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Abstract—Radar Cross Section (RCS) target recognition plays
a vital role in radar automatic target recognition (RATR)
systems. As a critical electromagnetic signature, RCS encodes
unique target characteristics include geometric profiles, structural
features, and material properties. However, the complex non-
linear relationship between RCS patterns and target attributes
introduces significant challenges for accurate target identification.
To address this, this paper proposes a hierarchical attention
model for local and global feature integration, named Local-
Global Efficient Channel Attention (LGECA), which enhances
RCS feature representation through modeling both local-specific
interactions and global contextual dependencies. Moreover, an
improved multi-scale convolutional neural network is proposed
as the backbone architecture, leveraging the LGECA module to
establish new state-of-the-art performance in RCS classification.
The comprehensive experimental results validate the effectiveness
and robustness of the proposed module against conventional
approaches.

I. INTRODUCTION

Radar is a commonly used sensor characterized by weather-
proof capability, long-range detection, and the ability to detail
the specifics of the target. It is widely applied in target
detection, tracking, and recognition. Among the various data
for Radar Automatic Target Recognition (RATR), Radar Cross
Section (RCS) plays a crucial role due to its inherent ability
to depict target properties such as geometry, structural, and
material through electromagnetic scattering phenomena [1],
[2]. With its superior discriminative capability, RCS has been
widely adopted in multiple classification tasks [3], [4].

As Convolutional Neural Networks (CNNs) have yielded
remarkable success across diverse domains such as image clas-
sification, target localization, signal processing, and semantic
segmentation [5]-[7], their demonstrated abilities of feature ex-
traction and pattern recognition are particularly suited for RCS
classification tasks [8]-[11]. To further enhance the capability
of CNNSs, attention mechanisms have become an essential
component, significantly improving model performance. By
enabling the network to learn what and where to focus,
attention effectively strengthens feature representation [12].

Depending on the application domain, attention mechanism
can be divided into channel attention mechanism, spatial at-
tention mechanism, and hybrid attention mechanism [13]. The
channel attention mechanism serves as a fundamental compo-
nent for feature refinement, whereas spatial attention mecha-
nism operates in a complementary capacity to boost the per-
formance. First introduced in [14], the Squeeze-and-Excitation
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(SE) mechanism has become a cornerstone of channel attention
design, inspiring numerous variants while remaining widely
implemented in its original form. It captures the channel
information after global average pooling (GAP) through two
fully connected layers (FCs), thereby generating the channel
attention weights. ECA [15] improves SE by replacing FCs
with 1D convolution, showing that avoiding dimensionality
reduction is vital for effective attention learning. Meanwhile, it
also demonstrates that moderate cross-channel interaction can
greatly reduce computational complexity while preserving per-
formance. However, the limited channel interaction captured
by 1D convolution inevitably leads to the omission of some
information in feature learning. Due to its sliding mechanism,
the 1D convolution maintains global processing consistency
while unavoidably overlooking certain distinctive local chan-
nel interactions. Through group-wise channel processing, this
issue can be avoided to some extent. SGE [16] divides channels
into multiple groups, treating each group as a representative
of a semantic feature and calculating its attention. Similarly,
the SA [17] module also employs grouping but further divides
each channel group to separately calculate both spatial and
channel attention. In addition, a shuffle unit is added at the
end to shuffle the channels based on their groups. In fact,
the result calculated by SGE and SA is the attention of each
group, as they treat each group as a single semantic feature
and process it as a whole. Their performance improvement
is largely due to the higher local feature granularity brought
about by channel grouping. In contrast, SGCA [18] applies
convolution operations to each channel group to facilitate local
interaction, but the dependencies between group-wise channels
are overlooked.

To learn more accurate channel attention, we proposed a
Local Global Efficient Channel Attention (LGECA) module,
through which finer local channel interactions and global chan-
nel interactions can be captured in a more efficient way. As
illustrated in Fig. 1, after channel-wise global average pooling
(GAP), our LGECA first captures local intra-group interactions
interaction using group convolution. After local enhancement,
the features are shuffled according to the grouping order [17],
and global interactions are explored based on this.

The contributions of this paper are summarized below. (1)
We dissected existing modules and empirically demonstrated
that special local interactions of channels are crucial to learning
effective channel attention. (2) Based on this, we propose a
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Local-Global Efficient Channel Attention (LGECA) module,
which excavates special local and global interactions to make
attention learning more accurate. (3) We also proposed a multi-
scale attention convolutional neural network (MSACNN) with
LGECA for the classification of RCS sequences. (4) The
experimental results demonstrate that our method achieves
highly competitive performance compared to state-of-the-art
methods.

Fig. 1. Diagram of local-global efficient channel attention (LGECA) Module.

II. RELATED WORKS
A. RCS classification

RCS time series is the most common data that radars can
obtain and is one of the key data types for ballistic target
classification. Traditional RCS classification methods mainly
involve extracting various features, such as statistical features
[19] and transformation features [20]-[23], and then combining
them with classifiers such as KNN, SVM and others. Recently,
image encoding methods have also been applied to RCS
classification, such as Gramian angular field (GAF), Markov
transition field (MTF), and recurrence plot (RP) [24].

With the rapid development of deep learning, end-to-end
models have been employed for RCS classification. Chen [8]
developed RCSnet with CNN to classify space target. Wang
[25] used CNN for the classification of rotating targets. As a
time series, the temporal features of RCS are crucial. RNNs,
including LSTM and GRU, have also been utilized for this
purpose [26]-[28].

B. Attention mechanism

Recently, the attention mechanism has been shown to
significantly enhance the performance of deep convolutional
networks by guiding the network to focus on more important
features, thus improving its feature representation. SE-Net [14]
first introduced a method to learn the attention of the channel,
significantly increasing the representational capacity of CNNs.
This approach to attention learning has since been adopted and
continuously refined, such as A2-Nets [29], ECA [15], CBAM
[30], GCNet [31], and ECSA [32].

In contrast to the methods mentioned above, some ap-
proaches take into account the local heterogeneity of channels.
The SGE module [16] groups the input feature maps and treats
each group as a representative of a semantic feature, allowing
each individual group to independently enhance its learned
representation. Similarly to SGE, the SA module [17] treats

each channel group as a sub-feature and independently en-
hances the features in both the channel and spatial dimensions
for each group. Then, a Shuffle Unit is applied to shuffle the
channel groups, facilitating subsequent interactions between
different groups. However, SGCA [18] does not treat channel
groups as sub-features but as sub-domains of the channels. It
uses 1D-CNN to extract features within each group, mining
deeper features. The grouping operation allows it to preserve
the distinct local characteristics between channels.

III. PROPOSED METHOD

In this section, we first revisit the typical channel attention
module in SE and ECA to analyze the fundamental theory
behind channel attention computation. Then we discuss the im-
provements to channel attention computation which motivate
us to propose our LGECA method. In addition, we develop the
MSCNN model with our LGECA module for the classification
of RCS series.

A. Channel Attention Mechanism

Let the input of the attention module be x € RW:H.C where

W, H and C are width, height and channel dimension. In the
SE module, the weights of the channels can be computed as

wsp = 0(WaReLU(Wyy)) €))

where y = g (x) = ﬁ Zfi’szl Xi; is channel-wise global
average pooling (GAP) and ¢ is a Sigmoid function. For RCS
time series, the processing differs only in the GAP section,
that is, y = g(x) = L 3.0, xi, where L is the length of
feature extracted from RCS series. ReLU indicates the Recti-
fied Linear Unit. To avoid disrupting the direct relationships
and weights between channels, the ECA module replaces the

weight computation process as
wgpca =0 (Wyy) (2)

where Wy is the weight matrix as follows

wy - wy 0 0 - - 0
0 w, - wp 0 - - 0

Wi=| . : : C : : : S
0 e .. .« .. O wl e wk

where the weight of y;,¢ = 1,2,--- , k is calculated by only
considering interaction between y; and its k neighbors, i.e.,

k
wi=o0 ijyf Lyl € QF 4)
j=1

where QF indicates the set of k adjacent channels to y;. It
can be seen that the ECA module calculates attention based
only on the interaction between neighboring k channels to
reduce computational complexity, while interactions between
distant channels are not considered. Moreover, since only a
single filter is used, the captured local interactions tend to favor
global consistency, thereby suppressing potentially important
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local-specific interactions, which are also crucial for attention
learning.

We believe that local-specific interactions (local channel
attention) should be captured and preserved, while interactions
between distant channels (global channel attention) are also
essential. Therefore, we develop the LGECA to learn more
comprehensive attention from both aspects mentioned above.

B. Local Channel Attention

In LGECA, we divide the channels into multiple groups
using a grouping method, where each group preserves its own
unique internal interactions. Each channel group is processed
with an independent convolutional filter. The weights of local
channel attention can be computed as

Wiocal = O (Wlocaly) (5)

where wiocal 1S local channel attention, W, is the weights
matrix which can be represented as

W, - 0
Wioeal = Wg (6)
0 - Wg

where G is the number of channel groups, and the weights
matrix W of each group is consistent with Equ. 3.

This processing strategy enables the independent modeling
of intra-group interactions while systematically preserving
local cross-channel correlations, thereby maintaining compre-
hensive feature relationships.

C. Global Channel Attention

Although channel grouping preserves the specificity of
local interactions, interactions between different groups are
overlooked. Therefore, we further capture inter-group informa-
tion through interactions between channel groups, while also
enabling long-range channel interactions i.e., global channel
attention. The weights of global channel attention can be
computed as

Wylobal = O (ngobalz) @)
where z = ¢ (wWjocarX), the weight of z;,¢ = 1,2,--- [k is
calculated as

G . .
w,=o0 ijzf 2] € Qf (®)
j=1

where QO indicates the set of channels at each corresponding
position in the channel groups. Note that global channel at-
tention should be performed after local attention enhancement
for the following reasons: 1)

1) Global attention is based on local attention, and different
local attention results in variations in global attention.

2) To avoid disrupting direct relationships and weights
between distant channels, global attention should process
the features after local enhancement rather than directly
handling local channel interactions.

D. MSACNN

To better incorporate attention modules into RCS classifica-
tion, we propose a multi-scale attention convolutional neural
network (MSACNN), which consists of multiple multi-scale
blocks (MS Block). The structure of the proposed model is
illustrated below. The symbol C refers to the output channels
of each multi-scale block.

g
5
z
£
&

Batch Norm

Feature Extract i Attention Bottle Neck

Fig. 2. Structure of multi-scale block (MS Block).

The MSACNN model is an improved version based on
MACNN [33], where the attention layer used to improve
features in all channels on multiple scales is replaced with
LGECA, as shown in Fig. 2. Moreover, we added a bottleneck
layer after each attention layer consisting of a convolution layer
reducing the dimensionality.

IV. EXPERIMENTS

In this section, we evaluate the effectiveness of the proposed
LGECA and MSACNN through comparative experiments with
other methods. All experiments are conducted on a simulated
RCS dataset, which contains RCS series of multiple different
targets under various motion parameters.

A. Implementation Details

We adopted the same method as in [8] to simulate the
RCS time series of targets. Nine target trajectories were
simulated, each with 7 targets of different shapes and micro-
motion parameters. The RCS time series were computed at
the frequency of 10 GHz with a sampling rate of 100 Hz
and a signal signal-to-noise ratio (SNR) of 10 dB. We used a
sliding-window approach for sampling, with a window length
of 2 seconds and a stride of 1 second. 6 trajectories of all
trajectories were used as a training set, and the remaining three
were used as a test set.

The parameters of the model are optimized by stochastic
gradient descent (SGD) with a weight decay of 0.0001, the
learning rate is 0.001 and the mini-batch size of 64. The
models are trained within 50 epochs. In MSACNN, the kernel
sizes are [3,6,12] and the filters of each MS Block are 64,
128, 256, respectively.

B. Comparison of different attention mechanisms

In this part, we compare our LGECA with other state-of-the-
art attention modules, including SE [14], ECA [15], SGE [16],
CBAM [30], etc. We have modified them to make them suitable
for sequence-based feature maps. The results are as follows.
Except for the attention module, all other settings remain the
same.

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1523



96.56

96.29

Accuracy/%

ECA SA SGCA Our method

Fig. 3. Comparison of classification accuracy and standard deviation across
different attention modules.

As shown in Fig. 3, our LGECA outperforms other atten-
tion modules by 0.41% and 0.72% in classification accuracy,
demonstrating its effectiveness in learning channel attention.
Furthermore, the proposed method exhibits the smallest stan-
dard deviation, further validating its superior stability and
robustness.

(a) Original Data
Fig. 4.

(b) LGECA

t-SNE visualization of high-dimensional features.

To further validate the effectiveness of the proposed method,
we employ t-SNE to visualize the high-dimensional representa-
tions of the original input and our metho. The results show that
features learned by our approach exhibit more compact intra-
class clustering and clearer inter-class separation, indicating
enhanced discriminative capability, as shown in Fig. 4.

C. Ablation study

To further demonstrate the effectiveness of the proposed
method, we conducted a series of ablation experiments by se-
lectively enabling or disabling key components of the attention
mechanism. We compared the classification accuracy and per-
class F1 scores for each attention mechanism to gain deeper
insights into both overall classification performance and class-
wise discriminability. The results are presented as follows.

As shown in Table. I, the combination of local and global
attention achieves better performance than using either local
or global attention alone. This demonstrates that local and
global attention mechanisms are complementary, and their
integration enhances the model’s ability to extract both detailed
and holistic features. This observation is further supported

TABLE I
MEAN AND (STANDARD DEVIATION) OF ACCURACY UNDER LOCAL,
GLOBAL, AND COMBINED ATTENTION MECHANISM.

Attention mechanism Accuracy
Local 96.33 (0.57)
Global 96.28 (0.39)
Local & Global 96.97 (0.33)

—— Local
- Global

Combine
L

Fig. 5. Per-class Fl-scores under different attention mechanisms.

by the visualization in Fig. 5, where the combined attention
mechanism consistently achieves higher scores across most
categories, indicating improved class-wise discriminability.

D. Comparison of different methods

To demonstrate the effectiveness of the proposed MSACNN,
we conducted comparative experiments against several existing
approaches, including LSTM [28], RCSnet [8], MACNN [33].
Meanwhile, to evaluate the performance of the model under
different signal-to-noise ratios (SNR), we add noise to the data
with SNR levels ranging from O to 20 dB, with a step size of 2.
The experimental results of different methods under different
SNR are shown below.

—&— LSTM
—e— RCSNet

~+— MACNN
—#— MSACNN

Accuracy (%)

4 2 4 6 8 10 12 14 16 18 20
SNR (dB)

Fig. 6. Accuracy of different methods vs. SNR, the shaded area depicts mean
+ the standard deviation over five different random seeds.

As shown in Fig. 6, the performance of all methods improves
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as the SNR increase; however, the proposed method consis-
tently achieves superior performance throughout various con-
ditions. In addition, the narrower shaded region reflects higher
stability and lower variance. Based on this, although MACNN
achieves comparable accuracy to the proposed method, the
proposed method exhibits superior robustness. These obser-
vations validate the effectiveness of the proposed approach in
extracting comprehensive features and enhancing feature-level
attention.

V. CONCLUSION

In this paper, we focus on learning discriminative feature
representations from RCS series to advance target recognition
performance. To this end, we propose a hierarchical atten-
tion model for local and global feature integration called
LGECA, which learns better channel attention by capturing
both fine-grained local and long-range global channel inter-
actions through group-wise processing. Moreover, we further
develop a multi-scale attention convolutional neural network
(MSACNN) incorporating LGECA for RCS classification.
Experimental results demonstrate that our LGECA signifi-
cantly enhances feature representation, leading to improved
performance across various benchmarks. This validates the
effectiveness of our method in capturing both global context
and local dependencies through cross-attention mechanisms.
In future work, we aim to further expand the applicability of
LGECA to broader multi-modal fusion tasks.
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