest
neighbor in the new space. We use a squared Euclidean distance function to define the
distance between a data point and other data in the new conversion space. The function
is defined as follows:

pij ¼
e
� Axi�Axjk k2

P
k

e
� Axi�Axjk k2 ; if j 6¼ i

0; if j ¼ i

8>><
>>: ð10Þ

The classification accuracy of the input point i is the classification accuracy of the

nearest neighbor set Ci adjacent to it: pi ¼
Pn
j
pij, Where pij denotes the probability that

j is the nearest neighbor of i. The objective function defined by the global data set as the
nearest neighbor classification method of random nearest neighbors is defined as
follows:

f ðAÞ ¼
X

i

X
j2Ci

pij ¼
X

i
pi ð11Þ

The objective function can be better chosen as:

@f
@A

¼ �2A
X

i

X
Ci
pij xijx

T
ij �

X
k
pikxikx

T
ik

� �
ð12Þ

A continuous gradient descent algorithm is used here.

2.3 CV-SVM Classifier

The SVM classifier uses the nonlinear mapping function to optimally classify the
sample signals in high-dimensional space to separate the training sample points and
maximize the distance from the optimal separation surface [13, 14]. The SVM classifier
is used to construct the optimal classification hyperplane in high dimensional space.

f ðxÞ ¼ aqðxÞþ b ¼
Xm
k¼1

akqðxkÞþ b ¼ 0 ð13Þ

Where a is a weight vector, b is a threshold, and a and b determine the location of
the classification plane. Introduce a relaxation factor to measure the distance between
the SVM output value and the practice indicator value, thereby transforming the
problem of optimizing the sample signal separation surface into
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min 1
2 ak k2 þC

Pm
i¼1

li; i ¼ 1; � � � ;m

s.t.
yiðaxi þ bÞ� 1� li
li � 0

�
8>>><
>>>:

ð14Þ

Among them, the penalty parameter C is used to control the degree of penalty of the
wrong sample. Secondly, the Lagrangian multiplier is introduced to make the above
problem a secondary plan. Then introduce the RBF kernel function to get RBF-SVM.

f ðxÞ ¼ sign
Xm
i;j¼1

aiyi exp �g x� xik k2
n o

þ b

 !
ð15Þ

C and g that take values within a certain range are used as the original data set.
Then, step by step, gradually increase the values of C and g, and calculate the clas-
sification accuracy under this group C and g. The final parameters are obtained by C
and g with the highest classification accuracy. Since the search process for this optimal
parameter is a cross-validation, grid search process, the final SVM is called CV-SVM.

3 Simulation Analysis

In order to verify the effect of Hilbert transform, NCA-PCA feature selection method
and CV-SVM classifier, this paper collects the startup transient signals for the same
model of the same manufacturer, and uses MATLAB to simulate noise interference.

This simulation verifies the method proposed in this paper from two aspects: the
classification results between different methods and the classification results of different
individuals. In this paper, the antenna of the walkie-talkie is directly connected to the
input of the oscilloscope cable to reduce the fading of the signal, ignoring the multipath
phenomenon, the delay phenomenon, and the temperature during the transmission.
A high-performance Agilent oscilloscope is used to connect the communication station
with a cable, and the startup transient signal is directly collected at a sampling rate of
40 MHz, and the number of sampling points is 159901. For 10 devices, each device
collects 50 noise-free signals, and divides the 500 signals into training samples and test
samples in a ratio of 2:3. It is necessary to artificially add Gaussian white noise after
acquiring the signal. Because the time domain length of the captured transient signal is
long, the computer memory will be required in the subsequent processing. So, we did a
simple sampling at every 50 points, and the length of the signal Hilbert envelope
dropped to 3187.

Firstly, this paper uses five methods of ‘PCA+SVM’, ‘PCA+NCA+SVM’, ‘PCA
+NCA+CVSVM’, ‘PCA+KNN’ and ‘PCA+NCA+KNN’ to identify the startup tran-
sient signals of 10 walkie-talkies. The results are shown in Fig. 1. After the Hilbert
transformation and sampling of the experimental data used in this paper, PCA
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dimension reduction is carried out. In this paper, the dimension when the contribution
rate is 90% is taken as the dimension after dimension reduction. In the three methods of
‘PCA+NCA+SVM’, ‘PCA+NCA+CVSVM’ and ‘PCA+NCA+KNN’, we also use the
NCA feature selection method on the basis of PCA to select features with feature
weights greater than 1 for classification. We can see that: (1) when ‘PCA+SVM’ and
‘PCA+NCA+SVM’ are less than 10 dB, the recognition rate is always greater than
10%, which proves that the feature selection method proposed in this paper can
effectively improve the performance of the classifier. Not only that, from the ‘PCA+
KNN’ and ‘PCA+NCA+KNN’ these two methods of the results of comparison, can
also explain the superiority of the method proposed in this paper; (2) from a general
view of the recognition rate curve of ‘PCA+NCA+CVSVM’ method, it can be seen
that when the traditional gaussian kernel function SVM is modified to CV-SVM, the
recognition accuracy is improved a little. Thus, the PCA-NCA and CV-SVM methods
proposed in this paper can both effectively improve the accuracy of individual com-
munication recognition.

Next is the confusion matrix of the recognition results of ‘PCA+NCA+CVSVM’
method under the SNR of 0, 5, 10 and 15 dB, respectively. It can be seen that when
SNR = 0 dB, the recognition rate of devices NO.1, NO.4, NO.6, NO.7 and NO.8 does
not exceed 70%, which is caused by the overlapping feature distribution between them,
which makes it difficult to correctly classify the classifier. When SNR is greater than
5 dB, the feature distribution is gradually clear, and the location of different types of
feature distribution is also gradually far away. Therefore, when the SNR increases, the
classification accuracy of each device also increases gradually (Fig. 2).

Fig. 1. Accuracy of five methods
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4 Conclusion

In the field of radio frequency fingerprint identification, this paper proposes a feature
selection method of PCA and NCA, and improves the SVM parameter selection
method to select the optimal parameters of SVM by cross validation method [15]. In
this paper, PCA is used to remove the correlation between features, and then NCA
feature selection method is used to select the features that are most conducive to
classification, so as to solve the problem of high feature dimension of power-on
transient signal. Experimental results show that this algorithm can effectively reduce
feature redundancy and improve recognition accuracy while reducing data dimensions.

Acknowledgment. The authors would like to thank State Key Laboratory of Complex Elec-
tromagnetic Environment Effects on Electronics and Information System Director Fund
(CEMEE2019K0104B).

(a) SNR=0dB (b) SNR=5dB

(c) SNR=10dB (d) SNR=15dB

Fig. 2. Classification result confusion matrix under four SNRs
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