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Abstract—Massive multiple input multiple output(MIMO)-
based fully-digital receive antenna arrays bring huge amount
of complexity to both traditional direction of arrival(DOA)
estimation algorithms and neural network training, which is
difficult to satisfy high-precision and low-latency applications in
future wireless communications. To address this challenge, two
estimators called OPSC and OSAP-CBAM-CNN are proposed in
this paper. The computational complexity of the traditional DOA
algorithm is first considered to be reduced by dividing the total set
of antennas into multiple overlapped subarrays uniformly, each
subarray crosses each other proportionally and performs DOA
estimation to generate coarse angles, and all angles are coherently
combined to get the better estimation, the final DOA estimation
can given by maximum likelihood alternating projection(ML-AP)
in a very small range, which has a better performance than the
direct partitioning of subarrays. To further reduce the complexity
of traditional estimation algorithms, deep neural networks(DNN)
are utilized to offline train the relationship between the received
signal covariance matrix and the estimated angles. Due to the
high complexity of the training network based on large-scale
arrays, in the OSAP-CBAM-CNN method, the complex network
is divided into several smaller networks based on the overlapped
subarray to give rough DOA estimations, followed by coherent
combining and AP algorithm to get the final DOA estimation.
Simulation results show that as the number of antennas goes
to large-scale, the proposed methods can achieve a remarkable
complexity reduction over conventional ML-AP algorithm.

Index Terms—DOA, MIMO, Deep neural network(DNN), Low-
complexity, Alternating projection(AP)
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I. INTRODUCTION

Target localization is an issue of great interest in wireless

communications, and it has been widely used in various mod-

ern engineering fields, including assisted driving, navigation,

millimeter wave (mmWave) communications,etc [1]. One of

the key part in target localization is the Direction of Arrival

(DOA) technology, which provides accurate directional infor-

mation for beamforming and achieves higher received signal-

to-noise(SNR) ratio at the receiver with less transmit power

[2]. In recent years, the application of mmWave technology has

enabled more antennas deployed at the same distance, which

combined with multiple-input multiple-output (MIMO) receive

array to achieve ultra-high angular resolution and accuracy.

For the problem of DOA estimation based on massive MIMO,

the first and most important thing is to infer the existence of

the emitters, which determines whether a DOA estimation is

required. Therefore, in [3], three high-performance detectors

were proposed to accurately infer the existence of passive

emitters from the eigen-space of the sample covariance matrix

of the received signal.

The problem of direction finding (DF) with narrow-band

arrays of sensors have many conventional algorithms. In [4],

the authors compared the maximum likelihood (ML) estimator

and the multiple signal classification (MUSIC) estimator based

on subspace decomposition and inferred some properties of

Cramer-Rao bound (CRLB), which shows that the ML esti-

mator has better asymptotic performance in coherent signals or

low SNR scenarios, but it is requirement of global multidimen-

sional search leads to high complexity. Therefore, in [5], the

authors have proposed a low-complexity alternating projection

http://arxiv.org/abs/2301.06101v1


(AP) algorithm to compute an accurate DOA estimation of

multiple sources in a passive sensor array and verified that the

estimator is also applicable to the case of coherent signals, the

key of this algorithm is to find more accurate initial values. As

the number of antennas tends to large-scale, the circuit costs

and computational complexity of conventional methods based

on fully-digital (FD) receive arrays will increase dramatically.

Therefore, in [6], Shu et al. proposed a low-complexity hybrid

analog-digital (HAD) structure with two maximum-receiving-

power-based methods to achieve low-complexity and high-

precision DOA estimation. To further reduce the time slot

required by estimation, a fast ambiguous DOA elimination

method was proposed in [7], which could find the true emitter

direction only using two-time-slot and the author in [8] have

removed phase ambiguity in only single time-slot. The above

proposed methods significantly reduce the circuit cost and

computational complexity, but accompanied by a substantial

performance loss. In order to achieve a significant reduction in

complexity while maintaining the high performance of the FD

structure, the authors proposed three low-complexity methods

for reducing complexity of eigenvalue decomposition in [9],

the latter two methods could achieve more than two orders

of magnitude complexity reduction and achieve excellent

performance.

With the rise of applications such as metaverse and web

3.0, it is urgent to satisfy the need for high transmission rates

and low latency. Machine learning and deep learning (DL)

based DOA estimation can address this problem well. In [10],

Zhuang et al. formulated a machine learning framework to

improve the estimation accuracy of DOA and proposed three

weight combiners to combine the maximum likelihood learn-

ing output of the training dataset and the real-time estimation

dataset. In [11], the authors combined DL, uniform circular

array (UCA), and HAD to propose a low-complexity estimator.

In [12], convolutional neural networks (CNN) was utilized to

extract features and the model was treated as a multi-label

classification problem for prediction. This method achieves

better performance than traditional methods at low SNR, but

it has substantial performance loss at high SNR due to the grid

limitation. In [13], the authors analyzed the performance loss

of DOA estimation using a receiver array with a low-resolution

analog-to-digital converter (ADC) and found a good balance

between performance and circuit cost.

In general, as the antenna tends to large-scale, it inevitably

brings huge/ultra huge complexity to the traditional DOA

algorithms and neural network training. In particular, the ML

based DOA estimation algorithm has very good asymptotic

performance than other algorithm in scenarios such as coherent

sources, low SNR, etc., but its requirement of global multidi-

mensional search and smaller grid causes very high complexity

as the antenna tends to large-scale.

• In order to reduce the computational complexity of con-

ventional algorithm based on massive MIMO, the over-

lapped partitioned subarray coherent combining (OPSC)

method is proposed to address this problem. The total an-

tennas are uniformly divided into multiple subarrays, and

each subarray is crossed in a predetermined proportion,

the coarse DOA estimations are estimated separately by

these subarrays and a more accurate estimation is given

by coherent combining, followed by ML-AP in a very

small range to get the final estimation. It can be seen

that the OPSC method can significantly reduce the com-

putational complexity and achieve a better performance.

However, when the Tera-hertz technology brings the ultra

large-scale antennas to the public, which long estimation

time is difficult to be satisfied for some applications like

metaverse and web3.0.

• The DOA estimation method based on DL can solve

the above problem efficiently, but at the same time,

as the number of antennas tends to ultra large-scale

and the strict requirements for prediction performance,

the complexity of DNN training has become a major

problem, which is the main reason why few scholars

apply DL to the DOA estimation of massive MIMO.

Therefore, the OSAP-CBAM-CNN method is proposed

to exploit DL to balance the complexity between training

and estimation. The signal covariance matrix of each

overlapped subarray is fed into the DNN separately,

and the complex network is divided into several small

networks for training to give the rough DOA estimations

and through coherent combining to get the more accurate

estimation. The final DOA estimation is given by ML-AP

in a very small area. The OSAP-CBAM-CNN method

makes a significant complexity reduction while achieving

the CRLB.

II. SYSTEM MODEL

Assuming Q emitters signal from the direction θ =
[θ1, θ2 · · · , θQ] impinges on the uniformly-spaced linear array

(ULA) with N antenna elements, each antenna gets a different

version of the received signal due to the propagation delay and

the received baseband signal vector is expressed as

y(n) = A(θ)s(n) + v(n) (1)

where v(n) ∼ CN (0, σ2
wIN ) is the additive white Gaus-

sian noise (AWGN) vector, s(n) = [s1(n), · · · , sQ(n)]T

is the Q emitter signals, A(θ) = [a(θ1), · · · , a(θQ)] is

the array manifold and a(θq) is defined as a(θq) =

[1, ej
2πd sin θq

λ , · · · , ej
2π(N−1)d sin θq

λ ]T , where λ is the wave-

length of the carrier frequency, and d = λ
2 . Here, the phase

reference point is chosen to be the left of the array.

III. CONVENTIONAL ML ESTIMATOR AND AP

ALGORITHM

DOA estimation based on ML methods has very good

asymptotic performance compared to the super-resolution al-

gorithm based on subspace decomposition in the coherent

source and single snapshot scenarios, which function can be

given by

θ̂ = argmax
θ̂∈Ψ

tr{PAR̂}. (2)



where R̂ is the sample covariance matrix, PA(θ) =

A(θ)
(

AH(θ)A(θ)
)−1

AH(θ) and Ψ = {(θ1, · · · , θq) : θ1 ∈
[−π/2 : σ : π/2], · · · , θq ∈ [−π/2 : σ : π/2]}, σ is

the search grid and the point of Ψ is ǫ = (π/σ + 1)q. It

can be seen that the need for multi-dimensional search and

small grid make ML estimator difficult to exploited. Therefore,

the AP algorithm combines alternating optimization methods

and projection matrix decomposition methods to transform

the multi-dimensional search into multiple single-dimensional

searches, which significantly reduce the complexity of ML

method. Consequently, the estimation of the ith iteration of

the AP algorithm is given by

θ̂(i)q = max
θq

{

bH
(

θq,Θ
(i−1)
(q)

)

R̂b
(

θq,Θ
(i)
(q)

)}

(3)

where Θ
(i)
(q) = [θ̂

(i)
(1), · · · , θ̂

(i)
(q−1), θ̂

(i)
(q+1), · · · , θ̂

(i)
(Q)] and

b(θq,Θ
(i)
(q)) is a unit vector defined as

b
(

θq,Θ
(i)
(q)

)

= I−P
A
(

θ̂
(i)

(q)

)

∥

∥

∥

∥

I−P
A
(

θ̂
(i)

(q)

)

∥

∥

∥

∥

−1

(4)

where I is a identity matrix and ‖ · ‖ denotes the norm. AP

algorithm requires iterations to get the final DOA estimation,

and its crucial to find an excellent initial value.

IV. PROPOSED TWO LOW-COMPLEXITY STRUCTURES AND

ESTIMATORS

To address the problem that the complexity of ML-AP

algorithm and the neural network training is very high due to

the missive MIMO array. A low-complexity estimation method

is proposed firstly, and a CNN based method is exploited on

the basis of this overlapped structure to further reduce the

complexity and balance the training with the estimation.

A. Proposed OPSC

The Fig. 1 shows the structure of proposed OPSC estimator.

N antennas are divided equally into K subarrays with each

subarray containing M antennas, and two adjacent sub-arrays

cross each other in proportion M0 = αM ,where α ∈ [0, 1].
Therefore, we can calculate K = (N − M0)/(M − M0).
It can be seen that, compared to no overlapped partitioned

subarray(NOPS), the OPSC can improve the estimation per-

formance by changing the number of crossed antennas and

not changing the number of antennas in subarray, which is

certainly effective in reducing the computational complexity.

After the parallel RF chain and ADC, the receive signal vector

of kth overlapped subarray is given by

yk(n) = Ak(θ)sk(n) + vk(n), k = 1, 2, ...,K (5)

where Ak(θ) = [ak(θ1), · · · , ak(θQ)] is the array manifold

of the kth subarray and ak(θq) defined as ak(θq) =

[ej2π
(kM−M−kM0+M0)d sin θq

λ , · · · , ej2π
(kM−kM0+M0−1)d sin θq

λ ]T ,.
Assuming the signal and noise are uncorrelated, the

covariance matrix of received signal is expressed as

Rk = E
[

yk(n)y
H
k (n)

]

. In practical applications, the

covariance matrix cannot be got directly. Therefore, the

Fig. 1. Proposed a low-complexity overlapped partitioned subarray combining
structure

sample covariance matrix and the corresponding eigen-

decomposition is given by

Rk =
1

J

J
∑

l=1

yk(j)y
H
k (j) = [US UN ]Σ[US UN ]H (6)

where J is the snapshots, US and UN stand for the signal and

noise subspaces, respectively. Based on the above eigenvalue

decomposition and the Root-MUSIC method, the correspond-

ing estimated angle can calculated as follows

θ̂k = arcsin

[

λ

2πd
arg (ẑq)

]

, q = 1, · · · , Q (7)

where ẑq is the Q roots of the largest magnitude of the

polynomial, the detailed information of Root-MUSIC can be

find here [14]. A more accurate DOA estimation can be given

by the coherently combining of K overlapped subarrays as

follows

θ̂ = w1θ1 + w2θ2 + · · ·+ wkθK , k = 1, 2, ...,K (8)

where wk is the weight parameter and are taken to be 1/K
in here. Construct the candidate-angle-set with θ̂ as the center

can be expressed as Ψ̃ = {(θ1, · · · , θq) : θ1 ∈ [θ̂1 − hσ :
σ/p : θ̂1 + hσ], · · · , θq ∈ [θ̂q − hσ : σ : θ̂q + hσ]} , where

h and p are arbitrary constants. Due to the application of the

AP algorithm, the point of set is ǫ̃ = Q(2hp + 1). Finally,

substitute θ̂ into (3) as the initial value for a small range of

AP iterations to get the perfect DOA estimation θ̃.

Consequently, the proposed OPSC method can significantly

reduce the complexity by adjusting the number of subarray

antennas M or the number of crossed antennas M0, which



is able to reach convergence with a very small number of

iterations. However, it is still difficult to be utilized in the face

of future speed-critical applications like metaverse. Therefore,

the method based on CNN is proposed to address the dilemma.

B. Proposed OSAP-CBAM-CNN

Fig. 2. Framework of proposed OSAP-CBAM-CNN structure

Neural network-based DOA estimation provides high per-

formance, but very few scholars have used it in large-scale

MIMO scenarios mainly because of the extremely high com-

plexity of the training process. To further address the dilemma

and give a high-performance solution, the structure of the

proposed OSAP-CBAM-CNN method with N antennas is

shown in Fig. 2. In this structure, K small networks are

utilized instead of the large network based on the overlapped

structure and let us define a M ×M × 3 real vector X̂ as

X̂ =

{

X:,:,1 = Re{Rk}

X:,:,2 = Im{Rk}
(9)

where Re{Rk} and Im{Rk} denote the real and the imaginary

part of Rk, respectively. Assuming DOA prediction is modeled

as a regression task and the training data angles are chosen

from −θ to θ grid of g, with a total of φ = 2θ/g + 1 angles.

For each SNR level, there are Z = CQ
φ covariance matrix data

when the emission sources are Q, where C.
. is the permutation

and combination, each covariance matrix corresponds to Q
angles, which gives the process of data management and

labeling. It can be found that X̂ is a function of θ. Therefore,

we are going to introduce the architecture of proposed NN.

The proposed neural network is first a C-layer convolutional

network, each layer consists of a 2D convolutional layer with

F filters, a batch normalization layer and an activation layer,

the nonlinear activation function used here is the ReLU, which

can be expressed as ReLU = max(0, x). The convolution

kernel of ec × ec is used to extract features by stride S.

Thus, assume the input dimension is M ×M × 2, the output

dimension after the first convolutional layer can be expressed

as M1 ×M1 × F , where M1 = (M − e1)/S+1, and through

the C convolutional layer, the output feature dimension can

be further represented as OC : Mc × Mc × F . Then,

a convolutional block attention module (CBAM) is added

to optimize the neural network structure, which consists of

a channel attention module (CAM) and a spatial attention

module (SAM). The former is used to show the correlation

between different channels, and the importance of each feature

channel is automatically obtained through network learning,

and the feature map through CAM is given by Ac(OC) =
σ(MLP (AP (OC)) + MLP (MP (OC))), where MLP is a

multiple perception network, AP is average pooling and MP

is max-pooling. The SAM is used to enhance the feature

representation of key regions, and the output feature map can

be represented as AS(OC) = σ(f7×7(AP (OC);MP (OC))).
CBAM combines CAM and SAM to achieve a sequential

attention structure from channel to space, and the final en-

coder output can be given by A = AS(Ac(OC) ⊗ OC) ⊗
(Ac(OC) ⊗ OC). It should be noted that due to the low

complexity of the internal structure of CBAM, it is well suited

to be used in the neural network proposed in our manuscript.

In contrast to the extracted feature part of the network,

D-layer fully connected(FC) layers are used to restore the

extracted features to the form of the original input. Each FC

layer consists of a dense layer of nds neurons, a 20% Dropout

layer, and we use a regression model based on the proposed

CNN structure instead of classification model, with the last

layer consisting of a dense layer containing Q neuron to map

the angle directly, which can achieve better performance at

any SNR than the classification model.

Since the proposed neural network is a regression problem,

in order to measure the loss of it, the loss of each angle of

corresponding X̂ are calculated and averaged, The MSE loss

function used here is given by

L(θ, θ̃) =
1

Q

Q
∑

i=1

(θi − θ̃i)
2 (10)

Through the designed network, the mapping of inputs to

outputs can be expressed as

θ̂k = fD(· · · fD1(fC(· · · (fC1(X̂)))) (11)

By coherently combining the estimation of K small networks,

a more accurate DOA estimate can be given as

θ̂ =
1

K

K
∑

k=1

θ̂k (12)

Slimily to (8), the final DOA estimation can be calculated by

AP algorithm.

C. Complexity Analysis

Below, we make an analysis of computational complexities

of the proposed estimators with traditional ML-AP algorithm

as a complexity reference. Thus, the complexity of OPSC is

as follows COPSC = O{K
(

M3 −M2 +ML(2M + 1)
)

}
FLOPs. And the complexity of conventional ML-AP is

CML−AP = O{(π/σ+1)q(2N2(Q−1)+3N2+4N(Q−1)2)}
From the analysis above, it can be found that the complexity

of OSAP-CBAM-CNN comes from the calculation of θ̂k and

the iterative optimal estimation θ̃.

The complexity of calculating θ̂k is related to the struc-

ture of the neural network (i.e., the number of layers

and the parameters in each layer) and it can be given

by CNN = O{
∑K

k

∑C
c=1(M

2
c )

(k)(e2c)
(k)(F 2

c−1)
(k)(F 2

c )
(k) +

∑K
k

∑D
ds=1 n

k
dsn

k
ds+1}. Since all networks are not large and



only operated between real numbers when computing θ̂k.

Therefore, when the number of antennas tends to large-scale,

the complexity of the proposed estimation method will be

mainly reflected in the selection of the final estimation θ̃,

which will be about COSAP−CBAM−CNN = O{ǫ̃(2N2(Q −
1) + 3N2 + 4N(Q − 1)2)}. Compared with the FD ML-AP

estimator, the computational complexity of the proposed two

estimators is significantly reduced, especially as the number

of antennas tends to large-scale.

V. SIMULATION RESULTS

In this section, we present simulation results to assess the

performance of proposed DOA estimators: OPSC and OSAP-

CBAM-CNN with FD ML-AP [5] as reference. Assuming two

source impinge on the array and L = 1000, the training signal

source is within the angular range [−60o, 60o].
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Fig. 3. RMSE versus SNR of the proposed method

Fig. 3 plots the root mean squared error (RMSE) versus

SNR of the two proposed DOA estimators OPSC and OSAP-

CBAM-CNN for N = 128, M = 32 and M0 = 16, where

the corresponding CRLB is used as a performance benchmark.

From Fig. 3, it is seen that the proposed OSAP-CBAM-CNN

method and OPSC method both can achieve the corresponding

CRLB when SNR exceed -15dB.
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Fig. 4 shows the computational complexities versus the

number of antennas with M0 = 1/2M = 1/8N and N

varying from 32 to 1024. From this figure, it is seen that as

the number of antennas goes to ultra-large-scale, the compu-

tational complexities of our proposed two methods are two-

order-of-magnitude to three-order-of-magnitude lower in terms

of FLOPs than conventional ML-AP algorithm.

VI. CONCLUSIONS

In this paper, based on the large-scale MIMO receive array,

two low-complexity DOA estimators are proposed: OPSC and

OSAP-CBAM-CNN. As the number of antennas tends to

large-scale, the proposed two methods have more than two

orders of magnitude of complexity reduction compared to the

traditional ML-AP method and achieve excellent estimation

performance. In particular, the OSAP-CBAM-CNN method

combines DNN with traditional algorithm and partitioning

the complex network into multiple small networks based on

overlapped subarray, which not only improves the estimation

performance but also significantly reduces the computational

complexity. The two proposed low-complexity algorithms will

help DOA estimation for massive MIMO to satisfy the low-

latency requirements of future applications like beyond 5G/6G.
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