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Effective DOA Estimation Under Low Signal-to-
Noise Ratio Based on Multi-Source Information
Meta Fusion
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Abstract: Efficiently performing high-resolution direction of arrival (DOA) estimation under low
signal-to-noise ratio (SNR) conditions has always been a challenge task in the literatures. Obvi-
ously, in order to address this problem, the key is how to mine or reveal as much DOA related in-
formation as possible from the degraded array outputs. However, it is certain that there is no per-
fect solution for low SNR DOA estimation designed in the way of winner-takes-all. Therefore, this
paper proposes to explore in depth the complementary DOA related information that exists in spa-
tial spectrums acquired by different basic DOA estimators. Specifically, these basic spatial spec-
trums are employed as the input of multi-source information fusion model. And the multi-source in-
formation fusion model is composed of three heterogeneous meta learning machines, namely neural
networks (NN), support vector machine (SVM), and random forests (RF). The final meta-spec-
trum can be obtained by performing a final decision-making method. Experimental results illus-
trate that the proposed information fusion based DOA estimation method can really make full use
of the complementary information in the spatial spectrums obtained by different basic DOA estim-

ators. Even under low SNR conditions, promising DOA estimation performance can be achieved.

Keywords: direction of arrival (DOA); signal-to-noise ratio (SNR); information fusion; meta-learn-
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1 Introduction

Direction of arrival (DOA) estimation in array
signal processing has been one of the most im-
portant issues in various fields, such as radar

[1-3], sonar [4-8], speech recognition [9-11], wire-
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less sensor mnetworks [12,13], etc. In order to
achieve the objective of accurate DOA estima-
tion, many famous high-resolution DOA estima-
tion methods have been proposed in the literat-
ures. In general, DOA estimation methods can be
divided into beamforming based [14-16], sub-
space based [17-19], maximum likelihood based
[20-22], sparse representation based [23-25], and
machine learning based [26-29] ones according to
their theoretical nature. However, when the SNR
of array output is lower than a certain threshold,
the performance of these classical DOA estima-
tion methods will always be severely degraded.

In order to deal with this problem, several
special designed low SNR DOA estimation meth-
ods have been proposed in the literatures. Ac-
cording to the stage at which improvement meth-

ods are implemented, these methods can be di-
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vided into three categories: 1) data-level meth-
ods [30-32] that focus to the quality of the raw
data; 2) model-level methods [33-35] that focus
to the model for constructing spatial spectrum;
and 3) decision-level methods [36-39] that pay
more attention to the post-understanding of the
output spatial spectrum (s). Specifically, for the
data-level methods, the raw data is filtered or
transformed into a more informative representa-
tion. For example, [30] proposed to employ em-
pirical mode decomposition (EMD) to denoise
the array output data, and then MUItiple SIgnal
Classification (MUSIC) method is applied to
construct the EMD-enhanced spatial spectrum.
[31] proposed a novel enhanced DOA estimation
method by using multi-resolution wavelet analys-
is of the raw array output data. In [32], a special
designed deep autoencoder was used to recover-
ing the desired covariance matrix of the array
output data. For the model-level methods, new
tools or enhanced conventional methods are con-
structed by considering the low SNR conditions.
For example, [33] employed RBF neural net-
works for building the non-linear mapping rela-
tionship between the noisy array output and the
desired DOAs. [34] designed a two-stage DOA es-
timation method from coarse to fine by introdu-
cing a received signal calibration method using a
priori information acquired from the obtained
coarse DOA related information. [35] proposed to
use angular power gradient technique to convert
the outputs of a group of analog beam-precoders
into a novel spatial spectrum to acquire the final
DOAs. For the decision-level methods, spatial
spectrums acquired by several different DOA es-
timators are employed as the information sources
to make the final decision of DOAs. For example,
Dr. Gershman A.B. [36,37] proposed to make full
use of information that arises when several DOA
estimators are calculated simultaneously, he
called these are joint estimation strategy (JES)
based DOA estimation methods. Inspired by the
JES strategy, Volodymyr V. 1.[38,39] proposed to
address the DOA estimation task by analyzing

the rooted beamspace estimator bank, and the
rooted eigenstructure estimator bank, respect-
ively. In fact, there are three hidden basic as-
sumptions should be satisfied to make these low
SNR DOA estimation methods effective: 1)
There are enough DOA related information in
the raw array output data, and it can be meas-
ured by specific methods; 2) Different methods
proposed from different views can reveal this in-
formation in different depth and breadth; 3) The
information revealed by different methods is com-
plementary. Obviously, data-level methods are
conducted to improve the representation ability
or mining difficulty of the DOA related informa-
tion. However, in the data-level methods, while
suppressing noise information through filtering or
transformation operation (especially with inap-
propriate  hyper-parameters, such as the
threshold used in Wavelet analysis) to the raw
array data, the target DOAs related information
will inevitably be interfered. Model-level meth-
ods are conducted to enhance the mining capabil-
ity of the hidden DOA related information.
However, in the model-level methods, in order to
address the weak information extraction prob-
lem under low SNR conditions, complex decom-
position or optimization models should be elabor-
ately constructed. Therefore, the corresponding
computational complexity is always too high to
be practically applied. Furthermore, data-level
methods and model-level methods are both pro-
posed in a winner-takes-all manner. Therefore,
they cannot make full use of complementary in-
formation from different DOA estimators. For
the decision-level method, the performance of
JES based methods have shown that the DOA
related information can indeed be revealed more
thoroughly by exploiting complementary informa-
tion from different DOA estimators. However,
there are two shortcomings existing in the JES
based decision-level methods: 1) The basic as-
sumption used in JES is that the responds for in-
formation about all the target DOAs can be de-

tected from the peaks (or peak regions) of basic

— 378 —



Yun Wu et al. / Effective DOA Estimation Under Low Signal-to-Noise Ratio Based on Multi-Source Information ...

spatial spectrum. This assumption may not be
satisfied, especially under the low SNR condi-
tions. It will be seen in the experimental section.
2) The employed DOA estimator banks are com-
posed of estimators of a given model with ran-
domly generated different parameters. In this
way, the complementary DOA related informa-
tion in the estimators of different mathematical
models cannot be used. Based on the above con-
siderations, in this paper, a multi-source informa-
tion meta fusion based decision-level DOA estim-
ation method was proposed. Specifically, Minim-
um Variance Distortionless Response (MVDR)
[14], Stochastic Maximum Likelihood (SML) [40],
Deterministic Maximum Likelihood (DML) [41] ,
MUSICI17], Signal Subspace scaled MUSIC (SS-
MUSIC) [19], and G-MUSIC[42] methods are em-
ployed as information sources to provide suffi-
cient DOA related complementary information.
Then, NN, SVM, and RF are used as meta
learners to construct three different meta-spec-
trums. Finally, the obtained meta-spectrums are
fused to make a final decision on the spatial spec-
trum for DOA estimation. In general, the main
contributions of this paper are summarized as fol-
lows.

1) Similar to the JES based decision level
methods, the fact that there is enough DOA re-
lated information in different spatial spectrums is

verified again. But it is found that this comple-
mentary information does not certainly appear in
the peaks (or peak regions) of a certain spatial
spectrum, it is actually reflected in the interrela-
tionship between the obtained spatial spectrums.

2) A meta-learning based multi-source in-
formation fusion module is proposed to mine the
complementary DOA related information in the
obtained spatial spectrums. The employed three
classical meta learners can further reveal the
DOA related information from different perspect-
ives. And the corresponding learned meta-spec-
trums can finally be used to the target DOAs ro-
bustly.

The diagram of the proposed method is illus-
trated in Fig. 1. Specifically, the first layer is to
employ multiple basic DOA estimators to ac-
quire spatial spectra with complementary DOA
related information. Then, in the second layer,
the obtained spatial spectra of training data were
used as the training data of the subsequent meta-
learners (e.g., NN, SVM, and RF). And the ob-
tained spatial spectra of testing data were used
as the inputs of the learned meta-learners to ob-
tain meta-knowledge that is easier to reveal the
DOA related information. Finally, the DOA re-
lated information can be finally obtained by per-
forming the decision making and peak searching
(DOA extraction) process.

Basic DOA estimators
(multiple information sources)|
Training array

outputs

MVDR

DML

Train the meta-learners

SV

—> Trainning direction

— —» Testing direction

SML

Test array MUSIC

outputs

SS-MUSIC

G-MUSIC

Meta-learners

SVM

Decision | DOAs B +Extracted
making extraction DOAs

Fig. 1  Diagram of the proposed DOA estimation method

The rest of this paper is organized as follows.
The problem of DOA estimation with array out-
puts were formulated in Section 2. The imple-

mentation details of the proposed DOA estima-

tion method/framework based on multi-source in-
formation meta fusion is given in Section 3. In
Section 4, several experiments were conducted,

and the performance of the proposed method was
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compared with several state-of-the-art methods.
Finally, some remarkable conclusions were drawn

in Section 5.

2 DOA Estimation Problem Formu-
lation

Without loss of generality, we assume that there
are K narrowband far-field signals from distinct
directions 0 = {6,,0,, -
impinge onto an array with M (M > K) omni-

- ,0,} with equal power

directional sensors. N, snapshots of the array out-
put were collected, and they are corrupted by ad-
ditive circular complex white Gaussian noise.

Therefore, the array output can be formulated as
y(t)=> a(0)s. (H)+n(t), t=1,2,--- N, (1)

where y (t) = [y, (t), 9. (t), -+ ,yun (t)]" is the array
output vector at time ¢; s(t) =[s, (¢t),s,(t), -+,
sk (t)]" is the amplitude vector of the impinging
signals; n(t) is the corresponding independent
white Gaussian noise with zero mean and vari-
ance matrix o2I, a(6,) is the steering vector of
the ith DOA for the given array geometry, which

can be formulated as

a (91) = [elwcﬂ:,l , eiwcfi,27 .. 7ej“’c7'i,1vl]l 2)

where w, is the center angular frequency of the
impinging signals; 7,, is the time delay associ-
ated with the jth sensor and ith impinging signal.

With the above definitions, the matrix form
of (1) is

Y=—A@)S+N (3)
where
A0)=l[a(b),a(b), -, a(bx)
Y = [yl,..- ’yM]T’yi:{yi(t)} ) e R
S = [317 e 7'SK]T Si:{‘gi(t)} B N i=1,2,..- K
N = [nla"‘ 7nM}T

= m,; (¢ } i=1,2,--- M
* { i® t=1,2,--- ,N;

Using the formulated array model of (3), the

DOA estimation method can therefore be formu-

lated as the following inverse problem

0-=f(Y,A0),S,N) (4
or the following optimization problem with solu-
tion space being 8 = {0|6 € [-7/2,7/2]}

0 = arg min (Y -A(0)S)~ N(0,0°1)

9:{07‘,6[77r/2,7r/2]}iK:1

(5

3 DOA Estimation Method Based on
Multi-Source Information Meta

Fusion

3.1 Multi-Source

Framework

Information Meta Fusion
In human cognition system, for a complex envir-
onment, the final cognition is always achieved by
multi-level information fusion or integration of ac-
tively perceived multi-source information[43-45].
And the perceived information includes low level
information such as visual, auditory, olfactory,
and tactile, as well as high level experience,
knowledges, beliefs, rules, etc. Under the low
SNR conditions, the DOA estimation task is ob-
viously a complex problem. Therefore, in order to
address this problem, the best way to conform to
human cognitive process is to fuse or integrate
the information acquired by multiple basic “per-
ception” methods. Therefore, the low SNR DOA
estimation problem can be implemented accord-
ing to the multi-source information meta fusion
framework illustrated in Fig. 2.

In Fig. 2, the first layer of the framework is
to select effective representation agents to trans-
form the raw array outputs into forms that is
easier to reveal the DOA related information us-
ing the subsequent DOA estimation agents. Us-
ing these effective representations, the corres-
ponding DOA estimation techniques were em-
ployed in the second layer to obtain multiple
complementary spatial spectra. Then, in the

third layer, the obtained spatial spectra were en-
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hanced or encoded to improve the representation
ability of the DOA related information. Finally,
the enhanced spatial spectra were analyzed by
the meta learners in the fourth layer to extract

the corresponding meta knowledge for making

the final decision about the desired DOA related
spatial spectrum. Specifically, in this paper, the
third layer were not included. It means that the
obtained spatial spectra were directly employed

as inputs of the meta learners of the fourth layer.

Top-down processing

Experiences, kowledges, beliefs, rules, expectations, and etc.

Representation
agent 1

O\ <H
<H :
Representation
O II
<H
N
<H
W\ <H Representation
) < agent m

DOA estimation
agent 1
DOA estimation
agent 2
- - DOA estimation - Meta-data - Meta-learning - Decision
. agent 3 agent 3 agent 3 making
.
.
a . . .
L] L] L]

DOA estimation
agent ¢

Meta-data Meta-learning
agent 1 agent 1

Meta-learning
agent 2

Meta-data
agent p

Meta-learning
agent n

—

Bottom-up processing

Fig. 2 Multi-source information meta fusion framework for DOA estimation under low SNR conditions

For the representation layer, the consensus
knowledge in the literatures is that the covari-
ance matrix of the array output is an ideal rep-
resentation for mining the DOAs related informa-
tion. Therefore, the covariance matrix is selected
to be the unique representation agent. Specific-
ally, the covariance matrix of the array output is
given by

R=E{yt)y"t)} =AO)PA"(6)+Q (6

where E {-} is the statistical expectation operat-
or; {-}" denotes the Hermitian transpose operat-
or. K x K matrix P =diag{\?,X2,---,)%} is the
diagonal covariance matrix of the impinging sig-
nals; M x M matrix Q = oI is the covariance
matrixes of the corresponding white Gaussian
noise. In practice, the snapshot number of the ar-
ray output is finite, and the following sample co-
variance matrix is usually used to represent the

DOAs related information
. 1 &
RZE;y(t)yﬂ(ﬂ vy

After determining the sample covariance
matrix to represent the DOAs related informa-

tion, the next task is to confirm the DOA estima-

tion agents to mine the hidden DOA related in-

formation.

3.2 DOA Estimation Agents

In this section, DOA estimation agents will be
briefly introduced. Specifically, there are two
rules for choosing the appropriate DOA estima-
tion agents. Firstly, there must be enough diver-
gence between agents to meet the requirement of
the divergency rule in information fusion theory.
Secondly, the selected agents should be easy to
implement in practical applications. Based on
these two rules, 6 DOA estimation agents were
selected: MVDR, SML, DML, MUSIC, SS-MU-
SIC, and G-MUSIC.

3.2.1 Principle of MVDR

The mathematic model of the first agent MVDR
is derived based on the minimum variance distor-
tion criterion to optimize the weighted linear
combination of the array output. Specifically, the
optimal weight vector should be the one that can
pass or enhance power from the impinging direc-
tions, and can block or suppress the power from
other directions. Therefore, the following linear
constrained quadratic minimization problem is

formulated
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min (P (w)) s.t. w'a (0) =1 ®

Therefore, the Lagrange multiplier method is
used to calculate the optimum weight vector as

follows:

wr=—2al) )
a" () R—a ()
Then, the spatial spectrum of MVDR, or Ca-

pon method is

PO = — (10)
a"(0) R—a (0)

3.2.2 Principle of SML and DML

The MVDR method is based on directly analyz-
ing the power of the weighted linear combina-
tion of array outputs. On the other hand, the
statistical characteristics of the signal and noise
in the spatial space can be explored by the ML
method for spatial spectrum estimation. Specific-
ally, the SML method obtain the spatial spec-
trum of the array output by minimizing the neg-
ative log-likelihood function of the joint probabil-
ity density function of the sampled array output
data

1) = g 0 (- 00 - 4050
- ()

where det(:) denote the determinant of the oper-
ator.

The SML model for DOA estimation is fi-
nally formulated as the following optimization

problem

0. = argmin log det (PA (0) RP, (0) +
2]

(12
1

et (P; 0) fz) Pt (9))

where

{ P, (0) = A(0) (A" (0) A(0)) A" (0)
Py (0)=1-P,(0)

(13

The corresponding model of DML for DOA

estimation is

Oy = argmin {tr (PAL (9) R) } (14

3.2.3 Principle of Eigen-Space Based Methods:
MUSIC, SS-MUSIC, and G-MUSIC

Unlike the MVDR,, SML, and DML methods that

indirectly use the covariance matrix of array out-

put, the eigen-space based methods directly per-

form Singular Value Decomposition (SVD) on the

covariance matrix R. Therefore, the correspond-

ing eigenvalues ¢ N2 +02,--- AL + 0%, 0% -+ 07
————
M—-K
in descending order can be obtained. As a result,

the subspace spanned by the eigenvectors of the
first K largest eigenvalues can be regarded as the
signal subspace, and the subspace spanned by the
rest eigenvectors denote the noise subspace. Con-
sequently, the eigenspace version of the covari-

ance matrix can be written as

wloa)[§ 2[5]-

K M
E Auul + E A, 0,0 (15
i=1 i=K+1
where {w;},_,, . and {v;} _,  arethe cor-
responding eigenvectors for eigenvalues

P i 00 = N (22) is the power of

the white Gaussian noise. Then, the spatial spec-
trum of MUSIC can be formulated as

PMUSIC (9) = = ! = (16)
a" (O Uy,Ula (0)

The SS-MUSIC model is proposed to build a
linear algebraic connection between the MUSIC
model and a special signal-plus-interference mod-

el. The corresponding spatial spectrum is

a’ (0) Ria (4)

—= an
a" () U,Ula (9)

P)SSMUS[C (9> =

A A ~ -1 A
where Rt = U, <A2 - AZI) U,
The GMUSIC model is proposed to use a
new generalized asymptotic paradigm to analyze

the subspace-based DOA estimation methods.
The spatial spectrum of G-MUSIC is
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Puise (0) =
1

_ _ (18)
a' (0) <Z w,uut + Z wivivf> a(9)
i=1 i=K+1
where
Wi i=1,2,--- M =
M—-K )\ ﬂ
1+ ( = — = ), 1> K
mz=1 )\z - Anl )\'L - /’Lm
- (19)
Am fim <K
Z (Al_k’m Ai_ﬂ’"l>77/\

m=M—K+1

and i, = fi, > -+ = i, is the real-valued solu-

tions to the following equation

1 << A, 1
M;/\k— c

Fo= 20)
o

where ¢ > 0 is a constant.

From the description of the principles of the
employed DOA estimation agents, we can see
that the mathematical backgrounds of these
agents are very different. In other words, these
methods are divergency, and they can reveal the
DOA related information from different and com-
plementary views. Therefore, the acquired spa-
tial spectra of these DOA estimation agents are
directly used as the inputs of the following meta-

learning module.

3.3 Meta-Learning Module

As discussed above, the DOA-related informa-
tion is hidden in the obtained complementary
spatial spectrums. The direct way to use them is
to simply perform a linear combination on them
to generate a more informative spatial spectrum.
However, it is difficult to obtain an optimal
weight setting for the linear combination of these
spatial spectrums under different SNR condi-
tions. Another method is to fuse them based on
their measured local performance. However, it is
also a challenging task to quantitative measure
the local performance of a given spatial spec-
trum, especially under low SNR conditions (there
will be unavoidable false or loss peaks in the spa-

tial spectrum). Therefore, in order to deeply ex-

ploit the hidden information from the obtained
spatial spectrums with different uncertainties, by
using machine learning technique to learn more
reliable knowledge from the initial information in
the obtained multiple spatial spectrums, the
meta-learning technique[46-48] is a suitable solu-
tion. In the literatures, NN (Neural Networks—
perceptron-based machine), SVM (Support Vec-
tor Machine —kernel-based machine), and RF
(Random Forest —logic-based machine) are the
most successful heterogeneous shallow machines
for data mining or pattern recognition [49-53].
And the application by ensemble them together
has been successfully proven in many fields, such
as meteorology, remote sensing geography, bio-
[54-63]. Therefore, these

three machines were selected as the meta-learn-

medical science, etc.

ing agents of the proposed framework.

3.3.1 Artificial Neural Networks

Inspired by biological nervous systems, NN tech-
nique have been extensively used in different ma-
chine learning tasks. Just like the complex biolo-
gical nervous systems, NN is composed of many
highly interconnected neurons. Generally, for the
classical NN architecture illustrated in Fig. 3(a),
there are always three layers composed of differ-
ent number of neurons: input layer, hidden layer,
and output layer. Specifically, each neuron in the
NN receives multiple inputs, and an activation
function is applied to these inputs to form the ac-
tivation level of the neuron (i.e., the output
value of the neuron). The mathematical model of
the neuron is shown in Fig. 3(b), and the for-

mula is as follows

y}f:(p(Zwixi—kbi) :<p(W:L‘+b) QD

where y/ is the output of the ith neuron in the
hidden layer; ¢(-)is the corresponding activation
function, which is usually set as the following

Sigmoid function

o(x) = - 22)
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For a specific data mining or pattern recog-
nition problem, the optimal parameters of the

NN can be obtained by iteratively performing

Input Hidden  Output
layer layer layer

Input
feature

back-propagation optimization technique on
training data, i.e. back-propagation neural net-

work, BPNN.

Inputs Multiple-input neuron

Yi=¢(Wx+b)
(b)

Fig. 3 Tllustration of the architecture of NN: (a) NN architecture; (b) neuron model

3.3.2 Support Vector Machine

SVM is one of the most famous non-linear map-
ping machines in the machine learning society.
The structure diagram of SVM is illustrated in
Fig. 4. Normally, SVM is used as a powerful clas-
sifier for binary classification. Specifically, for a
labelled {(z1,11),
,(@,,y,)} with y, € {—1,1}, an optim-

given training  dataset:

(o, Ys) s -
al high-dimensional hyperplane should be found
to separate them with smallest classification er-
ror. In order to achieve this objective, based on
the principle of structured risk minimization, in-
put data is always mapped into an unknown high
dimensional feature space. And then, optimal
classification hyperplane in high dimensional
space can be found by solving the following quad-

ratic programming problem

max W (o) = —% z”: z”: a0y, K (@, 2;) + zn: i
i=1

i=1 j=1
n
E oy, =0, 1=1,2,....n
i=1

0<o, <C

s.t. (23)

where K (-,) is an inner product kernel function
satisfying Mercer’s theorem. Constant parameter
C > 0 is used to determine the trade-off between
the training risk and the model robustness. Tar-
get parameters «,,i =1,2,--- ,n are used to con-
struct the optimal hyperplane in the mapped
high dimensional space. By solving (23) using

optimization techniques, the final decision func-

tion with obtained support vectors SV will be

f(@)=sgn{w- w+b}:Sgn{ Z .y, K (Sc7xi)+b}

x; ESV

(24)

Test vectors x

Support vectors
1 2 oo Q XXy
¢ ¢ ¢ Mapped vectors
o) o) px) e e Bxp) ?(x),0(x)
WN Dot product

) ) 000 ) Ko, x;)=p(x) (x;)

Output
;aiJ’iK(x,x,-)‘*'b

Fig. 4  Structural diagram of support vector machine

3.3.3 Random Forest

RF is an ensemble machine learning technique
that integrates multiple decision trees which are
constructed following the classification and re-
gression trees (CART) model. The main struc-
ture of the RF algorithm is shown in Fig. 5. Spe-
cifically, for a given labelled training dataset:
D = {(z1,y),(®2,92) -, (®0,9,)} with y; € {1,
2,---, R}, where R is the number of class. N,
datasets with the same number of the original
dataset are randomly generated from D using the
bootstrap resampling technique. And then, with

these bootstrap datasets, N,. regression decision
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trees are learned. For each bootstrap datasets,
approximately one-third of the samples which are
called out-of-bag (OOB) data are not selected
for the corresponding decision tree training. In
fact, the OOB data is used to evaluate the per-
formance of the decision tree. Obviously, this
built-in cross validation process ensure the RF
can achieve an unbiased estimation of the gener-
alization error without wusing external data.
Therefore, for a certain decision tree, the corres-
ponding prediction error can be obtained using
the OOB data

00B

where Ny is the number of samples of the OOB
data. Finally, with the OOB error (25) as the
optimization target, RF model can be learned by
gradually increasing the depth of the RF. In gen-
eral, using the bagging strategy, RF cannot eas-
ily be affected by noise and outliers, and the

danger of overfitting can be largely reduced.

r— { Test data > Cl“raining data (N samples, M featuresD

' v v v

| [Bootstrap dataset|  [Bootstrap dataset Bootstrap dataset
D 1

L

D2 D_ntree
T2

O
v

‘Predictors fusion: average operation‘

( Predicted result output )

Fig. 5  Structural diagram of random forest

3.3.4 Meta-Agents Information Fusion

With the selected meta-learning agents  de-
scribed in Section 3.3.3, the next task is to design
the training strategy for them. In the literatures,
attempts to use machine learning methods to ad-
dress the DOA estimation problem have never
stopped. In these machine learning based DOA
of training

estimation methods, a variety

strategies are used, but no consensus has been
achieved. For example, for the early NN based
DOA estimation methods, the output of the em-
ployed network was always the target DOAs
[64-66]. In the deep convolution network based
DOA estimation method in [67], the training
data was the so-called spectrum proxy vector,
and the output was the refined or reconstructed
spectrum proxy, which can be used to restore the
spatial spectrum. M. Wajid et al. [68] proposed
to employ the recurrent neural network (RNN)
to deal with the DOA estimation problem. In the
proposed RNN based DOA estimation method,
the “temporal” correlation information was ex-
ploit to obtain the final spatial spectrum. In the
DeepMUSIC method proposed in [69], the au-
thors partitioned the spatial spectrum to many
subregions to efficiently estimate target DOAs.
Therefore, for each subregion of the spatial spec-
trum, a specific CNN was employed to mapping
the input feature to desired the subregion of
spectrum. And the input feature composed of the
real, imaginary and the angular values of the co-
variance matrix of array output. For these men-
tioned training strategies, all of them have their
essential shortcomings. Firstly, if the target
DOAs is selected to be the output, the source
number should be estimated first, which is a
challenging task under low SNR conditions.
Secondly, the randomness of the target DOAs
makes the “temporal” correlation in the spatial
spectrum is very poor, especially under low SNR
conditions. Therefore, if using the entire spatial
spectrum as output, there will be a lot of compu-
tational resources wasted on understanding the
poor temporal correlation. Lastly, if the dividing
the entire spatial spectrum into many subregions
to enhance the mapping accuracy, how to de-
termine the number of subregions is always a
headache problem, and the corresponding compu-
tational complex is often very high.

In this paper, multiple DOA estimation

agents were employed to generate multiple spa-
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tial spectrums. Compared with the poor “tempor-
al” correlation, the “spatial” correlation (i.e.,
correlation between different spatial spectrums at
a specific impinging angle) between the obtained
spatial spectrums is more reliable. Therefore, a
novel training strategy was employed in this pa-
1. denote the

where P, =

per. Specifically, let P = [P}]

obtained spatial  spectrums,

{p: (0].)}|9,E[_E 5.40] is the dth spatial spectrum
J 227

5 and the angle inter-

val is d,. Then, for a given angle 6,, the angle re-

with angles from —g to

sponding vector will be formed as P (6,) =
{p: (00)},_, ... - Therefore, the corresponding la-
bel can be set to 0 for non DOA angle and 1 for
DOA angle as illustrated in Fig. 6.

Labels 0000 =« « « .
Meta-
learning o o . .
inputs
L0 r— e N\
0.9 |— ssmusic
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Fig. 6 Illustration of the training strategy of the proposed
method

Based on the training strategy illustrated in
Fig. 6,

SVM, and RF can be trained in a regression

meta-knowledge learning agents NN,

manner. Without loss of generality, let z(0) =
{z:(0)},_,,, denote the learned meta-spectrums
of NN, SVM, and RF respectively. The final task
is to fuse these meta knowledges to create the fi-
nal estimation of the spatial spectrum. Obvi-
ously, the simple solution is to use the mean of
z (0) to be the final spatial spectrum. However, it
is may reduce the final performance of DOA es-
timation because the peaks of the spatial spec-

trum will be smoothed. Therefore, in order to en-

hance the contrast of the final spatial spectrum,
the following min-max fusion rule was employed
max (z (0)), mean(z(0)) > T
# Olif1.5.0 = {min(o ), mesn(a () <7
(26)
where min (z (0)), max (z (6)), and mean (z (¢)) are
the minimum, maximum, and average value of
the meta knowledge vector z(0) = [z, (0),z,(0),
z; (0)] for a given angle 6.
Finally, with the obtained final meta spec-
trum zp (), the final DOAs can be acquired by
performing the peak-finding operation.

4 Experimental Results

In order to evaluate the performance of the pro-
posed multi-source information meta fusion
(MSIMF) based DOA estimation method, exper-
iments were conducted with simulated datasets
generated by the famous DOA-tools downloaded
from  https://github.com/morriswmz/doa-tools
[70] kindly provided by Dr.Wang Mianzhi, Wash-
ington University. Specifically, the array we con-
sidered here is a uniform linear array (ULA)
with 8 elements, whose element spacing is the
half of the wavelength of the impinging narrow-
band source signals. Because the scenario con-
sidered in this paper is a low SNR environ-
ment, simulated data with SNR belonging to
[-20 -18 -16 14 —12 ~10 -5 0] dB was generated.
And for each SNR case, under a given number of
sources (3 to 7), 10 000 simulated array outputs
were generated with randomly selected DOAs.
Using the generated simulated data, 70% of them
(for every SNR cases) were randomly selected to
form the training data, so the remaining 30%
were used as the testing data.

DOA estimation results of the proposed
MSIMF method, the L1-SVD method [71], the
PUMA [72] method and the JES method pro-
posed in [38] were compared. The criteria com-
monly employed in the literature, i.e., root mean

square error (RMSE), were calculated for each
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method. And the mean CRLB (stochastic
Cramér-Rao Lower Bound) [73] was calculated

for each case simultaneously. For the proposed

MSIMF method, the parameter setting of the
employed meta-learning agents were given in
Tab. 1.

Tab. 1 Parameter settings of the employed meta-learning agents
Machine Parameter
NN Hidden layer: 48 neurons; Cost function: Cross-entropy
SVM Kernel: RBF (Gaussian Radial Basis) ; gamma: 0.05; epsilon: 10 %; 10-fold cross validation; C= 10
RF Tree number: 64; MinLeafSize: 1

4.1 Experiment 1-DOA Estimation for Scattered
DOAs

In this experiment, simulated data with scattered

DOAs (.e.,

between impinging signals with randomly gener-

the minimum angular distance

ated DOAs is greater than 8°) were used for per-

formance test of the compared DOA estimation

methods. The evaluation results of the average
RMSE were given in Tab. 2 and illustrated in
Fig. 7. In Fig. 8, the spatial spectrums derived
from DOA estimation agents were illustrated.
And in Fig. 9, the spatial spectrums of the com-
parison methods (i.e., MSIMF, L1-SVD, and
PUMA) were illustrated.

Tab. 2 Comparison of the RMSE performance of different DOA estimation methods (scattered case)
Method 0dB -5 dB -10 dB -12 dB -14 dB -16 dB -18 dB -20 dB
MSIMF 0.1817 0.2076 0.3446 0.4019 0.5116 0.8355 2.5376 5.1329
L1-SVD 0.3156 0.6333 0.8274 0.966 4 1.3451 2.4637 3.7111 9.0334
K=3 PUMA 0.5311 0.9742 1.8323 2.8184 3.2673 5.7939 7.3554
JES 0.2791 0.4528 0.8874 1.2375 2.0307 4.7516 6.5860 —
CRLB 0.1017 0.1523 0.2465 0.3201 0.3955 0.4690 0.5428 0.6163
MSIMF 0.1823 0.2244 0.5687 0.4793 0.6934 1.3624 2.8946 7.4293
L1-SVD 0.4537 0.7839 1.3562 1.5670 1.7533 3.0977 4.8337 —
=4 PUMA 0.6379 1.3716 2.1197 3.0257 3.6557 6.2122 8.4679 —
JES 0.3691 0.5677 1.3528 1.8954 2.2739 5.0024 7.1335
CRLB 0.1080 0.1686 0.2444 0.3481 0.4549 0.5367 0.6408 0.7537
MSIMF 0.1856 0.2283 0.5933 0.5128 0.7143 1.7645 3.9542 8.3697
L1-SVD 0.4742 0.8634 1.4637 1.8725 2.6473 3.8764 5.3768
K=5 PUMA 0.6825 1.4760 2.3572 3.3904 4.1522 7.5316 9.4619 —
JES 0.4213 0.7648 1.5337 2.1315 3.0746 5.4928 7.8662 —
CRLB 0.1136 0.1729 0.2620 0.3645 0.4822 0.5903 0.6872 0.7798
MSIMF 0.2591 0.3523 0.6010 0.7255 0.9456 2.3296 4.9366 9.2375
L1-SVD 0.6660 1.3322 1.9875 2.8314 3.7658 4.6775 7.0805 —
K=6 PUMA 0.8782 1.9631 2.8362 3.9427 4.6854 8.8723
JES 0.5934 1.0613 2.0416 3.2561 4.5315 6.7533 9.0672 —
CRLB 0.1537 0.2205 0.3264 0.4039 0.5311 0.6418 0.7416 0.8525
MSIMF 0.2937 0.4392 1.0427 1.3342 1.9907 2.6561 5.3676 —
L1-SVD 0.9320 1.6752 2.3736 2.7791 3.3509 4.9337 8.6435 —
K=17 PUMA 1.0204 2.2613 3.5112 3.9895 4.9625 9.1235 — —
JES 0.8245 1.2659 2.4716 3.6627 4.7593 8.3376
CRLB 0.1805 0.2742 0.3718 0.4835 0.6011 0.7364 0.9043 1.2359

— denote that the corresponding RMSE is bigger than 10°.
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Fig. 7 Ilustration of RMSE achieved by different DOA estimation methods with different source number: (a) K=3; (b) K=4; (c)
K=5; (d) K=6; (e) K=7 (the corresponding data bigger than 10° is manually added to reflect the entire trends)
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Fig. 9 Illustration of final spatial spectrums of the same examples given in Fig. 8 for the employed comparison methods: (a) SNR=

0 dB; (b) SNR=-10 dB (¢) SNR=-16 dB

4.2 Experiment 2-DOA Estimation with Closely
Spaced Impinging Signals
In this experiment, simulated data with closely

spaced DOAs (i.e., the minimum angular dis-

tance between impinging signals with randomly
generated DOAs is smaller than 8°) were used
for performance test of the compared DOA es-

timation methods. The evaluation results of the
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average RMSE were given in Tab. 3 and illus-
trated in Fig. 10. In Fig. 11, the spatial

trums derived from DOA estimation agents were

spec-

illustrated. And in Fig. 12, the spatial spectrums
of the comparison methods (i.e., ACCSA, L1-
SVD, and PUMA) were illustrated.

Tab. 3 Comparison of the RMSE performance of different DOA estimation methods (closely spaced case)
Method 0dB -5 dB -10 dB -12 dB -14 dB -16 dB -18 dB -20 dB
MSIMF 0.2003 0.3018 0.4448 0.5319 0.7194 1.8528 4.0152 7.2236
L1-SVD 0.4277 0.8647 1.0379 1.2670 1.5388 4.6735 6.7969 —
K=3 PUMA 0.5922 1.5797 3.6543 3.8802 4.7839 6.3312 9.0347 —
JES 0.3557 0.7684 1.0936 2.3445 3.5715 5.7322 7.9649 —
CRLB 0.1135 0.1607 0.2651 0.3429 0.4196 0.4982 0.5623 0.6403
MSIMF 0.2394 0.3877 0.6276 0.6906 0.8922 1.9627 5.3679 9.0568
L1-SVD 0.5102 0.9804 1.7340 1.9557 2.4605 4.8703 7.0526 —
K=4 PUMA 0.6970 1.9032 3.9900 4.2673 4.9716 6.7992 — —
JES 0.4639 0.7954 1.9365 3.5472 4.7335 5.3940 8.2531 —
CRLB 0.1194 0.1783 0.2746 0.3685 0.4702 0.5569 0.6603 0.7639
MSIMF 0.2803 0.3944 0.8385 0.8639 0.966 4 2.0607 5.8923 9.6885
L1-SVD 0.5729 1.4456 2.5569 2.6540 3.0062 5.3562 8.0902 —
=5 PUMA 0.7335 2.3790 4.4901 4.9461 5.9677 7.9044 — —
JES 0.4950 1.2509 2.7337 4.1326 5.4395 6.9125 9.5037 —
CRLB 0.1332 0.1957 0.2918 0.3892 0.5073 0.6155 0.7087 0.8104
MSIMF 0.356 6 0.5539 1.0344 1.3907 1.5771 3.2667 7.0355 —
L1-SVD 0.6900 1.6307 3.2804 3.5685 4.6298 7.0035 — —
K=6 PUMA 0.9426 2.8805 5.0932 5.8862 6.0335 9.2564 — —
JES 0.5127 1.5639 3.4792 4.3913 5.7524 8.7550 — —
CRLB 0.1742 0.2516 0.3460 0.4517 0.5625 0.6719 0.7836 0.896 1
MSIMF 0.2937 0.7227 1.5677 2.1090 2.0355 2.6561 8.046 6 —
L1-SVD 0.9320 2.0349 3.9215 4.5117 5.3750 7.9337 — —
K=17 PUMA 1.0204 3.9217 5.7333 5.8992 6.9166 — — —
JES 0.7655 1.6438 3.9880 5.3624 6.5765 8.8364 — —
CRLB 0.2010 0.2956 0.3994 0.5037 0.6148 0.7562 0.9271 1.2887

— denote that the corresponding RMSE is bigger than 10°.

4.3 Discussion

Based on whether there are impinging signals
close to each other less than 8°, the DOA estima-
tion experiments were divided into two groups.
For the case with scattered impinging signals,
when the SNR is not less than —16 dB, all the
compared DOA estimation methods can achieve
RMSE performance of less than 6°. However, if
the SNR is less than —16 dB, the DOA estima-
tion performance will decline sharply. Specific-
ally, by taking full use of the actively employed
DOA estimation agents, the proposed MSIMF
method achieves best performances in all cases.
Even if the SNR is as low as —20 dB, the corres-

ponding RMSE is smaller than 6°. For the case
with closely spaced impinging signals, the ad-
vantage of the proposed MSIMF method is also
obvious, especially under low SNR conditions.
From the experimental results we can see that
indeed
between the spatial spectrums obtained by the

there is complementary information
adopted DOA estimation agents. For example, in
Figs. 13 —15, some visible evidences that verify
the existence of the complementary information
between the spatial spectrums obtained by the
adopted DOA estimation agents. In Fig. 13, the
first two DOAs (-47° and -42°) are closely

spaced, all the DOA estimation agents can only
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Fig. 12 Tllustration of final spatial spectrums of the same examples given in Fig. 11 for the employed comparison methods: (a) SNR=

find one shifted peak near these two angles. For-
tunately, the corresponding peak shifts and re-

sponding powers are different, and these differ-

ences c

method to reveal the truth of the target DOAs

0 dB; (b) SNR=-10 dB (c) SNR=-16 dB

more accurately and robustly. Similarly, in Fig.
14, for the first DOA (-82°), there are no peaks
in the spatial spectra obtained by the employed
an be employed by the proposed MSIMF DOA estimation agents, but the relative value of

these spatial spectra with respect to this angle
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hided a significant pattern, which can be re- sponds in their spatial spectra, and the corres-
vealed by the subsequent meta-learning agents.
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Fig. 13 The 1st example of the visible complementary pattern between spatial spectrums obtained by different DOA estimation
agents: (a) spatial spectrums; (b) enlarged spatial spectrums of the black box region in (a); (c) spatial spectrum of the pro-
posed MSIMF method
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Fig. 14 The 2nd example of the visible complementary pattern between spatial spectrums obtained by different DOA estimation
agents: (a) spatial spectrums; (b) enlarged spatial spectrums of the black box region in (a); (c) the spatial spectrum of the
proposed MSIMF method
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Fig. 15 The 3rd example of the visible complementary pattern between spatial spectrums obtained by different DOA estimation
agents: (a) spatial spectrums; (b) enlarged spatial spectrums of the black box region in (a); (c) spatial spectrum of the pro-
posed MSIMF method
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At last, the time consumptions of the pro-
posed method and the employed comparison
methods was discussed here. Specifically, the con-
figuration of the used computer is: 1) CPU:
Inter (R) Core(TM) i7-6700@3.4GHz 3.4GHz;
2) Memory: 4 GB; 3) Operating System: Win-
dows T7x64; 4) MATLAB 2018a.

Without loss of generality, the average time con-

Software:

sumption data for one-time DOA estimation with
SNR= -10 dB was given in Tab. 4. (Note: The
time consumption data of the proposed MSIMF
method is only the testing time that use the
learned models to estimate target DOAs, and the
iteration number used in the PUMA method is
set to 100.)

Tab. 4 Comparison of the time consumption data for one-

time DOA estimation S
Method K=3 K=4 K=5 K=6 K=T7
MSIMF  1.0674 1.2854 1.8733 2.5617 3.4826
L1-SVD  5.6058 7.8647 9.1338  11.2546 15.3752
PUMA 0.0216 0.0298 0.0437 0.0824 0.2710

JES 1.5237 1.8369  2.1408 3.0964 5.5433

From Tab. 4, we can see that PUMA is the
fastest method. However, its accuracy and reliab-
ility are the worst. In another aspect, the pro-
posed MSIMF method can achieve the best per-
formance of accuracy and reliability with obvi-
ous time saving compared with the L1-SVD
method. Obviously, the overall performance of
the proposed MSIMF is the best.

5 Conclusions

In this paper, a novel DOA estimation method
was proposed based on multi-source information
meta fusion. Inspired of the works given in
[36-39] and the information fusion theory, sever-
al DOA estimation agents with different theoret-
ical backgrounds were selected to collaboratively
collect the DOA related information. In this way,
complementary DOA related information can be
fully utilized through the designed meta-learning

module. Together with the experimental results

given in Section 4, the following conclusions can
be drawn: 1) The proposed hierarchical multi-
source information meta fusion framework is suit-
able for design robust method to address DOA
estimation task under low SNR conditions. 2)
There is indeed enough complementary informa-
tion among DOA estimation methods with differ-
ent theoretical backgrounds; 3) The complement-
ary DOA related information does not necessar-
ily occur at peaks of the obtained spatial spec-
trums; 4) Meta learning technique can indeed re-
veal the DOA related information from spatial
spectrums with uncertainties in them. In future,
details of the proposed framework will be further
studied.
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