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Abstract: Aiming at the issues where traditional direction-of-
arrival (DOA) estimation algorithms experience substantial per-
formance degradation in low signal-to-noise ratio environments,
and deep learning-based DOA estimation methods rely on mas-
sive training data with prolonged model training cycles, this
paper proposes two efficient and high-precision DOA estimation
methods based on ensemble learning. By formulating DOA esti-
mation as a multi-label classification problem and leveraging the
classification chain paradigm, data-driven models, classification
chain-random forest (CC-RF) and classification chain-eXtreme
gradient boosting (CC-XGBoost), are constructed, which are
capable of handling multi-label classification tasks. To verify the
effectiveness of the proposed methods, a multi-dimensional
comparative experiment is designed to benchmark their perfor-
mance against the traditional multiple signal classification
(MUSIC) algorithm and a convolutional neural network (CNN)
model. Experimental results indicate that in both single-source
and multi-source scenarios, the proposed CC-RF algorithm
exhibits excellent performance, achieving DOA estimation accu-
racy comparable to the MUSIC algorithm; in multi-source esti-
mation scenarios, both proposed models demonstrate strong
noise adaptability. Compared with the traditional MUSIC and
CNN algorithms, the estimation error of the CC-XGBoost and
CC-RF models is reduced by up to nearly 30 times while main-
taining low time complexity, with the single estimation time
reduced by approximately 90% compared to traditional meth-
ods. This study provides a technical pathway for DOA estima-
tion in complex environments and holds significant application
value in fields such as radar detection and wireless communica-
tion.

Keywords: direction of arrival estimation (DOA), multi-label clas-
sification, eXtreme gradient boosting (XGBoost), random forest,
classification chain.
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1. Introduction

Direction-of-arrival (DOA) estimation is a core issue in
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array signal processing, with wide applications in radar,
sonar, wireless communication, medical imaging, and
other fields. The objective of DOA estimation is to deter-
mine the spatial direction of signal sources through pro-
cessing signals received by the array. With the advance-
ment of sensor array technology and the continuous evo-
lution of signal processing algorithms, the accuracy and
robustness of DOA estimation have been significantly
enhanced. Currently, DOA estimation algorithms are pri-
marily categorized into traditional model-driven methods
and emerging data-driven methods.

The traditional DOA estimation methods are mainly
model driven methods represented by subspace class
methods [1-5], represented by multiple signal classifica-
tion (MUSIC), estimation of signal via rotational tech-
niques (ESPRIT) and their extended algorithms, and
sparse representation class methods [6—10] (Bayesian
learning, greedy algorithm, etc.). The MUSIC algorithm
[1] and ESPRIT algorithm [2] are representative of sub-
space methods, which achieve high-resolution DOA esti-
mation by exploiting the orthogonality between the sig-
nal subspace and the noise subspace. The maximum like-
lihood method [11] is theoretically optimal. However, in
practical applications, due to complex and variable condi-
tions including noise, multipath effects, signal coherence,
and array errors, the performance of traditional DOA esti-
mation methods degrades drastically or even becomes
ineffective, making it difficult to meet the requirements
of high precision and robustness. Meanwhile, traditional
model-driven algorithms suffer from high computational
complexity, hindering their real-time application. The
sparse representation framework assumes that all true
directions fall exactly on the pre-selected grid. If the
unknown source’s incoming wave direction is not in the
angle grid, the algorithm almost fails. The solution of
sparse representation problems usually has high computa-
tional complexity, especially when dealing with large-
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scale data.

With the development of machine learning technology,
more and more researchers have begun to explore the
application of machine learning algorithms in DOA esti-
mation [12]. In 2005, the application of support vector
regression (SVR) in DOA estimation was first proposed,
and experiments showed that this method has high preci-
sion and generalization ability [13]. Later, scholars suc-
cessively applied the support vector machine (SVM)
algorithm to DOA estimation in different scenarios
[14-16]. To address the great difficulties brought by high
computational complexity and complex spatial structure
in large-scale multiple input multiple output (MIMO) sys-
tems to the utilization of channel characteristics and spar-
sity, Huang et al. [17] constructed a deep neural network
(DNN) for DOA estimation, proving the effectiveness of
adopting a deep learning framework in large-scale MIMO
systems. In [18], the authors transformed the multi-source
signal angle estimation problem into a multi-label classi-
fication task and proposed using convolutional neural net-
works (CNN) to predict DOA at all signal-to-noise ratio
(SNR). Experiments proved that this method has signifi-
cant noise resistance and strong robustness in low SNR
and small snapshot scenarios. The scholar also proposed
using CNN to infer the number of source signals and pre-
dict DOA with high confidence, and experiments also
proved the feasibility of this idea. In addition to using
CNN alone for DOA estimation, most scholars combine
CNN with other neural networks [19-21]. In [19], the
authors proposed a combination of CNN and long short-
term memory (LSTM) for DOA estimation, where LSTM
is mainly used to suppress impulsive noise, and CNN is
used to learn spatial features of signals and perform high-
level feature extraction. This algorithm can greatly
improve the accuracy and robustness of DOA estimation
in impulsive noise environments. As early as 2021,
scholar Alexander et al. proposed extending CNN with
LSTM to solve the sound source localization problem of
microphone arrays, and also proposed a deep learning
algorithm integrating CNN and temporal convolutional
network (TCN) [20]. Experiments showed that the perfor-
mance of CNN combined with LSTM is superior to other
algorithms, including ordinary CNN and TCN extension.
In [21], to solve the problem of DOA of two closely
spaced sources, the authors transformed this problem into
a multi-label classification task and proposed a new net-
work integrating deep AutoEncoder (DAE) and CNN,
named DAE-CNN-MUSIC. Simulation experiments
showed that compared with state-of-the-art algorithms,
this method has a significant performance gain under low
SNR conditions, and can estimate angles more accurately
under high SNR conditions. In addition, Zheng et al. pro-

posed an efficient decomposed CNN network for 2D
DOA estimation based on sub-Nyquist tensors, derived
an enhanced co-array tensor as network input, and this
method saves system resources while maintaining com-
petitive performance [22]. Wang et al. proposed a one-
shot architecture search and transformation for robust
DOA estimation (OAST-DOA) framework, introducing
LSTM network as a controller to guide the architecture
search and optimal unit selection process, solving the
problem of poor DOA estimation performance under low
SNR [23]. With the rise of Transformer models in the
field of computer vision, some scholars have introduced
them into DOA estimation [24-26]. In [24], the authors
proposed a dual class token vision transformer (DCT-
ViT), which contains two class tokens located at the
beginning and end of the latent vector sequence. Experi-
ments show that this framework can adapt to DOA esti-
mation with different numbers of signal sources, and
under low SNR, the performance of this method is supe-
rior to classical model-based methods and other deep
learning-based methods. To address the limitations of
subspace-based algorithms, Ji et al. [26] proposed a
method using Transformer to assist MUSIC. This method
can process multiple snapshots in parallel, thereby captur-
ing global correlations across them. When most scholars
use deep learning frameworks for DOA estimation, they
convert the problem into a multi-label classification prob-
lem, which leads to insufficient utilization of signal
source features. In [27], Fan et al. defined the DOA esti-
mation problem as an object detection problem, using the
You Only Look Once v3 (YOLOV3) to directly predict
the DOA of sources with confidence scores from spectral
proxies and achieve end-to-end estimation. Experiments
show that compared with several advanced algorithms, it
has more advantages in terms of network scale, computa-
tional cost, prediction time and DOA estimation accu-
racy.

However, these methods usually require a large
amount of training data and are highly sensitive to model
parameters. In recent years, ensemble learning, as a pow-
erful machine learning paradigm, has demonstrated supe-
rior performance in multiple fields [28,29]. By combin-
ing the prediction results of multiple base learners,
ensemble learning can effectively improve the generaliza-
tion ability and robustness of the model. Compared with
the popular neural network algorithms in recent years,
ensemble learning algorithms have stronger generaliza-
tion ability, higher training efficiency, lower data depen-
dence and stronger model interpretability, and are widely
used in classification and regression tasks [30]. In 2001,
Breiman [31] formally proposed the random forest (RF)
algorithm, which is a milestone in the field of ensemble
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learning. Its advantages in robustness, interpretability and
engineering convenience have kept it irreplaceable in
industry to this day. In 2016, Chen et al. [32] proposed
the eXtreme gradient boosting (XGBoost) algorithm at
the SIGKDD conference. This algorithm quickly became
a common algorithm in various industries and competi-
tions, and is one of the most influential and widely used
algorithms in the field of ensemble learning, known as
the “ultimate weapon for machine learning competitions”.
In DOA estimation, ensemble learning methods can inte-
grate the advantages of various features and algorithms to
improve estimation accuracy and adaptability. However,
currently, the application of ensemble learning algo-
rithms in the specific signal processing field of DOA esti-
mation is relatively limited.

In this context, drawing on the idea of classification
chains (CC), this paper proposes two DOA estimation
methods based on RF and XGBoost, CC-RF, and CC-
XGBoost, which transform the DOA estimation problem
into a multi-label classification problem. Through simula-
tion experiments, the performance of the proposed meth-
ods is compared and analyzed with the classical MUSIC
algorithm and the currently most commonly used deep
learning network-based DOA estimation method, explor-
ing the effectiveness and robustness of the two algo-
rithms in estimating uniform linear array (ULA) far-field
narrowband single-source and dual-source signals.

2. Fundamentals of DOA estimation
2.1 Array signal model

The antenna receiving array in this paper adopts a ULA.
A ULA with M array elements, receiving K far-field nar-
rowband signals and with an element spacing of d is
shown in Fig. 1.

Fig.1 ULA

The array signal model is expressed as
x(1) = A(0)s() + n(1) (D

where 0 = [6,,0,,---,0x] represents the angle between the
DOA and the normal direction of the array elements, 6, is
the estimated value of the k signal source, A(6) is the
array manifold matrix, s(¢) is the signal model, and n(r)
represents zero-mean stationary Gaussian white noise
with variance 0. The noise between each array element

is uncorrelated, and uncorrelated with the signal source.
The array steering vector of a ULA with element spac-
ing d is

a(g) = [l,e—anzlsin(?k//l’ .. ’e—2njd(M—1)sin(-h//l]' @)

The array manifold matrix is defined as A(6) =
[a(6)),a(6,),--,a(bx)].

A signal whose bandwidth is much smaller than its
center frequency is called a narrowband signal, which is
expressed in this paper as

$(1) = a(r)e ) (3)

where a(¢) is the amplitude modulation function, 6(¢) is
the phase modulation function, and w, = 2xf; is the car-
rier frequency.

When the signals are incoherent, the received signal
covariance matrix is

R, = APA" + 071 4)

where P is the signal power diagonal matrix, and R,, is
full-rank.

In practical application environments, due to the fixed
phase relationship between multiple signal sources in
time or space, that is, the waveforms are statistically cor-
related, such as multipath effects, there is a linear rela-
tionship between the steering vectors, and the signals are
called coherent signals. At this time, the received signal
covariance matrix R, is expressed as

R, =AZ A"+ oI %)
The rank of X, = E[s(r) s"(¢)] ranges from 1 to K.
2.2 Classification and regression tree (CART)

The core principle of ensemble learning is to build multi-
ple models (called base learners) on the dataset, and com-
bine the prediction results of multiple base learners in a
specific way to obtain a more robust prediction result
than a single learner. According to different integration
methods, common ensemble learning methods are
divided into three categories: bagging, boosting, and
stacking. The methods adopted in this paper are RF, a
representative method of bagging, and XGBoost, a repre-
sentative method of boosting. When performing multi-
label classification tasks, the base learner used by both
algorithms is usually the CART algorithm.

Decision tree is a widely used supervised learning
algorithm in the fields of machine learning and data min-
ing. It is a binary tree structure, consisting of nodes and
edges, as shown in Fig. 2. Nodes include a root node,
several child nodes, and leaf nodes. Each internal node
represents an attribute or feature, each branch represents
an attribute test, and each leaf node represents a category
label.
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Division criterion 1

Fig. 2 Classification structure of decision tree

The basic principles of CART are:

(i) Feature selection. CART uses the Gini index to
select split attributes. The purity of dataset D can be
expressed by the Gini coefficient as follows:

)4
Gini(D) = 1 — Z p (6)
k=1
pek=1,2,---,]Y)) is the proportion of the kth class of
samples in the current sample set D, and Y is the total
number of sample classes divided by the decision tree.
Features with smaller Gini index have higher correlation
with classification results. Screen out attributes or fea-
tures with higher correlation with classification results.

(i1) Split the dataset. Split the dataset into multiple sub-

sets according to the selected attributes.

Training set 1 Training set 2

Bootstrap sampling

(iii) Recursively generate subtrees. Repeat the above
process for each subset until the stopping conditions are
met, such as the sample nodes belonging to the same
class, the depth of the tree reaching a preset value, the
number of samples being less than a preset threshold.

To ensure that the generated tree model has strong ge-
neralization ability, pruning operations can be performed.
During model generation, pre-pruning can be performed
by limiting the minimum number of samples and the
depth of the tree, or post-pruning strategy can be per-
formed on the generated tree from bottom to top.

2.3 Principle of RF

RF is an ensemble learning algorithm improved on the
basis of bagging. It not only retains the bootstrap sam-
pling operation of training samples in bagging, but also
adds the random selection operation of attributes when
training CART. Specifically, on the basis of building the
model using the bagging integration principle, before
selecting the optimal attribute to split the node during the
training of the decision tree, a subset containing m
attributes is randomly selected from the attribute set of
the node (assuming there are d attributes), and then the
optimal attribute is selected from this subset for splitting.
k controls the degree of randomness, and it is generally
recommended to take k = |log,d]. The specific principle
of the RF algorithm is shown in Fig. 3.

Training set n

Test set 1 Test‘ set 2

Test set n

e

Combiner

Output result

Fig. 3 REF algorithm

The random selection of attributes makes the diversity
of base learners in the RF come not only from data sam-

ple disturbance but also from attribute disturbance, which
further improves the generalization performance of the
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final ensemble. At the same time, since only the attribute
subset is considered when training the base learner, the
training efficiency of the RF is better than that of bag-
ging.

For classification tasks, RF selects voting as the combi-
nation strategy for prediction results, mainly including
hard voting and soft voting. Hard voting means that each
tree votes for the predicted class of the sample, and
finally selects the class with the most votes. The final pre-
diction result can be expressed as

$ =mode{f,(x), f2(x),"- -, fr(x)} (7

where fr(x) represents the prediction result of the T tree.
Soft voting means that each tree outputs the probability
distribution of the class, and finally selects the class with
the largest average probability. The final prediction result
is expressed as

jzzargm]?x(%;P,(y:klx)] (®)

P,(y = k| x) represents the probability that the ¢ tree pre-
dicts the sample x belongs to class k. Combining the pre-
diction results of multiple base learners through voting
not only enhances the generalization ability of the model
but also improves robustness.

2.4 Principle of XGBoost

XGBoost belongs to the boosting class of ensemble algo-
rithms. The core idea of the XGBoost algorithm is to iter-
atively train weak learners (usually decision trees), gradu-
ally correct the prediction residuals of the previous mo-
dels, and finally build a strong learner through weighted
combination. Compared with the gradient boosting deci-
sion tree (GBDT) algorithm, XGBoost has been
improved in objective function design, regularization
strategy and engineering optimization, and is signifi-
cantly ahead in accuracy and efficiency.

2.4.1 Mathematical principle

Assume the data sample set is D= (x,-,y,-)fi], X; repre-
sents the feature of the i sample, and y; represents the
label of the i sample. The objective function of the
XGBoost algorithm is defined as

L@)= Y 16030+ ) Qf). ©)
i=1 k=1

It consists of a loss function and a regularization term. /
is the loss function, §; is the model prediction value, and
fi represents the k complete CART decision tree. For the
multi-label classification problem of DOA estimation in
this paper, binary cross-entropy loss is adopted:

H
== uln(pu)+(1=y)n(1-py)]  (10)

h=1
where H is the number of labels after angle discretiza-
tion, and p;, represents the predicted probability of the i

sample on the & angle label.

The second term in (9) is a regularization term, with K
representing the number of trees. For each tree f, there is

1 v,
Q(f):yT+§/l;wj (11)

where T represents the number of leaf nodes, and w is
the weight vector of leaf nodes, and parameters y and A
are hyperparameters, used to control the complexity of

the tree and the magnitude of weights, respectively.
XGBoost obtains the k tree through iterative training.
When training to the ¢ round, the training result ' of
the -1 round is regarded as known, and only the objec-
tive function of this round is considered for optimization.
To minimize the loss function, XGBoost approximates
the loss function using a second-order Taylor expansion,
then the loss function obtained in the ¢ iteration can be

expressed as
N
L= 1y + £00) + () ~
i=1

i

- 1
[g,-f, (x;) + Ehifzz () [+2(f) (12)
i=1
where
= al(yi’yli_l)
oy

is the first-order derivative, and
9% (y;, 9!
p= OO S )
o)
is the second-order derivative. Let the set of all samples
x; belonging to the j leaf node be I; = {i| g(x;) = j}, then
the optimal weight of the leaf node can be derived as

e

iel;

iel;

(13)

Substituting into the objective function, the total loss
before splitting is
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(5

L _ i€l +y
before — — ~ N . .
2 Zh,-+/l

iel

(14)

Split the node into left child node I; and right child
node Iy, the loss after splitting is recorded as

(2 (]

i€l iely

:_5 Zhi+/l+ Zhi+/1

i€ly, i€l

Lafler

+2y.  (15)

The loss value before and after splitting is the split

gain, which can be expressed as

5 [5) (2]

il icly icl

Gain = Zh,-+/l+ Zh,-+/l_ Zhi+/l_y.

i€l iely i€l

(16)

This gain formula considers both the first-order gradi-
ent direction and the second-order curvature information.
The larger the Gain value, the less the loss after splitting,
ensuring the global optimality of the splitting strategy.

242 Algorithm flow

The specific flow of the XGBoost algorithm is shown in
Fig. 4.

C Training set )

Training set 1 Training set 2

Model 1

Training set 3

Bias 2 Bias 3
Model 2 Model 3 IFI
Sum
C Test set )

( Output result )

Fig. 4 XGBoost framework

The main steps are as follows.

Step 1 [Initialization. The XGBoost algorithm uses
the mean of the training labels as the initial prediction
value for all samples, usually the mode (for classification
problems) or the average value (for regression problems).

Step 2 Calculating residuals. Calculate the differ-
ence between the actual value and the predicted value of
the current model. This residual reflects the prediction
error of the model in the current round.

Step 3 Building a new tree. Take the residual as the
new training target, build a new decision tree, and fit the
residual of the current round.

Step 4 Calculating the objective function and deter-
mine the leaf node weights. Obtaining the optimal weight
of each leaf node by solving the minimization problem of
the objective function. The weight represents the predic-

tion contribution of the leaf node to all samples.

Step 5 Updating the model. Add the newly built
decision tree and its leaf node weights to the model, and
update the predicted value of the model. The new pre-
dicted value is equal to the predicted value of the previ-
ous round plus the predicted value of the new tree for the
current sample.

Step 6 Regularization processing. It usually includes
setting the learning rate, and limiting parameters such as
the maximum depth of the tree and the number of leaf
nodes.

Step 7 Determining whether the termination condi-
tion is met. If not, repeat Steps 2—6; if yes, the iteration
terminates. Termination conditions include a preset num-
ber of iterations or convergence of the loss function.

Step 8 Model output. Output the final model.
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XGBoost’s special integration method and regulariza-
tion strategy ensure that it can automatically screen key
features, suppress redundant information when perform-
ing DOA estimation. At the same time, the parallel tree
construction method increases the DOA estimation delay

of a single sample to the millisecond level.

3. Design of DOA estimation model

This paper mainly addresses the real-time and noise resis-
tance requirements of DOA estimation, and transforms
the DOA estimation problem into a multi-label estima-
tion problem. The DOA estimation framework proposed
in this paper is shown in Fig. 5.

Data collection

Received data

Data
preprocessing

and feature
engineering

No XGBoost

Data
preprocessing
and feature
engineering

Data splitting

Model building
and training

Test set

Random forest/

classifier

Termination
condition
is met ?2

Yes

;

Fig.5 DOA estimation framework

3.1 Data preprocessing

Data annotation. Consider that the range of arrival angles
in practical situations is generally [-60°,60°]. When per-
forming single-source DOA prediction, the angle is anno-
tated directly as alabel, withalabel every 0.1°, totaling 1 201
labels.

For dual-source DOA estimation, the angle range
[-60°,60°] is discretized into 121 labels (one label every
1°), and angle combinations are annotated, such as
6, = —30°,08, = 58°. The two algorithms proposed in this
section use angle combinations as labels. Multi-labels are
encoded using multi-hot encoding and mapped to binary
vectors, where the corresponding angle label is 1 and the
rest are 0. For example, the angle combination
[-60°,-57°] is mapped to [1,0,0,1,0,---,0]. Under the
experimental settings of this chapter, the label vector
length of each sample is 121, which is used as the train-

ing label of the comparative algorithm CNN. Remove
data with missing values and duplicates from the dataset.

Data cleaning. Remove data with missing values and
duplicates from the dataset.

3.2 Feature extraction

The real and imaginary parts of the covariance matrix of
the array received signals respectively contain the ampli-
tude and phase relationships of the signals, which are
information compression of the original signals. Since the
original RF and XGBoost algorithms can only process
two-dimensional data, this chapter flattens the real and
imaginary parts of each signal covariance matrix into one-
dimensional vectors and combines them into a two-
dimensional array as the model feature input. The spe-
cific operation methods are as follows.

(i) Calculate the covariance matrix.

The array steering vector of a ULA with element spac-
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ing d is
ag,) = I:l’e—andsinHk//l’ . ’e—2njd(M—l)sin9k/A]. (17)

The array manifold matrix is defined as A(6) =
[a(8)),a(6,), - ,a0)].

A signal whose bandwidth is much smaller than its
center frequency is called a narrowband signal, which is
expressed in this section as

s(t) = a(t)el"o+ (18)

where a(f) is the amplitude modulation function, 6(¢) is
the phase modulation function, and w, = 2nf; is the car-
rier frequency.

When the signals are incoherent, the received signal
covariance matrix R,, is

R. = APA"+0°1 (19)

where P is the signal power diagonal matrix, and R,, is
full-rank.

(i1) Extract the upper triangular data of the covariance
matrix.

(iii) Flatten the real and imaginary parts into two vec-
tors row by row.

(iv) Concatenate the vectors B,,8, into one vector .

The upper triangular part has a total of M(M—1)/2
elements. The first M(M — 1)/2 elements in the M(M —1)-
dimensional vector B are the real parts of the upper trian-
gular elements of the covariance matrix, while the last
M(M-1)/2 eclements are the imaginary parts of the
upper triangle. B is the vector of effective eigenvalues
ultimately extracted.

The model input feature matrix with N samples is
denoted as B, expressed as

B = BB, .Bu]. (20)

3.3 Model training

3.3.1 Single-source DOA estimation

For the single-source DOA estimation problem, RF and
XGBoost classifiers are directly created, the annotated
data and the extracted covariance matrix features are used
as model inputs, and model parameters are set. Parameter
tuning is an important step in model training, which is
crucial for improving model performance. Parameter tun-
ing needs to understand the meaning of parameters and be
carried out according to specific tasks and data, mainly
relying on the experimenter’s experience and automatic
parameter tuning algorithms. This paper adopts the grid
search method for parameter optimization.

The core parameters of the RF model mainly include
n_estimators (number of trees), max_depth (maximum
depth of the tree), min_samples split (minimum number

of samples for leaf node splitting), and min_samples_leaf
(minimum number of samples for leaf nodes).

The core parameters of the XGBoost model include
objective (objective function, default is binary:logistic in
this paper), n_estimators (number of trees), max_depth
(maximum depth of the tree), learning rate (learning
rate), and subsample (subsampling ratio).

Set the value range of each parameter, use the grid
search method for automatic parameter tuning, the loss
function of the RF model is the Gini index, and the loss
function of the XGBoost model is the binary cross-
entropy loss function.

3.3.2 Multi-source DOA estimation

Multi-source DOA estimation corresponds to a multi-
label classification task, while the original RF and
XGBoost algorithms cannot directly perform multi-label
classification tasks.

There are three common traditional machine learning
methods for handling multi-label classification problems:
binary relevance (BR), CC, and label powerset (LP). The
BR method transforms the multi-label classification prob-
lem into multiple independent binary classification prob-
lems, each label corresponds to a classifier, and finally
summarizes the prediction results of all classifiers as the
final result. The multi-output-classifier wrapper of the
Scikit-learn library is consistent with the idea of the BR
method, but since it cannot guarantee the number of pre-
dicted labels, and the number of signal sources is known
in the DOA estimation experiment simulated in this
paper, this method cannot obtain high estimation perfor-
mance. The idea of CC is to connect multiple binary clas-
sifiers in a chain. The input of each classifier includes not
only the original features but also the prediction results of
the previous classifiers. LP regards all label combina-
tions as an independent category, transforming the multi-
label classification problem into a multi-classification
problem. The number of categories of this method grows
exponentially with the increase of label categories, and
the algorithm complexity is high. XGBoost has poor per-
formance when processing such data.

Based on the idea of CC, this section constructs
chained XGBoost and RF models, namely proposing the
CC-RF and CC-XGBoost algorithms. When performing
multi-source DOA estimation, the number of classifiers
corresponds to the number of signal sources. For training
a DOA estimation model with K signal sources, the labels
are split column-wise into K label arrays: Label 1, Label
2, -+, Label K, and multiple XGBoost and RF models are
trained sequentially. The specific steps are as follows.

Step 1 When training the first model, the original
features and Label 1 are used as the training set.
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Step 2 When training the second model, the array
formed by concatenating the original features and Label 1
is used as the feature input, and Label 2 is used as the
label for training.

Step 3 Following this method, when training the kth
model, the original features concatenated with the first
k—1 label arrays are used as the feature input, and the kth
label is used as the label for training. This process conti-
nues until all K models are trained.

The models are linked in a chain through the concate-
nation of the original features and the labels from the pre-
vious models. For DOA estimation, the kth model uses
the original features and the prediction results from the
first k—1 models as input. Finally, the predictions from all
classifiers are combined to form the final DOA estima-
tion result. Fig. 6 shows the structure of the dual-source
DOA estimation model in this section. The combination
operation is performed column-wise.

Prediction 1

Dataset Combine

Combine Estimate

Prediction 2

Fig. 6 Estimation model

The parameters are consistent with the single-source DOA
estimation model. The parameter value range is set, and the
grid search method is used for automatic parameter tuning.
The loss functions of the two models remain unchanged.

After multi-source DOA estimation, when converting
vector labels into angle labels, it is necessary to note
whether sorting is needed to eliminate the impact of order
on evaluation indicators.

3.4 Model evaluation

Model evaluation is an important part of machine learn-
ing. The quality of a model not only depends on its per-
formance on the training set but also, more importantly,
on its performance on new data. Common evaluation
methods include hold-out method, cross-validation
method, and bootstrap method. The hold-out method
divides the dataset into two mutually exclusive sets,
denoted as the training set and the test set. After training
the model on the training set, the test set is used for pre-
diction to evaluate the generalization error of the model.
The cross-validation method divides the dataset into m
mutually exclusive subsets of similar size by stratified
sampling. Each time, m— 1 subsets are used as the train-
ing set, and the remaining subset is used as the test set, so
that m groups of training and test sets can be obtained.
The bootstrap method is based on bootstrap sampling. In
a dataset containing s samples, random sampling with
replacement is performed. After s samplings, a sampling

set containing s training samples is obtained. Repeat the
sampling operation R times to obtain R sampling sets
containing s training samples, and R model trainings can
be performed. Moreover, the probability that a sample is
never sampled after s samplings is
: ( 1)3 1

lim{l1--] =-. 21
; s e

About 36.8% of the samples do not appear in the train-
ing set and can be used to test the model. The evaluation
method adopted in this paper is the hold-out method,
where 80% of the dataset is used for model training and
the remaining 20% is used for testing the model.

Although discrete labels are used in this subsection, in
the DOA estimation problem, the accuracy of estimation
cannot be judged by right or wrong. The root mean
square error (RMSE) is the most commonly used evalua-
tion indicator for the performance of DOA estimation
algorithms, and it is also a typical evaluation indicator in
machine learning for measuring the performance of mo-
dels in performing continuous value prediction tasks. Its
calculation formula is written as

(22)

where 6; represents the predicted value of the DOA esti-
mation model, and #n is the number of test samples.
In this section, the predicted discrete interval is con-
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verted into a continuous angle, and its RMSE with the
true angle is calculated to evaluate the model. For multi-
source estimation, angle resolution is also needed as a
measure to evaluate the signal source identification abil-
ity of the model.

4. Experiments
4.1 Dataset generation and experimental settings

The number of array elements is set to 8, the radar operat-
ing frequency is 77¢9, the number of snapshots is 500,
the system is Windows 10, and the Python version is 3.8.
When performing DOA estimation with two signal
sources, the two signal sources are randomly chosen from
a set of angles, resulting in a total of C},, =7 260 possi-
ble angle combinations.

Single-source. The target incident range is [-60°,60°],
discretized into 1201 labels with an interval of 0.1°. In the
SNR interval of [-10,15] dB, with an SNR interval of 5 dB,
10 samples are generated for each label. 12010 samples are
generated under each SNR condition, totaling 72060 sam-
ples. The training set and test set under each SNR are ran-
domly selected in a ratio of 8:2. The total number of train-
ing sets is 57648 samples, and the test set is 14412 samples.

Dual-source. The target incident range is [-60°,60°],
discretized into 121 basic angles with an interval of 1°. In
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the SNR interval of [-10,15] dB, with an SNR interval of
5 dB, 10 samples are generated for each DOA combination,
resulting in a total of 435600 samples in the sample set.
The training set and test set under each SNR are randomly
selected in a ratio of 8:2. The total number of training sets
is 348480 samples, and the test set is 87 120 samples.

In all experiments, the methods proposed in this paper
are compared and analyzed with the classic traditional
algorithm MUSIC [1] and the deep learning algorithm
CNN, and the RMSE is used as the model evaluation
indicator.

4.2 Single-source DOA estimation experiments

4.2.1 Experiment 1: single-source estimation of the pro-

posed algorithm under ideal conditions

To verify the effectiveness of the angle estimation of the
proposed algorithm, this experiment is carried out under
the conditions of SNR = 10 dB, number of snapshots =
500, and other conditions unchanged. The amount of
training set data is 9608, and the number of test sets is
2 402. Fig. 7 shows the comparison between the DOA
estimation values and the true values of 2402 randomly
selected test samples. Table 1 shows the RMSE and time
consumption of different algorithms for estimating the
test samples.
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Fig. 7 Scatter distribution of true values and estimated values of each algorithm
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Table 1 Time consumption and RMSE of each algorithm S

Algorithm RMSE/(°) Times/s
CC-XGBoost 8.1246 0.572195
CC-RF 0.0823 2.361395
MUSIC 0.0396 104.343 696
CNN 0.2761 0.5029

As shown in Fig. 7, when the label angle range of the
test samples is [-60°,60°] and the angle interval is 0.1°,
the scatter distribution diagrams of the estimated values
and true values of the three DOA estimation algorithms
shown in Fig. 7(a), Fig. 7(c), and Fig. 7(d) all show the
characteristics of being densely around the ideal refer-
ence line. Different from the other three algorithms, the
DOA estimation algorithm based on CC-XGBoost in
Fig. 7(b) has a large number of points completely falling
on the ideal reference line within the entire angle range,
and some discrete points are randomly distributed around
the reference line. Combined with the RMSE of different
algorithms in Table 1, among the four algorithms, the
MUSIC algorithm has the lowest estimation RMSE, and
the CC-XGBoost algorithm has the highest estimation
error, which is consistent with the information shown in
the scatter distribution of the four algorithms in Fig. 7.
The CC-RF algorithm proposed in this paper achieves the
same order of estimation accuracy as the MUSIC algo-
rithm. In addition, the time spent by the traditional
MUSIC algorithm to estimate 2402 samples in Table 1 is
much longer than the other three algorithms, followed by
the CC-RF algorithm, and the CC-XGBoost and CNN
data are close, with the least time consumption. After cal-
culation, the time spent by the CC-XGBoost, CC-RF, and
CNN algorithms for single sample estimation is less than
1 ms, which can meet the real-time estimation require-
ments.

Under the experimental conditions, the CC-RF algo-
rithm achieves the same order of estimation accuracy as
the MUSIC algorithm, which is higher than the CNN and
CC-XGBoost algorithms. The reason is that XGBoost
itself is more suitable for large-scale and high-dimen-
sional features. Under the condition of eight array ele-
ments, the upper triangular function is taken as the fea-
ture input, and the length of the feature vector is only 56,
while the number of label categories is 1 201. The model
cannot fully learn the mapping rules between features and
labels, resulting in large estimation errors. The main rea-
son why the performance of the CNN-based DOA esti-
mation model is worse than that of CC-RF under this
dataset is that neural network training requires a large
amount of data. In this experiment, there are only 10 sam-
ples per label, and after dividing the dataset into training

set and test set, there are about eight samples per label in
the training set. Too few samples mean that the neural
network cannot fully learn the rules of the samples, lead-
ing to performance degradation.

Based on the above experimental results, under the
conditions of SNR = 10 and number of snapshots = 500,
the CC-RF algorithm shows significant advantages in
both estimation accuracy and real-time performance, and
the overall performance is better than the other three
algorithms.

4.2.2 Experiment 2: impact of SNR on single-source
estimation performance of the proposed algorithm

To verify the anti-interference ability of the proposed
algorithm, the experiment is carried out under different
SNRs. The SNR value range is [-10, 15], with an inter-
val of 5 dB. Fig. 8 shows the values of DOA estimation
RMSE and prediction time as a function of SNR.
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Fig. 8 RMSE and time consumption vs. SNR curves

Fig. 8 shows the changes in RMSE and time consump-
tion of the four algorithms under different SNRs. As
shown in Fig. 8(a), the RMSE curves of the CC-RF,
MUSIC, and CNN algorithms all show a slow downward
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trend as the SNR increases, and the CC-RF has the most
drastic downward trend. At SNR=—10 dB, the estimation
accuracy is reduced by 0.4° compared with MUSIC.
When SNR<-5 dB, the estimation accuracy of CC-RF is
equivalent to that of the CNN algorithm; when SNR
increases from —5—5 dB, the RMSE decline rate of CC-
RF is higher than that of CNN, and the estimation accu-
racy gradually maintains the same level as MUSIC. After
SNR>5 dB, the estimation accuracy tends to be stable,
and CC-RF achieves DOA estimation accuracy compara-
ble to MUSIC, which is higher than the CNN algorithm.
Compared with CNN, when SNR<-5 dB, the estimation
errors of both are equivalent; when SNR>—5 dB, the esti-
mation accuracy of CC-RF is always higher than that of
CNN. The estimation error of the CC-XGBoost algo-
rithm is always higher than the other three algorithms,
and after SNR>-5 dB, the RMSE gradually increases,
and the gap in estimation accuracy with the other three
algorithms also gradually increases. In Fig. 8(b), the esti-
mation time of the four algorithms changes little overall,
but under any SNR, the time cost of MUSIC is much
higher than that of XGBoost, CC-RF, and CNN. Among
the other three algorithms, CC-RF is slightly higher than
CC-XGBoost and CNN, and the curves of the latter two
are almost overlapping.

Although both CC-XGBoost and CC-RF are ensemble
algorithms with CART trees as base learners, the differ-
ence in their integration methods leads to such a large dif-
ference in DOA estimation performance under the same
conditions. In the ULA, the real and imaginary parts of
the covariance matrix have strong linear correlation.
Under high SNR, the covariance is dominated by signals,
and the features extracted from adjacent angle labels are
similar. Moreover, the splitting of XGBoost leaf nodes is
based on a greedy algorithm, and the selection of local
optimality leads XGBoost to easily select redundant fea-
tures, resulting in the model learning wrong rules. The
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random selection of feature subsets before training of the
RF algorithm avoids the impact of redundant features. In
addition, when the angle interval is 0.1°, there are 1201
labels. XGBoost needs to train a large number of base
learners. When the covariance matrices of adjacent angles
are close, the label boundaries are blurred and cannot be
distinguished clearly. The voting system of RF is more
robust to the problem of blurred boundaries.

MUSIC relies on subspace orthogonality and essen-
tially uses the statistical independence of signals and noise,
while the RF algorithm learns the statistical characteristics
of data through a voting system. Therefore, under high
SNR conditions, the principles of the two algorithms are
similar, and the estimation accuracy is always comparable.
Compared with the XGBoost algorithm, it is more suitable
for DOA estimation problems under high SNR.

The results of Experiment 2 show that among the algo-
rithms proposed in this section, the CC-RF algorithm has
higher estimation accuracy under any SNR condition, and
the time cost is similar to that of CC-XGBoost, which is
much lower than that of the MUSIC algorithm. There-
fore, the CC-RF algorithm can maintain the same estima-
tion accuracy as the MUSIC algorithm while maintaining
real-time estimation, and its performance is the best.

4.3 Dual-source DOA estimation experiments

4.3.1 Experiment 1: dual-source estimation of the pro-

posed algorithm under ideal conditions

To verify the effectiveness of the angle estimation of the
proposed algorithm, this experiment is carried out under
the conditions of SNR = 10 dB, number of snapshots=500,
and other conditions unchanged. The amount of training
set data is 58080, and the number of test sets is 14 520.
Fig. 9 shows the comparison between the two DOA esti-
mation values and the true values of the test samples.
Table 2 shows the time spent by different algorithms to
estimate the test samples under the current conditions.

60

40t

2 20t

«

>

e 0

&

=~

£ 201

ey
60 =

40 20 0 20 40 60
True value/(°)

(b) Scatter distribution of CC-XGBoost
estimation values

P60



812 Journal of Systems Engineering and Electronics Vol. 37, No. 3, June 2026

Estimated value/(°)
S

740 F

_60 A L L L L
—-60 —40 -20 0 20 40 60
True value/(°)

(¢) Scatter distribution of MUSIC estimation values
—— : Ideal reference line; - : First target;

60

40 -
20

Estimated value/(°)
S

.4
o3

—60 . : : .
—-60 —40 -20 0 20 40 60
True value/(°)

(d) Scatter distribution of CNN estimation values

: Second target.

Fig. 9 Comparison of true values and estimated values of dual-sources under ideal conditions

Table2 RMSE and time consumption of each dual-sources

Algorithm RMSE/(°) Time/s
CC-XGBoost 1.4297 1.9995
CC-RF 0.7375 1.3473
MUSIC 0.2767 107.5744
CNN 0.5174 2.1647

As shown in Fig. 9, all points of the four algorithms are
around the diagonal. Among the four algorithms, the
CNN has the largest degree of dispersion, and all show
the phenomenon of being concentrated in the middle and
more dispersed at the edges. In the images of the CC-
XGBoost algorithm and the CC-RF algorithm, the distri-
bution of the first signal source points is more discrete at
low angles, and the estimation error is larger. With the
increase of the angle, the estimation error of the second
signal source increases, and the estimation accuracy of
signal source 1 increases. This is because when generat-
ing angle combinations, to ensure the accuracy of RMSE
calculation, the angle combinations are artificially sorted
from small to large, so that the second angle is always
larger than the first angle, leading to the distribution of
algorithm points. In general, the CC-XGBoost algorithm
and the CC-RF algorithm have no directional deviation
under the two angles. The scatter plot of the MUSIC
algorithm shows that the estimated value of the first sig-
nal source is too large, and the estimated value of the sec-
ond signal source is too small. Although there are many
outlier points in the scatter plot of the CNN algorithm, the
distribution is roughly uniform without directional devia-
tion. Combined with Table 2, the MUSIC algorithm has
the highest estimation accuracy, followed by the CNN
algorithm, which seems inconsistent with Fig. 9. How-
ever, compared with 14520 test samples, the number of
outlier points of the MUSIC algorithm and the CNN algo-
rithm is very small, which has little impact on the overall

error. Although the images of the CC-XGBoost algo-
rithm and the CC-RF algorithm seem dense, most of the
points are not completely strictly distributed on the diago-
nal, and the estimation error of a single sample is similar
to the error of all samples. In terms of time cost, the esti-
mation time of a single sample of the three data-driven
algorithms is less than 1 ms, which meets the real-time
DOA estimation, while the time cost of MUSIC is nearly
100 times that of the CC-XGBoost and CC-RF algo-
rithms.

In general, under the experimental conditions, the CNN
has the best performance. The CC-RF has the lowest time
cost, but the estimation accuracy is slightly lower than
that of MUSIC and CNN.

4.3.2 Experiment 2: impact of SNR on dual-source esti-
mation performance of the proposed algorithm

To verify the anti-interference ability of the proposed
algorithm, the experiment is carried out under different
SNRs. The SNR value range is [-10,15] dB, with an
interval of 5 dB. Fig. 10 shows the values of DOA esti-
mation RMSE and prediction time as a function of SNR.
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Fig. 10 Dual-source RMSE and time consumption vs. SNR curves

The experimental results in Fig. 10(a) show that the
RMSE curves of the CC-RF and CC-XGBoost algo-
rithms remain almost stable with the change of SNR, and
the two only have an error change of nearly 0.7° from
—10—5 dB. Overall, the CC-RF algorithm has signifi-
cant noise robustness and can always maintain high-pre-
cision DOA estimation under low SNR. The RMSE
curves of the MUSIC and CNN algorithms show a down-
ward trend as the SNR increases, and start to stabilize
when the SNR is equal to 5 dB. The reason for the large
estimation error of the CNN algorithm under low SNR is
that the model splits the real and imaginary parts of the
covariance matrix into two 8x8 matrices as inputs. Under
low SNR, it is mainly dominated by noise, and the CNN
cannot completely learn accurate rules when the number
of data training samples is small. From the curve of DOA
estimation time as a function of SNR in Fig. 10(b), it can
be seen that only the time spent by the MUSIC algorithm
is sensitive to SNR changes, and the time consumption
decreases as the SNR increases until it stabilizes when the
SNR is equal to 5 dB.

In summary, the CC-XGBoost and CC-RF algorithms
always maintain real-time and accurate DOA estimation
under different SNRs, and have excellent noise suppres-
sion performance. The CC-RF algorithm has the best
overall performance among the four algorithms and
strong robustness.

4.3.3 Experiment 3: angle resolution test of multi-
source estimation

To verify the ability of the model to accurately identify
the direction of each signal source in a multi-source envi-
ronment, this experiment generates 1000 sets of data with
true angle intervals of [1,2,3,4,5] to test the angle resolu-
tion of the model at different angle intervals. Fig. 11
shows the RMSE change curves of the four algorithms
under different angle intervals.
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As can be seen from Fig. 11, with the increase of the
angle interval, the estimation error curves of each algo-
rithm show a non-monotonic change. When the angle
interval is 1°, the CC-RF algorithm has the largest esti-
mation error, reaching 0.86°, followed by CC-XGBoost
(0.33°), and the CNN and MUSIC algorithms achieve
unbiased estimation in this scenario (RMSE = 0°). With
the increase of the angle interval, the RMSE of CNN gen-
erally shows an upward trend, the CC-RF first decreases
and then increases, the MUSIC algorithm first increases
and then decreases, and the CC-XGBoost is relatively sta-
ble. It is worth noting that when the angle interval = 1°,
the traditional MUSIC algorithm can completely resolve
dual signal sources by virtue of the subspace orthogonal-
ity principle, while the three algorithms CNN, CC-
XGBoost, and CC-RF also show angular resolution com-
parable to that of the classical algorithm by directly learn-
ing rules from the covariance matrix.

5. Conclusions

This paper mainly proposes two DOA estimation models
based on XGBoost and RF. By connecting multiple
XGBoost and RF through learner chains, they are used
for multi-label classification tasks. This paper also con-
ducts multiple experiments on ULA far-field narrowband
single-source and dual-source signals under single-source
and dual-source conditions, comparing with MUSIC and
CNN algorithms to analyze the effectiveness of the pro-
posed models.

Simulation experimental results show that in the DOA
estimation task, the CC-RF model shows comprehensive
advantages: in the single-source scenario, its estimation
accuracy is comparable to that of the MUSIC algorithm,
but the computational efficiency is improved by 50 times,
and in the dual-source task with low SNR, the error is
reduced by an order of magnitude compared with the
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comparative algorithms (MUSIC/CNN), while maintain-
ing high precision and strong generalization in small-
sample and multi-label data; after label simplification,
CC-XGBoost can achieve performance comparable to CC-
RF in the dual-source task, but it is sensitive to SNR and
fails in the single-source small-sample scenario, with lim-
ited applicability.

The statistical performance reflected by the voting sys-
tem of CC-RF is essentially consistent with DOA estima-
tion under high SNR. The anti-interference ability under
low SNR also makes the performance of CC-RF superior
to other algorithms. At the same time, the millisecond-
level DOA estimation rate meets the requirements of cur-
rent applications for real-time estimation. In summary,
under small samples and low SNR, the CC-RF proposed
in this chapter is a high-precision, real-time, and robust
DOA estimation algorithm, which is superior to CC-
XGBoost, CNN, and MUSIC algorithms.

Although this study explores the great potential of
ensemble learning in DOA estimation, it inevitably faces
some challenges. A large number of label categories
mean high computational complexity. Transforming the
DOA estimation problem into a multi-label estimation
problem, if it is necessary to estimate angles with smaller
grids, the model training time and estimation time cost
will increase sharply, making it difficult to apply in real
time. In future research, methods to reduce the time com-
plexity of ensemble learning can be explored by combin-
ing deep learning ideas.
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