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PAPER

Broadband Direction of Arrival Estimation Based on Convolutional
Neural Network
Wenli ZHU†a) , Student Member, Min ZHANG† , Chenxi WU† , and Lingqing ZENG†† , Nonmembers

SUMMARY A convolutional neural network (CNN) for broadband direction of arrival (DOA) estimation of far-field electromagnetic signals is
presented. The proposed algorithm performs a nonlinear inverse mapping
from received signal to angle of arrival. The signal model used for algorithm is based on the circular antenna array geometry, and the phase
component extracted from the spatial covariance matrix is used as the input
of the CNN network. A CNN model including three convolutional layers is
then established to approximate the nonlinear mapping. The performance
of the CNN model is evaluated in a noisy environment for various values
of signal-to-noise ratio (SNR). The results demonstrate that the proposed
CNN model with the phase component of the spatial covariance matrix as
the input is able to achieve fast and accurate broadband DOA estimation
and attains perfect performance at lower SNR values.
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1.

Introduction

DOA estimation is widely used in mobile communications,
radar, sonar, seismic exploration and other fields. In civilian applications, DOA of spatial signals provides significant
information for follow-up localization and navigation. In
military applications, the bearing information is important
for carrying out precision strikes in the face of electronic
countermeasures.
The literatures show many algorithms for DOA estimation, these algorithms can be categorized into three classes.
(a) Subspace-based algorithms: They include MUSIC (MUltiple SIgnal Classification), and ESPRIT (Estimation of Signal Parameters via Rotational Invariance Techniques). Due
to the eigen-decomposition of the spatial covariance matrix,
this kind of algorithms incurs extensive calculation loads
and is not suitable for real-time applications. (b) Sparse
reconstruction-based algorithms: They establish a sparse
representation model based on the real communication environment, and then restore the sparse matrix using reconstruction methods. This type of algorithms requires dividing
the angle space. Hence, the estimation accuracy depends
on the division precision and the off-grid problem is easily occurred. (c) Machine learning-based algorithms: They
include support vector machine (SVM) and artificial neuManuscript received December 11, 2018.
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ral network (ANN). The training stage of these algorithms
requires longer learning times and a significant number of
sources, but after training, the estimation by machine learning is typically very fast.
Advances in neural networks have triggered studies on
ANN-based algorithms for DOA estimation. In the early
years, these papers aimed at using shallow neural networks,
such as the backpropagation (BP) neural network, fuzzy neural network (FNN) [1], multi-layer perceptron (MLP) [2], radial basis function neural network (RBFNN) [3], [4], probabilistic neural network (PNN) [5] and linear vector quantisation neural network (LVQNN) [6]. Recently, deep learning
(DL) approaches have gained significant interest as a way
of extracting features automatically from high dimensional
data, such as image or speech. These algorithms process
the original data to learn simple features in the lower layers and more complicated features in the higher layers and
have been successfully applied to DOA estimation. In [7],
the restricted Boltzmann machines (RBMs) are employed for
unsupervised pre-training, and then a supervised fine-tuning
stage is used to accomplish the deep neural network (DNN)
training. The system works well for the DOA estimation
of the speech signals. The eigenvectors of the spatial covariance matrix are used as the input of DNN in [8], and a
hierarchical network architecture is employed to address the
speech signals of different frequencies. DNN is also used
as the model estimator in [9], [10] for multi-speaker DOA
estimation.
CNN has been widely used and produces state-of-theart results in classification tasks, such as image recognition
and speech recognition. In addition to being used for classification, CNN has been proposed for regression tasks where
both the input and target output consist of multi-dimensional
data. Weight mask estimation for speech source localization
and separation can be listed as examples of CNN applied
over the regression tasks. In [11], [12], DOA of single and
multiple speakers is studied with CNN-based algorithms.
The authors consider the DOA estimation as a classification
task, but the resolution is not high. In [13], the authors establish two different CNNs, which operate in parallel, and
use the generalized cross-correlation and power cepstrum as
the inputs. The CNN method predicts the range and bearing
of the acoustic source in a multipath environment, and the
outputs are continuous values. In [14], both the phase and
magnitude components of the spectrogram of sound sources
are used as input data to the convolutional recurrent neural network (CRNN), and DOA estimation is a classification
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task. Considering the characterization of the sound sources,
the spectrogram is the most used input of the neural network.
For broadband DOA estimation, these algorithms
[15], [16] assume that the interelement spacing is half wavelength or satisfies a certain range (no phase ambiguity).
However, with the development of the radio direction finding (DF) system to the high frequency and a wide frequency
range, this condition of failing to hold causes deterioration in
the performance of the DF system. In [3], a hierarchical architecture with RBFNNs was proposed for broadband DOA
estimation, but it increases the complexity of the model. To
solve the phase ambiguity at high frequency for broadband
DOA estimation, a virtual baseline transformation approach
is employed in [4], and the RBFNN is also used as the DOA
estimation model.
On the basis of the problems in previous studies and
inspired by the successes of CNN-based approaches for DOA
estimation, this paper establishes a CNN model to perform
fast and accurate broadband DOA estimation. Without the
process of solving ambiguity, the developed CNN model
can directly output the angle of arrival. Moreover, we regard
DOA estimation as a regression problem (the outputs of the
CNN model are continuous values).
The paper is organized as follows. The data model based
on a uniform circle array (UCA) is presented in Sect. 2. Section 3 describes the basic architecture of the CNN network.
Section 4 deals with the CNN-based algorithm for broadband
DOA estimation and the simulation results are presented in
Sect. 5. Section 6 concludes the discussion.
2.

Data Model

Consider a UCA of radius r consisting of M omnidirectional
elements (Fig. 1). Assume that K narrowband incident plane
waves si (i = 1, 2, . . . , K) from directions {θ 1, θ 2, . . . , θ K } in
azimuth impinge the array. The signal received by the UCA
can be expressed as
x(t) = A(θ) s(t) + n(t)
where x(t), n(t), and s(t) are given by
x(t) = [x 1 (t), x 2 (t), · · · , x M (t)]T

(1)

n(t) = [n1 (t), n2 (t), · · · , n M (t)]T
s(t) = [s1 (t), s2 (t), · · · , s K (t)]T

(2)

x(t) is a vector of the antenna array outputs, n(t) stands for
the spatially uncorrelated additive noise vector with zeromean, and s(t) represents the vector of source signals.
The phase differences between signals collected by the
array elements make it possible to calculate DOA. Therefore,
the M × K steering matrix A(θ) to the source signals can be
defined as
A(θ) = [a (θ 1 ) , a (θ 2 ) , · · · , a (θ K )]

(3)

Each column of this matrix, a (θ i ), represents the response
of the array to the i th incident source signal arriving from the
azimuth angle θ i , and can be written as
 exp ( j2πr cos (θ i − γ0 ) /λ)

exp ( j2πr cos (θ i − γ1 ) /λ)
a (θ i ) = 
..
.

 exp ( j2πr cos (θ i − γ M−1 ) /λ)








(4)

where γ are the angular positions of the antenna array elements, which can be calculated as γm = 2πm/M (m =
0, 1, . . . , M − 1), and λ is the signal wavelength. Obviously,
the steering matrix A is inextricably related to the direction
of the incident source signals and array geometry. Once the
antenna array is selected, it will never change. Therefore, any
column in matrix A is always closely related to the direction
of the incident source signals.
The spatial covariance matrix of the data received by
the array, R, is defined as
f
g
R = E x(t)x(t) H
(5)
f
g
= A(θ)E s(t) s(t) H A(θ) H + σ 2 I
where σ 2 is the variance of the noise signal. E[•] and (•) H
denote the statistical expectation and the conjugate transpose,
respectively. In practice, the spatial covariance matrix R
is unknown, and it has to be estimated from a number of
available data samples as
R≈

N
1 X
x(n)x(n) H
N n=1

(6)

where x(n) = [x 1 (n), x 2 (n), . . . , x M (n)]T , 1 ≤ n ≤ N, and
N is the total number of snapshots.
The UCA performs the mapping g: RK → C M from
the space of DOA θ to the space of sensor output x. The
network architecture is designed to perform the inverse mapping f : C M → RK . ANNs are a general-purpose method
for approximating nonlinear mappings. Therefore, the neural network is to be trained by patterns generated from Eq. (1)
so that it can associate the output vectors x(1), x(2), . . . ,
x(N ) with the corresponding DOA vectors θ (1), θ (2), . . . ,
θ (N ).
Fig. 1

Uniform circle array.
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Fig. 2

3.

Diagram of the basic convolutional neural network.

Convolutional Neural Network

The basic CNN architecture is shown in Fig. 2. It is composed of an input layer, convolutional layers, pooling layers,
fully connected layers and an output layer. The convolutional layer is primarily a layer that performs convolution
operation. Local receptive fields and shared weights are two
basic ideas of the convolutional layer. As shown in Fig. 3,
the input is depicted as a vertical line of neurons, and each
hidden neuron in a convolutional layer will be connected to
a small region of the input neurons. That region in the input
image is called the local receptive field for the hidden neuron.
It is a little window on the input. Then, the local receptive
field is slid across the entire input image, and different stride
lengths can be used. For each local receptive field, there is
a hidden neuron in the convolutional layer, and these hidden
neurons are organized in feature maps, within which each
hidden neuron in a feature map is connected to a local receptive field in the previous layer through a set of weights
called a filter. The result of this local weighted sum is then
passed through a nonlinearity activation function. The hidden neuron learns an overall bias as well. Hence, for the j,
k-th hidden neuron, the output is given by
δ *b +
,

Nl X
Nm
X

wl,m a j+l,k+m +
l=0 m=0

(7)

where δ is the neural activation function, and b is the shared
value for the bias. wl,m is a Nl × Nm array of shared weights,
and a x, y denotes the input activation at position x, y. All
hidden neurons in a feature map share the same filter. Different feature maps in a convolutional layer use different filters.
Each convolutional layer generates a higher-level abstraction
of the input data, which preserves the essential yet unique
information. A clever selection of convolution kernel (the
size of the local receptive field) can effectively influence the
performance of the network. A considerable advantage of
sharing weights and biases is that this greatly reduces the
number of parameters involved in a CNN network. This approach results in faster training for the convolutional model
and ultimately helps to build deep networks using convolutional layers.

Fig. 3

Local receptive field.

Convolutional layer introduces another operation after
convolution to assist the simulation to be more successful:
the nonlinearity transformation (activation function). This
nonlinearity grants the convolution more power in extracting
useful features. Rectified linear units (ReLU) and sigmoid
function are two typical activation functions and will be used
in the paper.
Pooling layer (subsampling layer) performs a simpler
task. Its function is to progressively reduce the spatial size
of the representation to reduce the number of the parameters
and computation in the network, and hence to also control overfitting. Some different strategies of sampling can be
considered, such as max-pooling (taking the maximum value
of the input), average-pooling (taking the averaged value of
the input) or even probabilistic pooling (taking a random
one). Sampling turns the input representations into smaller
and more manageable embeddings. More importantly, sampling makes the network invariant to small transformations
and distortions in the input image. A small distortion in
the input will not change the outcome of pooling since the
maximum/average value is taken in a local neighborhood.
4.
4.1

Pre-Processing of Data and Post-Processing for CNN
Pre-Processing of Data for CNN

Pre-processing modifies and simplifies the array output vectors to make it easier for the network to learn. Since larger
implies slower for network simulation on serial computers,
clever pre-processing is essential for good network perfor-

ZHU et al.: BROADBAND DIRECTION OF ARRIVAL ESTIMATION BASED ON CONVOLUTIONAL NEURAL NETWORK

151

mance. The array output vectors are transformed into appropriate input matrices (direction image), and then the direction
image is provided to the CNN network. The covariance matrix R can be regarded as a direction image for the input of
the CNN network. It not only contains all the information
about the direction of the incident source signals, but also
eliminates some noise and interference. In particular, the
covariance matrix R is independent of the modulation mode
of the incident source signals.
Direction image: The CNN is chosen to achieve DOA
estimation, while the input of the network must be multidimensional. In the noise corrupted received signal, noises
are uncorrelated, while the signals originating from the same
sources received by different elements are correlated. Moreover, the M × N received signals contain redundant amplitude information, which is not useful for estimating the DOA.
Therefore, instead of using the received signals directly, the
M × M sample covariance matrix of the received signal is
used to obtain the direction image. In this paper, the direction image is composed of the phase component of each
element in the sample covariance matrix R.
4.2

Post-Processing for CNN

Post-processing aims at showing the direction information
of incident source signals directly. Usually, the output of
the neural network for DOA estimation has two modes. If
DOA estimation is considered a classification task, it aims to
estimate a signal presence likelihood at a fixed set of angles.
The number of output neurons depends on the number of
classes. If the task is regarded as regression, the output
of ANN is the angle of arrival, and the number of output
neurons is decided by the algorithm. Moreover, for some
other ANN-based DOA estimation methods to complete the
regression task [7], [17], post-processing means obtaining
the DOA by combining the output features of ANN with
special information about the received signals.
Phase discontinuity: The azimuth ranges from 0 to 360◦ . If
the output layer has one neuron to represent the DOA, phase
discontinuity occurs when the azimuth changes from 360◦ to
0. This phenomenon will increase the estimation error and
deteriorate the performance of the CNN model for DOA estimation. To resolve this problem, we have two neurons in the
output layer: one is the sine of azimuth, and the other is the
cosine. Once the two values are obtained, the azimuth will
be uniquely determined. Hence, the relationship between
the azimuth and the outputs is shown in Eq. (8).
!
sin θ


arctan
sin θ ≥ 0, cos θ > 0



cos θ



!



sin θ
θ=
180◦ + arctan
cos θ < 0
(8)

cos
θ



!



sin θ


 360◦ + arctan
sin θ < 0, cos θ > 0
cos θ


5.

Simulation Results

Evaluation criteria: The performance of CNN-based
broadband DOA estimation is evaluated by visualizing three
performance metrics: the mean of absolute error (MAE), the
root mean square error (RMSE), and the success rate representing the proportion that the number of absolute estimation
errors is less than 1◦ to the total number of test examples. The
mathematical formulation of MAE is presented in Eq. (9).
MAE = E θ ref − θ est

(9)

where θ ref is the actual azimuth of the source signal, and θ est
is an azimuth estimation value. RMSE is calculated using
the following expression
r 

2
RMSE = E θ ref − θ est
(10)
The success rate is defined as follows


num θ ref − θ est < 1◦
success rate =
test_number

(11)

where test_number is the total number of test examples.
System conditions: We consider a UCA with M = 8 omnidirectional elements and radius r = 0.75 m. A single incident plane wave is assumed in the paper, and the snapshots
are fixed as N = 256. For broadband radio DF system, the
frequency of the incident source signal is between 100 MHz
and 500 MHz at the radius r = 0.75 m of the UCA, and the
frequency range is set to be the same for all experiments. The
sampling rate is 18 MHz. These configurations are listed in
Table 1. All experiments are implemented in TensorFlow
and run on a PC with 8 GB RAM and Intel(R) core(TM)
2.2 GHz i5-5200 processor.
Data for training and test set: In the training data set, the
spatially uncorrelated Gaussian noise is added. The SNR
ranges from 0 to 5 dB with a step of 1 dB. For the incident
source signal, the frequency interval is 400 kHz. The azimuth angle is between 0 and 360◦ with step length 1◦ . In
total, the number of training examples is 3.6 × 105 . Note
that the CNN architectures are capable of learning a large
data set, and sufficient training set is crucial for obtaining a
generalized model. In the test set, the frequency is randomly
chosen between 100 MHz and 500 MHz. The SNR range is
the same as that in the training set, and it is also selected randomly. Similarly, the azimuth is randomly chosen between
0 and 360◦ . The total number of test examples is 10,000.
Table 1

Parameters used for training and testing.
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Configuration of CNN: The CNN architecture includes
three convolutional layers and two fully collected layers. The
stride length is selected at 1, and the second fully connected
layer has 512 neurons. We use the mean square error (MSE)
as the loss function, and the CNN is trained using the Adam
gradient-based optimizer. Ns is the number of samples in
Eq. (12).
MSE =

Ns 
2
1 X
θ ref − θ est
2Ns i=1

(12)

During training, at the end of the three convolutional layers
and after each fully connected layer, a dropout procedure
with rate 0.5 is used to avoid overfitting. For both the convolutional layers and the fully connected layers, we use the
ReLU activation function. Sigmoid function is used in the
output layer to obtain the sine and cosine values of the angle
of arrival so that the CNN model can be used for the regression task. In contrast to conventional CNN architectures, we
do not have any pooling layer, this is affected by the size of
antenna array. In our experiment, inclusion of pooling layers
shows a slight decrease in performance.
Experiment 1: DOA estimation performance under different CNN models
The testing results for fourteen CNN models with the
estimation error are shown in Table 2, and CNN3-128-128128(2-3-4) is chosen as the representative CNN model. The
size of the convolutional kernel is related to the direction
image. In other words, the size is subject to the number
of antenna array elements. Without padding, a small input
image corresponds to a small convolutional kernel so that a
deep convolutional neural network can be formed. The CNN
model simulation on the test set shows very good agreement
between the estimation values and the actual azimuth values.
In addition, the batch size hyperparameter also influences
the ability of the CNN model to perform DOA estimation
and is best set to 400 based on the analysis of simulation
results. Consequently, the performance using a small batch
size is no better than that using a large batch size under the
same conditions.
Table 2

Figure 4 depicts the DOA estimation results obtained
by the simulations. The results successfully reveal that the
actual outputs produced by the CNN model are very close
to the desired DOA. Moreover, a histogram and a scatter
diagram for the estimation errors are drawn in Fig. 5 and
Fig. 6, respectively. As shown in Fig. 5, most of the abso-

Fig. 4

Estimation results of the representative CNN model.

Fig. 5

Histogram for the estimation error.

Testing results for different CNN models.

Fig. 6

Estimation error.
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Table 3

Performance of different DOA algorithms.

[3]

[4]

1◦ ,

lute estimation errors are less than
and the success rate
reaches 94%. In Fig. 6, the estimation errors are in (−2◦ , 2◦ ).
The estimation error distribution demonstrates that the CNN
model improves its performance through generalization and
yields satisfactory results, which also proves that the proposed CNN model achieves the broadband DOA estimation
with high precision.
Experiment 2: DOA estimation performance under different DOA algorithms.
Table 3 illustrates the performance of different algorithms for broadband DOA estimation. For ANN-based algorithms, the elapsed time is the total test time for 1000
samples; for classical ones, the number of source signals is
set to six for eight antenna elements, and the elapsed time
is the total test time for six signals. We can conclude that
ANN-based algorithms outperform two other algorithms in
terms of timeliness. Although the CNN model is more complex, the test time is similar to that of the RBFNN model. In
other words, the generalized CNN model can achieve DOA
estimation with high accuracy and low error for a wide band
radio DF system without time-consuming mathematical calculations and an additional calibration procedure.
6.

Conclusions

A novel and efficient CNN network algorithm for broadband
DOA estimation of far-field signals has been presented in
this paper. It is worth noting that the direction image obtained by pre-processing includes useful information about
the DOA and removes the useless amplitude information. In
addition, post-processing eliminates the influence of phase
discontinuity. As indicated in the experiments, the proposed
algorithm is surprisingly successful in achieving the nonlinear mapping from the space of signals described by the
spatial correlation matrix to the space of DOA in azimuth.
The CNN-based algorithm outperforms other classical DOA
algorithms in terms of timeliness, making it very suitable for
real-time applications. In this initial study, we estimate the
DOA of a single incident plane wave. Estimating the angles
of multiple incident source signals for a broadband receiver
in a more complex radio environment will be addressed in
our future work.
References
[1] C.S. Shieh and C.T. Lin, “Direction of arrival estimation based
on phase differences using neural fuzzy network,” IEEE Trans.
Antennas Propag., vol.48, no.7, pp.1115–1124, July 2000. DOI:
10.1109/8.876331
[2] X. Xiao, S. Zhao, X. Zhong, D.L. Jones, E.S. Chng, and H. Li, “A
learning-based approach to direction of arrival estimation in noisy

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

and reverberant environments,” IEEE International Conference on
Acoustics, Speech and Signal Processing, pp.2814–2818, Brisbane,
QLD, Australia, April 2015. DOI: 10.1109/ICASSP.2015.7178484
M. Zhang and P.F. Li, “A broadband direction of arrival (DOA)
estimation approach based on hierarchy neural networks,” J. Electron. Inform. Technol., vol.31, no.9, pp.2118–2122, 2009. DOI:
10.3724/sp.j.1146.2008.01269
P.F. Li, M. Zhang, and Z.F. Zhong, “Broadband direction of
arrival estimation based on virtual baseline transformation and
RBFNN,” J. Astronautics, vol.33, no.2, pp.210–216, 2012. DOI:
10.3873/j.issn.1000-1328.2012.02.009
Y. Sun, J. Chen, C. Yuen, and S. Rahardja, “Indoor sound
source localization with probabilistic neural network,” IEEE Trans.
Ind. Electron., vol.65, no.8, pp.6403–6413, Aug. 2018. DOI:
10.1109/TIE.2017.2786219
J.D. Ndaw, A. Faye, and A.S. Maïga, “Decoupled 2D DOA estimation using LVQ neural networks and UCA arrays,” IEEE Radio
and Antenna Days of the Indian Ocean, pp.1–2, St. Gilles-les-Bains,
Reunion, Oct. 2016. DOI: 10.1109/RADIO.2016.7771995
W. Zheng, Y.X. Zou, and C.H. Ritz, “Spectral mask estimation using deep neural networks for inter-sensor data ratio model based
robust DOA estimation,” IEEE International Conference on Acoustics, Speech and Signal Processing, pp.325–329, Brisbane, QLD,
Australia, April 2015. DOI: 10.1109/ICASSP.2015.7177984
R. Takeda and K. Komatani, “Sound source localization based on
deep neural networks with directional activate function exploiting
phase information,” IEEE International Conference on Acoustics,
Speech and Signal Processing, pp.405–409, Shanghai, China, March
2016. DOI: 10.1109/ICASSP.2016.7471706
W. He, P. Motlicek, and J.M. Odobez, “Deep neural networks for
multiple speaker detection and localization,” arXiv preprint, arXiv:
1711.11565, 2017.
D. Wang, Y. Zou, and W. Wang, “Learning soft mask with DNN
and DNN-SVM for multi-speaker DOA estimation using an acoustic
vector sensor,” J. Franklin Institute, vol.355, no.4, pp.1692–1709,
2018. DOI: 10.1016/j.jfranklin.2017.05.002
S. Chakrabarty and E.A.P. Habets, “Broadband DOA estimation using convolutional neural networks trained with noise signals,” Proc.
IEEE Workshop on Appl. of Signal Process. Audio and Acoust.,
pp.136–140, New Paltz, NY, USA, Oct. 2017. DOI: 10.1109/WASPAA.2017.8170010
S. Chakrabarty and E.A.P. Habets, “Multi-speaker localization using
convolutional neural network trained with noise,” arXiv preprint,
arXiv: 1712.04276, 2017.
E.L. Ferguson, S.B. Williams, and C.T. Jin, “Sound source localization in a multipath environment using convolutional neural networks,” arXiv preprint, arXiv: 1710.10948, 2017.
S. Adavanne, A. Politis, and T. Virtanen, “Direction of arrival estimation for multiple sound sources using convolutional recurrent
neural network,” arXiv preprint, arXiv: 1710.10059, 2017.
C. Qian, L. Huang, Y. Shi, and H.C. So, “Joint direction-of-arrival
and frequency estimation without source enumeration,” IEEE International Conference on Acoustics, Speech and Signal Processing, pp.2644–2648, Brisbane, QLD, Australia, April 2015. DOI:
10.1109/ICASSP.2015.7178450
L. Wang, L. Zhao, G. Bi, C. Wan, L. Zhang, and H. Zhang, “Novel
wideband DOA estimation based on sparse Bayesian learning with
Dirichlet process priors,” IEEE Trans. Signal Process., vol.64, no.2,
pp.275–289, Jan. 2016. DOI: 10.1109/TSP.2015.2481790
P. Pertila and E. Cakir, “Robust direction estimation with convolutional neural networks based steered response power,” IEEE International Conference on Acoustics, Speech and Signal Processing, pp.6125–6129, New Orlean, LA, USA, March 2017. DOI:
10.1109/ICASSP.2017.7953333

IEICE TRANS. COMMUN., VOL.E103–B, NO.3 MARCH 2020

154

Wenli Zhu
received her B.S. and M.S.
degrees from HeFei University of Technology
in 2013 and Electronic Engineering Institute in
2016, respectively. Now she is a Ph.D. candidate
in National University of Defense Technology.
Her research interests include signal processing,
communication security, deep learning.

Min Zhang
received his Ph.D. degree from
Anhui University, China. Now he is a professor in National University of Defense Technology. His research interests include intelligent
information processing, machine learning, data
mining.

Chenxi Wu
received his Ph.D. degree from
Electronic Engineering Institute, China. Now he
is a lecturer in National University of Defense
Technology. His research interests include communication signal processing, compressed sensing, space target localization and navigation.

Lingqing Zeng
received his M.S. degree
from Electronic Engineering Institute, China.
Now he is an assistant engineer in No.68 Weidu
Road, Gulou District, Kaifeng City, Henan Province, China. His research interests include communication signal processing, smart antenna,
communication security.

