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Channel attention has been shown to improve the performance of deep convolutional
neural networks efficiently. Channel attention adaptively recalibrates the importance of
each channel, determining what to attend to. However, channel attention only encodes
inter-channel information but neglects the importance of positional information. Posi-
tional information is crucial in determining where to attend to. To address this issue,
we propose a novel channel-spatial attention method named Spatial-Decomposition-
Aggregation Attention (SDAA) method. First, a high-axis spatial direction is decom-
posed into multiple low-axis spatial directions. Then, a shared transformation sub-unit
establishes attention in each low-axis space direction. Next, all the low-axis attention
masks are aggregated into a high-axis attention mask. Finally, the generated high-axis
attention mask is fused into the input features, thus enhancing the input features. Essen-
tially, our method is a divide-and-conquer process. Experimental results demonstrate
that our SDAA method outperforms the existing channel-spatial attention methods.

Keywords: Convolutional neural networks; channel-spatial attention; spatial decompo-
sition; spatial aggregation.

1. Introduction

Deep convolutional neural networks (CNNs) have made significant success in a
variety of tasks.5,16,20,28,33 A set of filters displays neighborhood spatial connec-
tion patterns along input channels at each convolutional layer of the network,

§Corresponding author.
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thus integrating position-wise information and channel-wise information together
within local receptive fields. CNNs can create reliable representations which capture
hierarchical patterns and achieve global theoretical receptive fields via stacking a
number of convolutional layers, nonlinear activation function layers and downsam-
pling operators.

Recently, attention mechanisms have been gaining attention in research com-
munities as they can enhance feature representations by focusing on essential fea-
tures while suppressing unnecessary ones.10,13,17,34 These mechanisms improve the
feature representations generated by standard convolutional layers by means of
explicitly building dependencies among channels or using weighted spatial masks
for spatial attention. The idea behind learning attention weights is to enable the
network to learn what and where to focus on.

The Squeeze-and-Excitation (SE)10 attention remains the most widely used
attention mechanism in CNNs. It computes channel attention using global average
pooling and offers significant performance gains at a relatively low computa-
tional cost. However, SE attention only focuses on encoding inter-channel infor-
mation and disregards the importance of positional information, which is crucial
for capturing object structures in vision tasks.32 Recent approaches, such as con-
volutional block attention module (CBAM)34 and bottleneck attention module
(BAM),23 are aimed to incorporate positional information by reducing the chan-
nel dimension of the input tensor and then computing spatial attention using
small kernel convolutions. Nevertheless, the small kernel convolution is limited
in their ability to model long-range dependencies, which are essential for vision
tasks.37

To address the above problems, a novel channel-spatial attention method called
Spatial-Decomposition-Aggregation Attention (SDAA) method is presented in this
paper. Initially, a high-axis spatial direction is broken down into several low-axis
spatial directions. Subsequently, a common transformation sub-unit establishes
attention in each low-axis spatial direction. Afterwards, the low-axis attention
masks are combined into a high-axis attention mask. Finally, the resulting high-
axis attention mask is integrated into the input features, thereby augmenting the
input features. Fundamentally, our approach is a strategy of divide-and-conquer. In
this shared transformation sub-unit, gated self-attention is used to establish long-
distance position relationships, the matrix is used to establish channel relationships,
and they are stacked together in series.

The main contributions of this paper are concluded as follows:

(1) We propose SDAA method. Our SDAA method decomposes a high-axis spatial
direction into multiple low-axis spatial directions and aggregates correlations
established at all low-axis spatial directions.

(2) Within this shared transformation sub-unit, while gated self-attention is utilized
to build long-range position correlations, the matrix is employed to establish
channel correlations, and they are stacked together in series.
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The rest of this paper is organized as follows. Related work is reviewed in Sec. 2.
Our attention method is introduced in Sec. 3. Experimental results are shown in
Sec. 4. The discussion is made in Sec. 5. The conclusion is drawn in Sec. 6.

2. Related Work

By means of combining the strengths of channel attention and spatial attention,
channel-spatial attention is capable of adaptively selecting significant objects and
regions.2 The field of channel-spatial attention was first introduced in the residual
attention network,31 which emphasized the importance of informative features in
both channel and spatial dimensions. This approach used a bottom-up structure
comprising multiple convolutions to generate a three-axis attention map (channel,
height and width). However, it suffered from high computational costs and limited
receptive fields. Later works8,19,22,23,34,36 have improved the discriminative power
of features to leverage global spatial information by means of incorporating global
average pooling and separating channel attention from spatial attention for better
computational efficiency.

Woo et al.34 presented the CBAM which stacked channel attention and spa-
tial attention in series to enhance informative channels and important regions. The
channel attention map and spatial attention map were decoupled for computational
efficiency, and global pooling was used to leverage spatial global information. By
means of combining channel attention and spatial attention sequentially, CBAM
could utilize both channel and spatial correlations of features to guide the net-
work on what to focus on and where to focus. Specifically, it emphasized useful
channels and enhances informative local regions. However, there is still room for
improvement in CBAM. For example, using a convolution to produce the spa-
tial attention in CBAM might result in a limited receptive field for the spatial
sub-module. Park et al.23 proposed the BAM alongside CBAM, with the goal of
enhancing network representational capability in a computationally efficient man-
ner. BAM used dilated convolutions to expand the receptive field of the spatial
attention sub-module and incorporated a bottleneck structure to save on compu-
tation. BAM inferred channel attention and spatial attention in parallel streams
and then combined the two attention maps after resizing both branch outputs.
However, while dilated convolutions were effective in expanding the receptive field,
they still fell short in capturing long-range position information and encoding long-
range position correlations. The success of attention mechanisms that rely solely
on weak supervisory signals from class labels prompted Linsley et al.19 to explore
how explicit human supervision could improve the performance and interpretabil-
ity of attention models. As a proof of concept, they proposed the global-and-local
attention (GALA) module, which extended the SE block with a spatial attention
mechanism. To address the issue of computational complexity, Zhang et al.36 pro-
posed an efficient Shuffle Attention (SA) module that combined two types of atten-
tion mechanisms using Shuffle Units. The SA module grouped channel dimensions
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into multiple sub-features and processes them in parallel. For each sub-feature, a
Shuffle Unit was used to depict feature dependencies in both channel and spatial
dimensions. The resulting sub-features were then aggregated, and a “channel shuf-
fle” operator was employed to enable information communication between different
sub-features.

In CBAM and BAM, channel attention and spatial attention were calculated
separately, without taking into account the interplay between these two domains.21

To capture cross-dimension interactions, Misra et al.21 proposed triplet atten-
tion (TA), a lightweight yet powerful attention mechanism. In contrast to CBAM
and BAM, triplet attention emphasized the significance of capturing cross-domain
interactions rather than computing spatial attention and channel attention inde-
pendently. This enabled the triplet attention to capture more informative and dis-
criminative feature representations.

Yang et al.35 highlighted the significance of learning attention weights that
varied across both channel and spatial domains in their proposal of SimAM, a
straightforward and parameter-free attention module that could directly estimate
three-axis weights instead of expanding one-axis or two-axis weights. The design
of SimAM was based on established neuroscience theory, eliminating the require-
ment for manual fine-tuning of the network structure. Wang et al.30 proposed the
fully attentional block (FAB), which eliminated the pooling layer to restore spatial
information.

The SE block utilized global average pooling to aggregate global spatial informa-
tion before modeling channel correlations, however, it failed to consider the impor-
tance of positional information. On the other hand, BAM and CBAM used convolu-
tions to capture local position correlations but were incapable to model long-range
position dependencies. To address these limitations, Hou et al.8 proposed a novel
attention mechanism called coordinate attention (CA). This mechanism embed-
ded positional information into channel attention, allowing the network to focus on
important areas. The process of coordinate attention involved two steps: coordi-
nate information embedding and coordinate attention generation. Using coordinate
attention, the network could accurately determine the position of a target object,
and this approach had a larger receptive field than BAM and CBAM. Similar
to the SE block, coordinate attention built channel relationships and effectively
enhanced the expressive power of learned features. Ouyang et al.22 presented an
innovative and effective multi-scale attention (EMA) module, which was aimed
to preserve channel-wise information while reducing computational complexity. To
achieve this, EMA partitioned the channel dimensions into several sub-features,
ensuring that spatial semantic features were evenly distributed within each fea-
ture group. In addition to incorporating global information to recalibrate the
channel-wise weight in each parallel branch, EMA employed a cross-dimension
interaction method to further combine the output features of the two parallel
branches.
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3. Proposed Attention Method

In this section, we will introduce how our SDAA method performs spatial decompo-
sition and aggregation, and how the shared transformation sub-unit establish both
channel correlations and long-range position correlations simultaneously. For ease
of understanding, Table 1 shows main symbols used in this section.

3.1. Overview of the proposed attention method

First, we introduce the overview of our SDAA method, as seen in Fig. 1. There are
four sub-units in our SDAA method: Spatial Decomposition, Transformation,
Spatial Aggregation, Scale.

Spatial decomposition. The spatial decomposition sub-unit is aimed to decom-
pose a high-axis spatial direction into multiple low-axis spatial directions. Assume
that the input tensor is X ∈ R

H×W×C (including the two-axis spatial direction),
that U ∈ R

H×C (including the one-axis spatial direction) denotes the average
pooled feature tensor by means of reducing the W -axis of the input tensor, and

Table 1. Main symbols used in this section.

Symbol Definition
P

Summation
� Broadcast element-wise multiplication
σ(.) Sigmoid function
GAP(.) Global average pooling
r Reduction ratio
H Image height
W Image width
C Number of image channels

•

GAP GAP

× ×

× ×

× ×

Gated 
self-attention

FC
Trans.

Fig. 1. Overview of our SDAA method. FC denotes fully connection. Trans. denotes
transformation.
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that V ∈ R
W×C (including the one-axis spatial direction) denotes the average

pooled feature tensor by means of reducing the H-axis of the input tensor. The
spatial decomposition can be formulated as Eq. (1)

ui,k =
1
W

W∑

j=1

xi,j,k, vj,k =
1
H

H∑

i=1

xi,j,k. (1)

Here xi,j,k is the element at (i, j) within the kth feature map.

Transformation. The transformation sub-unit is aimed to establish channel cor-
relations and long-range positional correlations for each low-axis spatial direction,
and output attention masks, i.e. S = Transformation(U), T = Transformation(V ).
This transformation sub-unit is shared by all low-axis spatial directions. A detailed
introduction of the shared transformation sub-unit is described in Sec. 3.2.

Spatial aggregation. The spatial aggregation sub-unit is aimed to aggregate all
the generated low-axis attention masks into a high-axis attention mask. Let M ∈
R

H×W×C denote the aggregated high-axis attention mask. The spatial aggregation
can be formulated as Eq. (2)

mi,j,k = si,ktj,k. (2)

Scale. The scale is aimed to enhance input feature representation by means of
fusing the attention mask into the input features. The scale can be formulated as
Eq. (3)

Y = X � M . (3)

3.2. Transformation sub-unit

Next, we introduce the transformation sub-unit. The details of the transformation
sub-unit are described as Algorithm 1.

Algorithm 1: Details of the transformation sub-unit.
Input: The input tensor Z ∈ R

N×C , the trainable weights
Θq,Θk ∈ R

C×(C/(2r)), Θv,Θu ∈ R
C×(C/r), W ∈ R

(C/r)×C .
Output: The output tensor T ∈ R

N×C .
/* Using gated self-attention to build long-distance position

correlations. */

1 Q = ZΘq, K = ZΘk, V = ZΘv, U = ZΘu;
2 S = σ(U) � (Softmax(QKT/

√
C/(2r))V );

/* Using the matrix to build channel correlations. */

3 O = SW ;
/* Output normalization. */

4 T = σ(O).
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Self-attention. The convolution is limited by its ability to capture local receptive
fields, which in turn limits its ability to establish long-range positional dependencies.
Although this limitation can be addressed by stacking more convolutional layers,
a more direct approach is to use self-attention29 to model long-range positional
dependencies in one step, i.e. Softmax(QKT/

√
C/(2r))V .

Gated self-attention. Inspired by the Gated Attention Unit,11 we have
designed a novel gated self-attention mechanism, defined as S = σ(U ) �
(Softmax(QKT/

√
C/(2r))V ). If matrix Softmax(QKT/

√
C/(2r)) is equal to the

scaled identity matrix αI , S becomes the Gated Linear Unit (GLU).6 Therefore,
gated self-attention can be seen as a simple and natural fusion of self-attention and
GLU.

Remark. FAB,30 coordinate attention,8 EMA22 and our SDAA method share some
similarities, but there are also differences. FAB models channel attention directly on
the original feature map by means of removing pooling. However, removing pooling
results in the inability to capture global information and increases computational
complexity. Additionally, FAB, coordinate attention, and EMA implicitly establish
positional correlations, i.e. encoding positional information into channel attention.
In contrast, our SDAA method explicitly establishes long-range positional depen-
dencies through self-attention.

4. Experiments

In this section, we conducted experiments to evaluate our SDAA method across a
range of tasks, datasets and model architectures. All compared attention methods
were benchmarked under the same experimental settings.

4.1. Implementation details

To evaluate our proposed method on CIFAR15 classification, we employed two
widely used CNNs as backbone models, including EfficientNet26 and REGNET.25

The parameters of networks were optimized using Lion3 with layer adaption27 and
mini-batch size of 128. All models were trained from scratch for 80 epochs by means
of setting the initial learning rate to 2e− 3. If step < 390, the learning rate scaling
factor linearly increased from 0 to 1. If 390 ≤ step < 21450, the learning rate scaling
factor decayed inversely with step from 1 to 0.1. If step ≥ 21450, the learning rate
scaling factor remained constant at 0.1.

We further evaluated our methods on PASCAL VOC4 using SSDlite9 and Reti-
naNet.18 For training SSDlite, the network was trained from scratch for 80 epochs
using Adam14 with mini-batch size of 128. The initial learning rate was set to
2e− 3. If step < 133, the learning rate scaling factor linearly increased from 0 to 1.
If 133 ≤ step < 7315, the learning rate scaling factor decayed inversely with step
from 1 to 0.1. If step ≥ 7315, the learning rate scaling factor remained constant
at 0.1. For training RetinaNet, the network was trained from scratch for 40 epochs
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using Adam with mini-batch size of 32. The initial learning rate was set to 2e − 3.
If step < 534, the learning rate scaling factor linearly increased from 0 to 1. If
534 ≤ step < 14418, the learning rate scaling factor decayed inversely with step
from 1 to 0.1. If step ≥ 14418, the learning rate scaling factor remained constant
at 0.1.

In each convolution layer and fully connected layer, the weight was initialized
with truncated Xavier normal distribution,1,7 the bias if having was initialized with
zeros. In each batch normalization12 layer, the γ was initialized with ones and the
β if having was initialized with zeros.

All of experimental tasks were accomplished on one computer. Its configurations
were as follows: CPU Intel(R) Core(TM) i7-11700K, GPU Nvidia RTX A5000,
RAM 32GB, Python 3.11.2, PyTorch24 2.0.1, Cudatoolkit 11.8 and Cudnn 8.9.

4.2. Image classification

To evaluate the influence of our methods, we first performed experiments on the
CIFAR dataset. This dataset is composed of colored natural images with 32 × 32
pixels. The CIFAR-100 dataset is composed of 100 categories with 600 images each
category. The CIFAR-10 dataset is composed of 10 categories with 6000 images each
category. For training on CIFAR, we used standard data augmentation of random
color space transformation and random horizontal flip. We reported the top-1 error
and top-5 error as the evaluation metrics. The results on CIFAR-100 are reported
in Table 2. The results on CIFAR-10 are reported in Table 3.

Integration with modern architectures. SE has become a basic component of
EfficientNet and REGNETY. To study the integration of different channel-spatial
attention methods with modern network architectures, we chose EfficientNet and
REGNETY as benchmark networks, and replaced the original SE in the network
with different channel-spatial attention methods. The corresponding results are
reported in Table 2. When using different channel-spatial attention methods to
replace the original SE in EfficientNet-B0, our SDAA achieved the optimal top-1
and top-5 errors simultaneously on CIFAR-100, reduced the top-1 error by 1.22%
compared to SE, and reduced the top-5 error by 1.27% compared to SE on CIFAR-
100. When using different channel-spatial attention methods to replace the original
SE in RegNETY-800MF, our SDAA also achieved the optimal top-1 and top-5
errors simultaneously on CIFAR-100, reduced the top-1 error by 1.58% compared
to SE, and reduced the top-5 error by 1.39% compared to SE on CIFAR-100. It
is worth noting that while FAB and SE performed similarly, FAB incurred higher
computational costs compared to SE. This suggests that directly removing pooling
to restore position information does not lead to accuracy improvement, but instead
increases computational cost.

Different image classification datasets. To study the performance of channel-
spatial attention on different datasets, we selected the CIFAR-100 and CIFAR-
10 datasets as the benchmark datasets. The corresponding results are reported
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Table 2. Comparison results between different attention methods on CIFAR-100. None means
the attention mechanism used in the original backbone network is removed. The bold denotes

the best result under the same backbone network.

Top-1 Err. Top-5 Err. Param. FLOPs
Model Year (%) ↓ (%) ↓ (M) ↓ (G) ↓
EfficientNet-B026 + none ICML2019 38.43 13.92 3.499 0.119

+ SE10 CVPR2018 38.24 13.63 4.126 0.120
+ CBAM34 ECCV2018 40.15 15.10 4.128 0.121
+ BAM23 BMVC2018 38.18 13.74 4.705 0.140
+ FAB30 ECCV2018 38.62 13.78 4.136 0.140
+ GALA19 ICLR2019 44.28 17.63 4.458 0.131
+ TA21 WACV2021 60.03 31.30 3.504 0.131
+ CA8 CVPR2021 38.23 13.76 4.459 0.125
+ SA36 ICASSP2021 38.23 13.67 3.506 0.121
+ SimAM35 ICML2021 39.56 14.34 3.499 0.119
+ EMA22 ICASSP2023 38.31 13.90 8.209 0.705
+ SDAA (Ours) - 37.02 12.36 4.754 0.132

REGNETY-800MF25 + none CVPR2020 42.06 16.33 4.880 0.266
+ SE10 CVPR2018 41.32 15.75 5.720 0.267
+ CBAM34 ECCV2018 42.66 16.63 5.722 0.268
+ BAM23 BMVC2018 41.25 15.50 7.848 0.367
+ FAB30 ECCV2018 41.27 15.85 5.726 0.305
+ GALA19 ICLR2019 43.63 16.79 6.151 0.287
+ TA21 WACV2021 48.31 21.60 4.884 0.273
+ CA8 CVPR2021 40.31 15.11 6.152 0.276
+ SA36 ICASSP2021 41.45 15.65 4.881 0.267
+ SimAM35 ICML2021 42.17 16.51 4.880 0.266
+ EMA22 ICASSP2023 41.31 15.77 4.917 0.322
+ SDAA (Ours) - 39.74 14.36 6.561 0.287

in Tables 2 and 3. When integrated with EfficientNet-B0, our SDAA method
almost consistently achieved the best results on both CIFAR-100 and CIFAR-10.
When integrated with RegNETY-800MF, our SDAA method consistently achieved
the best results on both CIFAR-100 and CIFAR-10. Overall, our SDAA method
achieved greater robustness than existing channel-spatial attention methods on var-
ious image classification datasets.

4.3. Object detection

We next conducted experiments on the PASCAL VOC 2007 ∪ 2012.4 This dataset
is composed of 20 classes. The PASCAL VOC 2012trainval dataset has 11, 530
images containing 27, 450 ROI annotated objects. We trained all detectors on
VOC 2012trainval and evaluated the results on VOC 2007 test for comparison.
For training on PASCAL VOC, we used standard data augmentation of ran-
dom color space transformation and random horizontal flip. We reported the
metrics of COCO API as the evaluation metrics. The results are reported in
Table 4.
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Table 3. Comparison results between different attention methods on CIFAR-10.

Top-1 Err. Top-5 Err. Param. FLOPs
Model Year (%) ↓ (%) ↓ (M) ↓ (G) ↓
EfficientNet-B026 + none ICML2019 12.17 0.39 3.499 0.119

+ SE10 CVPR2018 12.15 0.49 4.126 0.120
+ CBAM34 ECCV2018 13.76 0.57 4.128 0.121
+ BAM23 BMVC2018 11.76 0.45 4.705 0.140
+ FAB30 ECCV2018 12.12 0.41 4.136 0.140
+ GALA19 ICLR2019 13.54 0.56 4.458 0.131
+ TA21 WACV2021 27.90 2.49 3.504 0.131
+ CA8 CVPR2021 12.20 0.48 4.459 0.125
+ SA36 ICASSP2021 12.10 0.47 3.506 0.121
+ SimAM35 ICML2021 12.09 0.56 3.499 0.119
+ EMA22 ICASSP2023 11.82 0.49 8.209 0.705
+ SDAA (Ours) - 11.65 0.40 4.754 0.132

REGNETY-800MF25 + none CVPR2020 13.52 0.51 4.880 0.266
+ SE10 CVPR2018 13.71 0.55 5.720 0.267
+ CBAM34 ECCV2018 13.08 0.43 5.722 0.268
+ BAM23 BMVC2018 13.06 0.44 7.848 0.367
+ FAB30 ECCV2018 13.80 0.47 5.726 0.305
+ GALA19 ICLR2019 19.13 1.07 6.151 0.287
+ TA21 WACV2021 19.01 1.02 4.884 0.273
+ CA8 CVPR2021 12.99 0.46 6.152 0.276
+ SA36 ICASSP2021 14.17 0.55 4.881 0.267
+ SimAM35 ICML2021 14.10 0.56 4.880 0.266
+ EMA22 ICASSP2023 13.56 0.50 4.917 0.322
+ SDAA (Ours) - 12.56 0.43 6.561 0.287

SSDlite320. When using different channel-spatial attention methods to replace
the original SE in the backbone network MobileNetV3-Large for SSDlite, the inte-
gration of BAM, FAB, SA, EMA or SDAA improved the performance of object
detection by a margin. Compared to BAM, FAB, SA and EMA, SDAA exceeded
the baseline of SSDlite320 by performance gaining. Meanwhile, our SDAA outper-
formed SE by 0.1% in terms of AP, 0.4% in terms of AP@50 and underperformed
SE by 0.3% in terms of AP@75.

RetinaNet50. When using different channel-spatial attention methods to replace
the original SE in the backbone network ResNet50 for RetinaNet50, the integration
of CBAM, CA, SA or SDAA improved the performance of object detection by a
margin. Our SDAA outperformed SE by 0.2% in terms of AP, 1.3% in terms of
AP@50 and underperformed SE by 0.6% in terms of AP@75.

In summary, on the same object detection dataset PASCAL VOC 2007 test, our
SDAA method demonstrated greater stability compared to the existing channel-
spatial attention methods when integrated into different objection detectors. It was
worth noting that our SDAA method did not achieve the optimal AP in large object
detection, specifically AP@75.

2352019-10

In
t. 

J.
 P

at
t. 

R
ec

og
n.

 A
rt

if
. I

nt
el

l. 
20

24
.3

8.
 D

ow
nl

oa
de

d 
fr

om
 w

or
ld

sc
ie

nt
if

ic
.c

om
by

 Z
H

E
JI

A
N

G
 U

N
IV

E
R

SI
T

Y
 o

n 
03

/2
2/

24
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



February 16, 2024 10:23 WSPC/115-IJPRAI SPI-J068 2352019

SDAA in CNNs

Table 4. Comparison results between different attention methods on PASCAL VOC 2007
test.

AP AP@50 AP@75 Param. FLOPs
Model Year (%) ↑ (%) ↑ (%) ↑ (M) ↓ (G) ↓
SSDlite3209 + none ICCV2019 14.2 28.4 12.3 1.650 0.463

+ SE10 CVPR2018 14.6 28.9 13.3 2.466 0.465
+ CBAM34 ECCV2018 12.8 26.3 10.8 2.467 0.466
+ BAM23 BMVC2018 14.5 28.3 13.2 4.728 1.056
+ FAB30 ECCV2018 14.4 28.6 12.7 2.470 0.675
+ GALA19 ICLR2019 9.7 20.9 7.7 2.881 0.571
+ TA21 WACV2021 6.1 14.1 4.5 1.652 0.474
+ CA8 CVPR2021 13.9 27.7 12.1 2.882 0.487
+ SA36 ICASSP2021 14.6 29.3 12.7 1.652 0.465
+ SimAM35 ICML2021 13.5 26.9 12.2 1.650 0.463
+ EMA22 ICASSP2023 14.5 29.1 12.7 2.671 1.424
+ SDAA (Ours) - 14.7 29.3 13.0 3.282 0.513

RetinaNet5018 + none ICCV2017 17.1 32.5 15.9 14.542 25.035
+ SE10 CVPR2018 18.1 33.8 17.2 15.799 25.046
+ CBAM34 ECCV2018 17.1 33.4 15.1 15.801 25.052
+ BAM23 BMVC2018 15.5 30.3 14.1 17.870 26.199
+ FAB30 ECCV2018 16.7 31.9 15.9 15.808 25.744
+ GALA19 ICLR2019 6.8 15.3 5.0 16.444 25.402
+ TA21 WACV2021 13.5 28.8 10.9 14.547 25.083
+ CA8 CVPR2021 18.1 35.0 17.5 16.445 25.086
+ SA36 ICASSP2021 17.9 34.3 16.7 14.545 25.059
+ SimAM35 ICML2021 13.8 27.0 12.8 14.542 25.035
+ EMA22 ICASSP2023 16.2 31.0 14.9 15.332 28.317
+ SDAA (Ours) - 18.3 35.1 16.6 17.057 25.144

5. Discussion

Our SDAA method essentially decomposes a complex task into several simple and
same subtasks. Moreover, the original task and each subtask are homomorphic. Our
SDAA method then processes these subtasks separately, and finally aggregates the
results of these subtasks processing.

The limitation of our SDAA method is losing H-directional and W-directional
interaction information. This limitation may be addressed by means of adding an
H-directional and W-directional interaction sub-unit and is worth studying in the
future.

6. Conclusion

In this paper, we propose SDAA method, an channel-spatial attention method,
which is aimed at simultaneously building channel correlations and long-range
position correlations with assistance of the spatial decomposition and spatial
aggregation. Experimental results show that our SDAA method consistently outper-
forms the existing attention methods applied into different models across different
datasets.

2352019-11

In
t. 

J.
 P

at
t. 

R
ec

og
n.

 A
rt

if
. I

nt
el

l. 
20

24
.3

8.
 D

ow
nl

oa
de

d 
fr

om
 w

or
ld

sc
ie

nt
if

ic
.c

om
by

 Z
H

E
JI

A
N

G
 U

N
IV

E
R

SI
T

Y
 o

n 
03

/2
2/

24
. R

e-
us

e 
an

d 
di

st
ri

bu
tio

n 
is

 s
tr

ic
tly

 n
ot

 p
er

m
itt

ed
, e

xc
ep

t f
or

 O
pe

n 
A

cc
es

s 
ar

tic
le

s.



February 16, 2024 10:23 WSPC/115-IJPRAI SPI-J068 2352019

M. Zhu et al.

We recommend exploring the possibility of a universal attention framework that
leverages all types of attention mechanisms. For instance, a soft selection mecha-
nism, also known as branch attention, can select from channel attention and spa-
tial attention based on the task at hand. Attention mechanisms are inspired by
the human visual system and represent a significant step towards building com-
puter vision systems that can be interpreted. Although attention-based models are
often explained through attention maps, these maps only provide a general sense
of how the model is operating, rather than a precise understanding. However, in
applications where security and safety are critical, such as medical diagnostics and
automated driving systems, more rigorous requirements are necessary. In such areas,
it is essential to better understand how these models work, including their failure
modes. Developing attention models that are more interpretable and characteriz-
able can increase their applicability.
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