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Convolutional Neural Networks (CNNs) have achieved significant performance in various computer vision
tasks, but at the cost of enormous computing resources. To alleviate this dilemma, this paper proposes a
lightweight and efficient multiscale attention fusion module (SCEMA) by combining spatial, and channel
reconstruction convolution with an efficient attention mechanism and adds the module to the YOLOV8 net-
work structure named YOLO-SCEMA. SCEMA adopts a parallel processing strategy, with the left branch
performing feature refinement operations through spatial and channel reconstruction units to reduce re-
dundant calculations, and the right branch effectively integrating features of different scales through fea-
ture grouping and cross-spatial learning, enhancing the model’s understanding of multiscale image content
and improving its performance in handling complex image structures. The experimental results on the open
source datasets ExDark,VisDrone2019 and FYP show that YOLO-SCEMA has increased the mAP(50) score
by 7.37%,3.24% and 1.5% , and compared to the YOLOv8 benchmark while reducing the parameter and
computational complexity by 36.9% and 8.6%, respectively. Compared with the latest YOLO series, YOLO-
SCEMA performs better in detection accuracy and parameter quantity.

Povzetek: Članek predstavi YOLO-SCEMA, lahek nadgradni model YOLOv8 z večmerilnim modulom po-
zornostne fuzije, ki z rekonstrukcijo prostorskih/kanalnih značilk in učinkovito integracijo različnih meril
izboljša detekcijo ob manj parametrih in nižji računski zahtevnosti.

1 Introduction

Convolutional Neural Networks (CNNs) can automat-
ically extract local features from images and combine
low-level features into high-level feature representations
through layer-by-layer transmission. Due to their strong
robustness and adaptability, CNNs have been widely used
in computer vision tasks [16]. However, this success is
largely based on intensive computing and storage resources,
which poses a serious challenge to its effective deploy-
ment in resource-constrained environments. As CNN lay-
ers deepen, progressively increasing the number of feature
channels from layer to layer increases the expressive capac-
ity of the features [1]. However, this leads to redundancy
in space and channels and requires a significant amount of
memory and computational resources, which is the main
drawback of building deep CNNs [17]. As an alterna-
tive method of increasing the number of feature channels
layer by layer, by introducing attention mechanisms, neu-
ral networks can automatically learn and selectively focus
on important information in the input, improving the per-
formance and generalization ability of the model. Thanks
to its flexible structure, the attention mechanism not only

enhances the learning of discriminative features but also
integrates easily into CNN backbones. Therefore, attention
mechanisms have arousedwidespread interest in the field of
computer vision research. At present, there are mainly two
types of attention mechanisms, such as channel attention
and spatial attention. As a representative channel attention,
Squeeze and Excitation (SE) simulates cross dimensional
interactions to extract channel attention [4]. The Convolu-
tional Block Attention Module (CBAM) establishes cross-
channel and cross-spatial information through semantic in-
terdependence between spatial and channel dimensions in
feature maps [23]. Therefore, CBAM shows great poten-
tial in integrating cross-dimensional attention weights into
input features. However, CBAM requires attention to chan-
nel and space calculations and introduces additional param-
eters, which increases computational complexity and leads
to increased training and inference time for the model. To
overcome the limitation of computational cost, Alex et al.
proposed a more effective method of using feature group-
ing to divide features into multiple groups in different spa-
tial dimensions [6], which can make each group of fea-
tures evenly distributed in space. According to this setting,
Spatial Group-wise Enhance (SGE) [10] pays attention to
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generating attention factors through the similarity between
global and local feature descriptors, enhancing the spatial
distribution of semantic features and suppressing noise.
One of the most effective ways to simplify model com-

plexity is by utilizing Depthwise Separable Convolution in
conjunction with an attention mechanism to enhance the
original model. Separable depth convolution initially con-
ducts depth convolution on each input channel before con-
solidating information across channels through point con-
volution, leading to a significant reduction in model pa-
rameters and making the model lighter [13]. The SBC-
FormerBlock [12] improvesmodel performance by refining
the handling of local and global features, merging them to
produce feature maps that encompass both local and global
details.
The Multidimensional Collaborative Attention Module

(MCA) [26] comprises a three-branch architecture capa-
ble of simultaneously capturing attention in three dimen-
sions: channel, height, and width, thereby enhancing fea-
ture representation and boosting network performance with
minimal computational overhead. The Efficient Channel
Attention Module (ECA) [21] dynamically captures inter-
channel dependencies through a straightforward and effec-
tive one-dimensional convolution, eliminating the neces-
sity for dimensionality reduction or enhancement. This ap-
proach sidesteps the intricate multi-layer perceptron (MLP)
structure in conventional attention mechanisms, reducing
model complexity and computational load. Ouyang et al.
modified the sequential processing approach of Coordinate
Attention (CA) [3] through a grouping structure and intro-
duced an Efficient Multi-scale Attention Module (EMA)
[14] without dimensionality reduction. The EMA module
adeptly establishes short-range and long-range dependen-
cies by grouping features and processing multi-scale struc-
tures in various spatial dimensions to achieve superior per-
formance.
Inspired by the above convolution module and attention

mechanism, we adopt a multi-branch structure. By replac-
ing the convolution module in the original network struc-
ture and combining the attention mechanism, it helps to
improve the feature expression ability of the model and re-
duce the complexity. We propose a lightweight and effi-
cient multi-scale attention fusionmodule (YOLO-SCEMA)
by incorporating SCConv [9] convolution with EMA and
CBAM Attention into the YOLOV8 network architecture.
This module reconstructs the original spatial and channel
units to reduce redundant calculations and integrate features
of different scales, enhancing the model’s understanding of
multi-scale image content and improving its performance
in handling complex image structures.
The primary objective of this study is to validate the uni-

versality and efficiency of the proposed YOLO-SCEMA
module across diverse and challenging detection scenarios.
The research questions addressed are:
Can YOLO-SCEMA improve detection accuracy in low-

light, dense small-object, and complex image environments
compared not only to the benchmark YOLOv8n but also to

other state-of-the-art (SOTA) models?
Can YOLO-SCEMA achieve these improvements while

simultaneously reducing parameter count and computa-
tional complexity, thereby enhancing deployment effi-
ciency?
In comparison with existing attention mechanisms

and lightweight designs, what specific innovations does
SCEMA introduce to balance accuracy and efficiency?
To address these questions, Section 4 presents a se-

ries of comparative experiments conducted on three rep-
resentative datasets: ExDark (low-light detection), Vis-
Drone2019 (dense small-object detection), and FYP (com-
plex image structures). The experimental results demon-
strate that YOLO-SCEMA achieves consistent improve-
ments in mAP(50) of 7.37%, 3.24%, and 1.5% across the
three datasets, while reducing parameters by 36.9% and
FLOPs by 8.6%. These findings confirm that YOLO-
SCEMA not only enhances accuracy but also maintains ef-
ficiency. Compared with existing methods, SCEMA’s in-
novation lies in its efficient multi-scale fusion of spatial and
channel reconstruction, which enables robust feature repre-
sentation with reduced computational overhead. This de-
sign supports its suitability for real-world deployment in
resource-constrained environments.

2 Related work
In this section, we will present some prominent works

on the structure of target detection networks and attention
modules.

2.1 YOLO object detection
Compared with the two-stage R-CNN series algorithms

[2], the one-stage YOLO series algorithms [5] skip the
candidate region generation process and can directly con-
duct forward propagation on the image to achieve detec-
tion results. YOLO exhibits superior overall performance
in terms of both detection speed and accuracy. It is the pio-
neering object detection algorithm to unify object detection
and classification as a regression issue, utilizing a single
convolutional neural network design to identify and cate-
gorize objects within the entire image. The object detec-
tion and recognition process of YOLO algorithms primar-
ily involves three key steps: resizing the image, predict-
ing with the neural network, and processing detection in-
formation. Initially, YOLO resizes the image to a suitable
dimension for neural network prediction. Subsequently,
the neural network extracts and processes features from the
input image through the backbone, neck, and head struc-
tures. Following this, the neural network provides the de-
tection information of the target. Finally, redundant de-
tection information undergoes non-maximum suppression
to yield the ultimate object detection data. Building upon
its predecessor, YOLOv8 [18] introduces novel function-
alities and enhancements, positioning it as a preferred so-
lution for diverse object detection assignments across vari-
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ous domains. YOLOv8 implements cutting-edge backbone
and neck architectures to enhance feature extraction and ob-
ject detection capabilities. Moreover, YOLOv8 integrates
an anchor-free split head, which enhances the precision and
efficiency of the detection process in comparison to anchor-
based techniques.

2.2 Attention mechanism
Attention mechanisms have become an important re-

search direction in recent years, especially in natural lan-
guage processing and computer vision. Attention mecha-
nism can simulate human’s ability to focus attention and dy-
namically allocate computing resources, thus improving the
performance of the model. SENet improves the representa-
tiveness of the convolutional neural network through the in-
troduction of a novel structural unit known as the ”Squeeze
and Excitation” (SE) block. This innovation explicitly cap-
tures the relationships between convolutional feature chan-
nels, leading to notable enhancements in network perfor-
mance without a rise in computational expenses. The Bot-
tleneck Attention Module (BAM) [15] enhances the net-
work’s ability to represent information by incorporating
channel and spatial attention. This module generates atten-
tionmaps using two distinct pathways (channel and spatial),
offering compatibility with various feedforward convolu-
tional neural networks. The Shuffle Attention module, as
introduced by Zhang et al. (2021) [27], organizes channel
dimensions into several sub-features, processes these sub-
features simultaneously, and employs the ”channel shuffle”
technique to facilitate information exchange among them.
This approach enhances the efficiency and efficacy of the
SAmodule. The Global Attention Mechanism (GAM) pro-
posed by Liu et al. (2021) [11] aims to mitigate information
dispersion and boost global feature interaction by incorpo-
rating channel and spatial dual attention. This approach ul-
timately enhances the performance of various visual tasks.
CBAM combines Channel Attention and Spatial Attention
for the first time to extract input features in two stages.
This design prioritizes identifying ‘which channels are im-
portant’ initially, followed by determining ‘which positions
in space are important’. This sequential approach enables
the model to capture crucial information within the features
more comprehensively. The core mechanism of ECA mod-
ule is to adaptively capture the dependencies between chan-
nels through a simple and efficient one-dimensional con-
volution, without the process of dimension reduction and
dimension increase. This design avoids the complex multi-
layer perceptron (MLP) structure in the traditional attention
mechanism, and reduces the model complexity and compu-
tational burden.

2.3 Multi-attention fusion module
Multi-attention fusion module has demonstrated excep-

tional performance across a range of computer vision tasks.
Typical fusion techniques involve multi-scale feature fu-

sion and parallel multi-branch structures. The former in-
tegrates features at different levels to capture multi-scale
information, while the latter addresses multi-scale struc-
tures in various dimensions using parallel multi-branch
structures. The High-Similarity-Pass Attention Module
(HSPAM) [19] combines High-Similarity-Pass Attention
(HSPA) and Locality Exploration Block (LEB) to extract
both non local and local features. HSPA is responsible
for extracting useful nonlocal information, while LEB en-
hances local feature expression through convolution. The
combination of the two improves the feature extraction abil-
ity and super-resolution reconstruction effect of the model.
The Lightweight Cross Attention Module (LCA) [24] uses
the cross attention mechanism to let the brightness branch
and color branch provide information to each other, so as
to avoid brightness deviation or color distortion caused by
separate processing. By calculating the attention distri-
bution of brightness features to color features and the at-
tention of color features to brightness features, this mod-
ule can more accurately adjust the light intensity, opti-
mize the color consistency, and make the enhanced image
more natural. The Pinwheel-Shaped ConvolutionalModule
(PSConv) [25] proposes a scale based dynamic (SD) Loss,
which dynamically adjusts the impact of scale and location
loss according to the size of the target, thus improving the
network’s ability to detect targets of different scales. Tra-
ditional global attention mechanisms tend to focus on the
overall semantic structure of images, and may ignore local
non semantic features when conducting global interaction.
The Multi-Scale Linear Attention U-Net (MSLAU-Net)[7]
is a hybrid CNN-Transformer encoder-decoder architec-
ture, which core introduces the multi-scale linear attention
(MSLA)module. It integrates the advantages ofmulti-scale
local feature extraction of CNN and global dependency
modeling of Transformer, restores spatial details with low
computational complexity. The Mamba-YOLO[22] inno-
vatively integrates the state space model (SSM) into the
classic YOLO detection paradigm, takes ODMamba as the
backbone network, and combines RG Block to enhance lo-
cal detail capture and occluded target localization. While
ensuring detection accuracy superior to peer YOLO mod-
els, it effectively reduces computational overhead and im-
proves inference speed. The Shunted Self-Attention Mod-
ule (SSA) [20] suppresses the expression of semantic infor-
mation by restricting attention calculation to specific ten-
sor blocks, allowing the model to focus more on captur-
ing these non-semantic local features. The Contrast-Driven
Feature Aggregation Module (CDFA) [8] realizes multi-
level feature fusion and enhancement by fusing multi-level
feature maps from the encoder and combining foreground
and background feature maps. By comparing foreground
and background features, CDFA module can highlight key
features and suppress non key features. This makes the
model pay more attention to the important foreground area
in the segmentation process, reduce background interfer-
ence,and improve the segmentation accuracy.

The inclusion of Table 1 provides a clear overview of the
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Table 1: Comparison of representative attention mechanisms and lightweight models

Method Core Idea Params GFLOPs mAP@50 Limitations

EMA Multi-scale feature grouping 3.02 8.2 FYP: 68.94 Complex structure

ECA 1D convolution for channel depen-
dencies

2.65 8.4 VisDrone2019: 32.27 Ignores spatial features

CBAM Channel + spatial attention 3.07 8.2
ExDark: 75.46

VisDrone2019: 32.62
FYP: 69.12

Higher latency

MSLAU-Net Integrates multi-scale linear atten-
tion into U-Net

21.9 N/A ExDark: 76.86 Large parameters

Mamba-
YOLO-T

Combines state-space modeling
with a lightweight YOLO backbone

5.8 13.2 VisDrone2019: 35.47 Heavy computation

strengths and limitations of existing approaches. For ex-
ample, while MSLAU-Net and Mamba-YOLO-T achieve
slightly higher accuracy than SCEMA, they require sub-
stantially more parameters and computation, which limits
their suitability for resource-constrained environments. By
contrast, SCEMA achieves competitive accuracy with sig-
nificantly fewer parameters and lower computational cost,
thereby addressing the identified gaps in prior works. Un-
like traditional multi-attention approaches that rely on se-
quential or single-path mechanisms and risk information
loss and redundancy, SCEMA introduces a parallel multi-
branch fusion strategy integrating SRU, CRU, CSL, and
CBAM. SRU and CRU reconstruct spatial and channel fea-
tures in a lightweight manner to reduce redundancy and
improve efficiency, while CSL and CBAM enhance accu-
racy through multi-scale integration and selective attention.
By combining these modules in parallel, SCEMA achieves
dual optimization in efficiency and accuracy, avoids single-
path bottlenecks, and ensures richer feature representation.
Ablation studies further validate that this parallel fusion
consistently outperforms partial or sequential configura-
tions, underscoring the novelty and practicality of SCEMA
for lightweight object detection in complex scenarios.

3 Methodology
In this section, we introduce the proposed SCEMAmod-

ule and the YOLO-SCEMAmodel constructed upon it. The
architecture of SCEMA is illustrated in Figure 1. SCEMA
adopts a parallel substructure processing strategy. In the
left branch, the Spatial-Refined Feature Xw is extracted
through the SRU and spatial attention operations, followed
by the derivation of the Channel-Refined Feature Y via the
CRU and channel attention operations. The right branch
emphasizes learning an effective channel representation by
grouping features without reducing the channel dimension
during convolution. This design enhances pixel-level at-
tention in advanced feature maps, thereby improving the
ability to handle multi-scale images. The feature grouping
process is indicated by the blue dotted line. The structure of
the YOLO-SCEMA model is shown in Figure 2. We inte-
grate SCEMA into the YOLOv8 backbone. In the Convolu-
tional Block (CBS), BatchNorm is replaced by the Feature
Refinement Module and the Cross-Spatial Learning Mod-

ule, yielding two variants: CBS-FR and CBS-CSL. In the
Bottleneck structure, the second convolutional layer is sub-
stituted with the Feature Refinement Module, resulting in
Bottleneck-FR.Moreover, the Convolutional Blocks (CBS)
in the Spatial Pyramid Pooling Fast (SPPF) are replaced
with CBS-FR and CBS-CSL.

3.1 Feature refinement module
The module consists of the Spatial Reconstruction Unit

(SRU), the Spatial Attention Module, the Channel Recon-
struction Unit (CRU), and the Channel Attention Module.
Figure 3 illustrates that the SRU employs separation and
reconstruction operations. These operations divide the fea-
ture map into two parts: one with a substantial amount of
information and the other with a minimal amount of infor-
mation. The information content of different feature maps
is evaluated using a scaling factor in the group normaliza-
tion (GN) layer. Suppose that we have an intermediate fea-
ture mapX ∈ RN×C×H×W , where N represents the batch
size, C represents the number of channels, and H and W
represent the spatial height and width, respectively. Ini-
tially, we normalize the input feature X by subtracting the
mean µ and dividing it by the standard deviation σ. This
normalization process can be represented by Formula 1:

Xout = GN(X) = γ
X − µ√
σ2 + ε

+ β (1)

where µ and σ represent the mean and standard deviation
of X, ϵ is a small constant added for division stability, and
γ and β denote trainable affine transformations.
Subsequently, the weight value of the reweighted feature

map undergoes mapping through the sigmoid function and
is controlled by a threshold. We assign a weight of 1 to
values above the threshold to derive the information weight
W1, and a weight of 0 to those below to derive the non-
information weightW2. The entire process of determining
W can be mathematically described as Formula 2:

W = Gate(Sigmoid(GN(X))) (2)

Finally, the input feature X is multiplied by W1 and
W2 to obtain two weighted features: XW

1 containing more
information and XW

2 containing less information. Fea-
tures with less information are typically deemed redun-
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Figure 1: In the SCEMA model diagram, the blue dotted line represents feature grouping, the left branch of SCEMA is
the feature refinement module, the right branch is the cross space learning module, and the yellow dotted line represents
the aggregation output of matrix dot product operation

dant. To mitigate spatial redundancy, we introduce a cross-
reconstruction operation. This operation combines the fea-
ture XW

11 containing rich information with the feature XW
12

containing less information, resulting in more informa-
tive features while conserving space. Subsequently, the
two cross-reconstructed features are integrated to yield the
spatially-thinned feature map XW . The entire reconstruc-
tion process can be mathematically represented as shown in
Formula 3: 

XW
1 = W1 ⊗X

XW
2 = W2 ⊗X

XW
11 ⊕XW

22 = XW1

XW
21 ⊕XW

12 = XW2

XW1 ∪XW2 = XW

(3)

where ⊗ denotes element-wise multiplication, ⊕signifies
element-wise summation, and ∪ indicates cascading.
As illustrated in Figure 4, the CRU employs split, trans-

formation, and fusion strategies to enhance the spatial re-
finement feature map XW by minimizing redundancy in
the channel dimension.
Split: For a given spatial thinning feature XW ∈

Rc×h×w, the channels of XW are initially divided into
two parts: αC channels and (1 − α) C channels, where
0 ≤ α ≤ 1 represents the segmentation ratio. Subse-
quently, a 1 × 1 convolution is applied to compress the fea-
ture map channels, enhancing computational efficiency. To
regulate the feature channel and balance the computational
expense of the CRU, a compression ratio r is introduced.
Following segmentation and compression, the spatial thin-
ning feature XW is split into upper Xup and lower Xlow.
Transform:Xup serves as the input to the upper trans-

formation stage, functioning as a ’rich feature extractor’.

employing efficient convolution operations, namely Depth-
wise Separable Convolution (GWC) and Pointwise Convo-
lution (PWC), we aim to substitute the costly standard k × k
convolution with the objective of extracting high-level rep-
resentative data while simultaneously minimizing compu-
tational expenses. The transformation process of the upper
layer can be mathematically represented as Formula 4:

Y1 = MGXup +MP1Xup (4)

where MG ∈ R
αc
gr ×k×k×c and MP1 ∈ Rαc

r ×1×1×c rep-
resent the learning weight matrices for GWC and PWC,
respectively. In addition, Xup ∈ Rαc

r ×h×w and Y1 ∈
Rc×h×w denote the input and output characteristic graphs
of the upper layer. Xlow serves as the input to the lower
conversion stage. In this context, we employ a cost-
effective 1 × 1 PWC operation to produce a feature map
containing superficial hidden details, complementing the
rich feature extractor. By reusing features from Xlow,
we obtain additional feature maps without incurring extra
costs. Subsequently, we combine the newly generated fea-
tures with the reused ones to construct the output of the
lower level, denoted as Y2, as illustrated in Formula 5:

Y2 = MP2Xlow ∪Xlow (5)

whereMP2 ∈ R (1−α)c
r ×1×1×(1− 1−α

r )c is the learnable
weight matrix of PWC, ∪ is the join operation, Mlow ∈
R (1−α)c

r × h × w and Y2 ∈ Rc×h×w are the lower layer
input and output characteristic graphs respectively.
Fuse:After the conversion is completed, the two types

of features are no longer directly connected or added, but
the output features Y1 and Y2 in the up and down con-
version phase are adaptively combined, as shown in the
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Figure 2: YOLO-SCEMA model structure diagram.Modify the original YOLOV8Backbone structure. The Feature Re-
finement Module and Cross Spatial Learning Module in SCEMA have been modified for C2f and SPPF

Figure 3: Structure diagram of spatial reconstruction unit
(SRU)

Figure 4: Channel reconstruction unit (CRU) structure dia-
gram

Fuse section of Figure 4. We first apply GAPooling to
collect global spatial information with channel statistics
Sm ∈ Rc×1×1. Next, we stack the upper and lower global
channel descriptors S1andS2 together, and use channel soft
attention operations to generate feature importance vector
β1, β2 ∈ Rc. Finally, under the guidance of feature impor-
tance vectorsβ1andβ2, channel refinement feature Y can
be obtained by merging upper layer feature Y1 and lower
layer feature Y2 channel by channel,as shown in Formula
6:

Y = β1Y1 + β2Y2 (6)

3.2 Cross spatial learning module

As depicted in the right branch of Figure 1, the CSL
module employs a processing approach based on parallel
sub-structures. Initially, it utilizes a 1x1 convolution as
a common element, designating it as the 1x1 convolution
branch. Subsequently, to rapidly integrate spatial informa-
tion across multiple scales, it simultaneously positions the
3x3 convolution core alongside the 1x1 convolution branch.
This configuration is referred to as the 3x3 convolution
branch.
Feature Grouping: For instance, as illustrated in Figure

5, the red dotted line represents a division in a given input
feature graph X ∈ RC×H×W . The CSL module segments
X into G distinct sub feature groups, with each group focus-
ing on learning distinct semantics. This approach of group-
ing features allows the model to effectively distribute and
handle GPU resources. Moreover, this grouping strategy
enhances the learning of semantic regions while reducing
noise interference.
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Figure 5: Structure diagram of Cross Space Learning mod-
ule(CSL).Aggregating 1x1 and 3x3 branch outputs through
matrix dot product operation through cross spatial informa-
tion aggregation

Parallel Subnetwork: The CSL module uses three par-
allel paths to extract the attention weight descriptor of the
grouping feature graph. As shown in Figure 5, the two paths
on the left are 1x1 branches, and the third path on the right
is 3x3 branches. One dimensional global average pooling
operation is adopted in 1x1 branch to encode channel infor-
mation in two spatial directions respectively.The two 1×1
branches on the left adopt a processing strategy analogous
to Coordinate Attention (CA), whereby the encoded fea-
tures are concatenated along the vertical dimension of the
image. This design enables both branches to share a com-
mon 1×1 convolution without incurring dimensionality re-
duction. The output of the convolution is subsequently de-
composed into two vectors, which are modeled using non-
linear Sigmoid functions to approximate a two-dimensional
binomial distribution over the linear convolution. Finally,
the attention maps from the two channel directions are ag-
gregated within each group through element-wise multipli-
cation, thereby facilitating diverse intersection points and
channel interaction patterns between the parallel paths in
the 1×1 branches. On the right, the 3×3 branch employs a
3×3 convolution to effectively capture multi-scale feature
representations, thereby enriching the model’s capacity for
hierarchical feature extraction. In this way, CSL can not
only encode cross channel information to adjust the impor-
tance of different channels, but also reserve accurate spatial
structure information into channels.
Cross Space learning: The Cross-Spatial Learning

(CSL) module is designed to enhance feature aggregation
by introducing cross-spatial information fusion across mul-
tiple spatial dimensions. Specifically, the 1×1 branch lever-
ages two-dimensional global average pooling to encode
global spatial information, thereby effectively capturing
holistic contextual cues and strengthening the modeling of
long-range dependencies. In parallel, the 3×3 branch di-
rectly maps features into the corresponding dimensional
shape, preserving fine-grained local structural patterns and
complementing the global representation. During the fea-
ture interaction stage, the outputs of these two branches are
integrated to generate the initial spatial attention map via
a matrix dot-product operation, as illustrated by the yellow
dotted line in Figure 5. This attention mechanism estab-
lishes connections across different spatial dimensions, en-
abling multi-scale feature fusion. To further refine the rep-
resentation, two sigmoid functions are applied to the spatial
attention weights, which aggregate the output feature maps
within each group. This operation captures pixel-level pair-
ing relationships and emphasizes global contextual depen-
dencies among all pixels, thereby producing more robust
and discriminative feature representations.

3.3 Model complexity analysis
The SCEMA we propose can be easily embedded into

various existing well-designed CNNs architectures to re-
duce computing and storage costs. In the SCEMA mod-
ule, all parameters are concentrated in the conversion phase.
The parameter of standard convolution Y = MkX can be
calculated as formula 7:

Ps = k2C1C2 (7)

where k is the size of the convolution kernel, C1 andC2 are
the number of input and output feature channels. The pa-
rameters of the proposed SCEMAmodule can be expressed
as Formula 8:

PSCEMA = MGXup +MP1Xup +MP2Xlow ∪Xlow

= 1× 1× αC1 ×
αC1

r
+ k × k × αC1

gr
× C2

g
× g

+ 1× 1× αC1

r
× C2 + (1− α)C1 ×

(1− α)C1

r

+ 1× 1× (1− α)C1

r
× (C2 −

(1− α)

r
C1)

(8)
where α represents the division ratio, r represents the com-
pression ratio, g is the group size of GWC operation, C1

and C2 are the input and output characteristic channels re-
spectively. In the experiment, the general parameter set is
α = 1

2 , r = 2,g = 2,k = 3,C1 = C2 = C, The number of pa-
rameters can be reduced by 5 times, of which PS

PSCEMA
≈ 5.

The improvement ofmodel performance after improvement
will be described in detail in the subsequent comparative
experiment in Chapter 4.
We have added deployment efficiency experiments on an

RTX 4070 Ti GPU, including inference latency, FPS, and
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Table 2: Deployment efficiency comparison of lightweight detectors on RTX 4070 Ti with different input sizes.

Models Input Size Latency (ms) FPS Allocated (MB) Reserved (MB)
320×320 2.53 395.90 49.12 70.00

Mamba-YOLO 640×640 2.52 396.47 54.92 90.00
1280×1280 4.31 231.79 79.09 190.00
320×320 2.38 421.01 11.67 34.00

MSLAU-Net 640×640 2.46 406.26 17.95 56.00
1280×1280 3.34 299.28 41.46 136.00
320×320 2.16 463.97 13.59 36.00

YOLOv12 640×640 2.14 467.21 19.88 58.00
1280×1280 3.26 307.02 43.03 138.00
320×320 3.13 319.61 41.33 66.00

YOLOv8n 640×640 3.07 325.31 47.61 86.00
1280×1280 4.83 207.09 70.32 218.00
320×320 1.99 501.46 13.54 38.00

YOLO-SCEMA 640×640 2.02 496.12 19.83 58.00
1280×1280 3.12 320.02 44.30 138.00

memory footprint. As shown in Table 2, YOLO-SCEMA
demonstrates superior deployment efficiency by achieving
the lowest latency (2.02 ms at 640×640), the highest FPS
(496), and significantly reduced memory usage (19.83MB)
compared with YOLOv8n, while maintaining comparable
efficiency to YOLOv12 and Mamba-YOLO. These results
confirm that YOLO-SCEMA not only preserves competi-
tive accuracy but also offers lower latency, higher through-
put, and reduced memory footprint, making it well-suited
for deployment in resource-constrained environments such
as embedded systems, UAV monitoring, and edge comput-
ing.

4 Experimental

In this section, we will provide details of experiments
and results to prove the performance ofYOLO-SCEMA, in-
cluding complex image structure experiments on the open-
source dataset FYP, small object detection experiments in
dense scenes on the VisDrone2019, and low light environ-
ment object detection experiments on the ExDark dataset.
All experiments were conducted on hardware equipped
with an RTX4070TiGPU and an Intel (R) i5-9300HCPU@
2.40GHz. The software environment: Python 3.10.8, Py-
Torch 1.8.1 and CUDA 11.8. The key training hyperparam-
eters configured as follows: the input image size (imgsz)
was set to 640×640 pixels; the total training epochs were
300 (ExDark), 150 (VisDrone2019), 300 (FYP); the num-
ber of worker threads (workers) for data loading was 8 (Ex-
Dark), 4 (VisDrone2019), 8 (FYP); the image scaling fac-
tor (scale) was 0.5 ; Mosaic data augmentation was fully
enabled with a value of 1.0; and the probability of Copy-
Paste data augmentation was set to 0.1.

4.1 Object detection in weak-light scenes
In order to verify the detection performance of the pro-

posed SCEMA module in low-light scenes, we chose to
verify it on the ExDark dataset. This dataset was specifi-
cally created for low-light object detection, containing im-
ages under 12 different lighting conditions ranging from ex-
tremely low light to twilight; it includes 5,891 training im-
ages, 1,472 test images, and 12 object categories. From the
results in Figure 6 and Table 3, we can see that MCA, GAM
and CBAM can improve the baseline performance of object
detection. The proposed SCEMA module consistently out-
performs networks based on MCA, GAM, and CBAM in
terms of mAP (50) and mAP (95). It should be noted that
GAM and CBAM improve YOLOV8N performance by
4.32% and 6.51%, respectively, and are higher than MCA,
but at the cost of more parameters and calculations. Specif-
ically, SCEMA reduces parameters by 36.9% and compu-
tational cost by 8.6% compared with the baseline method,
achieves a 7.37% improvement in mAP (50) compared
with YOLOv8n, and is 4.37%, 3.05%, and 0.86% higher
than MCA, GAM, and CBAM, respectively. Compared
with the latest YOLOV12N, SCEMA has increased mAP
(50) by 0.5% while reducing parameters by 0.66M. On Ex-
Dark, MSLAU-Net achieves 76.86% mAP@50, Mamba-
YOLO-T achieves 76.21%, and SCEMA achieves 76.32%.
SCEMA slightly outperforms Mamba-YOLO-T (+0.11%)
but is marginally lower than MSLAU-Net (-0.54%).
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Figure 6: The visualization results of the ExDark
dataset.In the dark environment, the baseline YOLOV8N,
YOLOV10N andYOLOV11N have the problem of car type
missing detection. The SCEMA we proposed can accu-
rately identify the cars blocked in the distance.

4.2 Object detection in dense scenes
In order to verify the generalization capability of the

proposed SCEMA module, we evaluated it on the Vis-
Drone2019 dataset. The dataset includes varying per-
spectives, occlusions, vehicle sizes, and lighting condi-
tions, which pose significant challenges to object detec-
tion in dense scenes, and put forward higher requirements
for the stability and adaptability of the algorithm. The
VisDrone2019 dataset contains 10,209 still images: 6,471
for training, 548 for validation, and 3,190 for testing.
From the results in Figure 7 and Table 4, The proposed
SCEMA module consistently outperforms networks based
on PConv, ECA, and CBAM in terms of mAP (50) and
mAP (95). Compared with the latest YOLOv12n, SCEMA
improves mAP (50) by 0.33%, while reducing parameter
count by 25.8% and computational complexity by 14.9%.
CBAM improves YOLOv8n performance by 0.10%, sur-
passing PConv and ECA, but at the cost of additional
parameters and computation. For the PConv module, it
achieves almost the same performance as baseline, and
is 0.03% higher than YOLOV8N in terms of mAP (50),
while ECA requires more parameters and computation than
PConv (2.65M vs. 1.86M and 8.4G vs. 7.1G). Specifi-
cally, SCEMA has 1.50M fewer parameters than the base-
line method, 3.24% more than YOLOV8N in terms of
mAP (50), and 3.21% more than PConv in terms of mAP
(50) with slightly higher parameters and computation. On

Table 3: On the ExDark dataset, SCEMA reduces 36.9% of
the parameters and 8.6% of the computation compared with
the baseline YOLOv8n, and increases mAP (50) by 7.37%.
Compared with the latest YOLOv12n, SCEMA improves
mAP (50) by 0.5% while reducing parameters by 0.66M.
For MSLAU-Net, only parameter counts (21.9M) were re-
ported in the original paper, and FLOPs were not provided,
so computation is marked as “N/A” in the comparison.

Models mAP@50 mAP@95 Parameters (M) GFLOPs
YOLOv8n 68.95 43.03 3.01 8.1
MCA 71.95 44.24 1.87 7.1
GAM 73.27 46.68 3.94 9.5
CBAM 75.46 48.53 3.07 8.2
YOLOv9t 74.62 47.96 1.97 7.6
YOLOv10n 75.35 48.26 2.69 8.2
YOLOv11n 75.52 48.61 2.58 6.3
YOLOv12n 75.82 48.94 2.56 6.3
MSLAU-Net 76.86 49.52 21.90 N/A

Mamba-YOLO-T 76.21 49.01 5.80 13.2
SCEMA 76.32 49.26 1.90 7.4

VisDrone2019, MSLAU-Net achieves 34.42% mAP@50,
Mamba-YOLO-T achieves 35.47%, and SCEMA achieves
34.86%. SCEMA is higher than MSLAU-Net (+0.44%)
but lower than Mamba-YOLO-T (-0.61%). These results
demonstrate that SCEMA is an effective object detection
module, further validating the proposed method.

YOLOV8N PConv ECA

CBAM YOLOV9T YOLOV10N

YOLOV11N YOLOV12N SCEMA

MSLAU-Net Mamba-YOLO SCEMA-
Heatmap

Figure 7: The visualization results of the Visdrone2019
dataset,The YOLOV8N, PConv, ECA, YOLOV9T,
YOLOV11N and MSLAU-Net models missed detecting
the bus or car on the left side of the image.



132 Informatica 50 (2026) 123–136 Z. Yang et al.

Table 4: On the VisDrone2019 dataset, Although SCEMA
is slightly higher than PConv in terms of parameters and
computation, mAP(50) has increased by 3.21%. Compared
with the latest YOLOV12, the mAP (50) has increased by
0.33%.

Models mAP@50 mAP@95 Parameters (M) GFLOPs
YOLOV8N 31.62 18.16 3.01 8.1
PConv 31.65 18.20 1.86 7.1
ECA 32.27 18.41 2.65 8.4
CBAM 32.62 18.63 3.07 8.2

YOLOV9T 34.46 20.03 1.97 7.6
YOLOV10N 34.18 19.89 2.69 8.2
YOLOV11N 34.42 20.12 2.58 6.3
YOLOV12N 34.53 20.24 2.56 6.3
MSLAU-Net 34.42 20.16 21.90 N/A

Mamba-YOLO-T 35.47 20.83 5.80 13.2
SCEMA 34.86 20.46 1.90 7.4

4.3 Complex image structure object
detection

To demonstrate the advantages of the proposed method
for complex image structure detection, we conducted ex-
periments on the open-source FYP dataset. The dataset
contains complex scenes such as vehicle occlusion, dense
traffic, and nighttime conditions, with target objects that
are often overlapping, occluded, or truncated. The exper-
imental results are shown in Figure 8 and Table 5. On
FYP, MSLAU-Net achieves 68.52% mAP@50, Mamba-
YOLO-T achieves 68.67%, and SCEMA achieves 69.39%.
SCEMA outperforms both MSLAU-Net (+0.87%) and
Mamba-YOLO-T (+0.72%). Compared with recent YOLO
series models, SCEMA improves mAP (50) by 0.93%,
0.84%, 0.67%, and 0.56%, while requiring fewer param-
eters and lower computational complexity. Compared
with the benchmark YOLOv8n and MCA models, EMA
and CBAM achieve higher accuracy, but SCEMA remains
competitive. SCEMA is slightly better than CBAM inmAP
(50) and 0.45% higher than EMA. In addition, the SCEMA
model has 1.90M parameters, only 0.03M more than the
MCA model. Although the FLOPs of the SCEMA are
7.4G, which is only 0.3G larger than the MCA model, the
SCEMA has achieved 69.39% mAP (50) and 53.89% mAP
(95) on all five categories, which is significantly higher than
YOLOV8N benchmark and other methods.

4.4 Ablation studies
In this section, ablation studies were conducted to evalu-

ate the relative contributions of the individual components
within the proposed SCEMA module. The results are sum-
marized in Table 6. Compared with the YOLOv8n base-
line, all modified variants achieved performance improve-
ments across the three datasets, yet none surpassed the com-
plete SCEMA configuration. Specifically, decomposing
SCConv into its two sub-units, SRU and CRU, revealed
that each contributes positively to detection accuracy, but

Table 5: On the FYP dataset,Performance compari-
son of different models based on mAP, parameters,
and GFLOPs.Compared with other latest YOLO series,
SCEMA has improved mAP (50) by 0.93%, 0.84%, 0.67%,
and 0.56% respectively, while having fewer parameters and
computational complexity.

Models mAP@50 mAP@95 Parameters (M) GFLOPs
YOLOV8N 67.89 51.53 3.01 8.1

EMA 68.94 53.04 3.02 8.2
MCA 68.41 53.36 1.87 7.1
CBAM 69.12 53.12 3.07 8.2

YOLOV9T 68.46 53.41 1.97 7.6
YOLOV10N 68.55 53.49 2.69 8.2
YOLOV11N 68.72 53.62 2.58 6.3
YOLOV12N 68.83 53.71 2.56 6.3
MSLAU-Net 68.52 53.45 21.90 N/A

Mamba-YOLO-T 68.67 53.57 5.80 13.2
SCEMA 69.39 53.89 1.90 7.4

their joint integration yields superior results. Removing
SRU led to performance drops of 1.05%, 2.79%, and 3.67%
on FYP, VisDrone2019, and ExDark, respectively, while
eliminating CRU resulted in decreases of 1.18%, 2.91%,
and 4.21%. Similarly, removing the cross-spatial learning
(CSL) module reduced detection performance by 0.97%,
2.7%, and 2.81% across the same datasets. These findings
demonstrate that SRU and CRU are complementary, and
their combination within SCConv is essential for maximiz-
ing detection accuracy.

5 Discussion

5.1 Comparison with related works
In this subsection, we explicitly compare SCEMA with

representative lightweight detectors and multi-attention
frameworks, including the YOLO family, CBAM, ECA,
EMA, MSLAU-Net, and Mamba-YOLO-T. While these
approaches have demonstrated improvements in feature
representation, they often introduce substantial parameter
overhead and computational complexity, limiting their ap-
plicability in resource-constrained environments. Our ex-
perimental results highlight that YOLO-SCEMA achieves
superior performance compared with the YOLOv8n base-
line, with mAP@50 improvements of 7.37% on ExDark,
3.24% on VisDrone2019, and 1.5% on FYP, while simulta-
neously reducing parameters by 36.9% and computational
load by 8.6%. These results indicate that SCEMA effec-
tively balances accuracy and efficiency, addressing the lim-
itations observed in prior methods. To further strengthen
the comparison with state-of-the-art lightweight detectors
beyond the YOLO family, we incorporated MSLAU-Net
and Mamba-YOLO-T into our evaluation. The results
demonstrate that, on the ExDark dataset, MSLAU-Net
achieves an mAP@50 that is 0.54% higher than SCEMA,
but requires 21.9M parameters compared to SCEMA’s
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Table 6: Results of ablation experiments on ExDark, VisDrone2019, and FYP datasets. Models A–E represent variant
models with different modules. The data on the right side of the table represents mAP (50) scores.

Models SRU CRU CSL CBAM FYP-mAP(50) VisDrone2019-mAP(50) ExDark-mAP(50)
YOLOv8n 67.89 31.62 68.95

A 3 3 3 68.21 31.95 72.11
B 3 3 3 68.34 32.07 72.65
C 3 3 3 68.42 32.16 73.51
D 3 3 3 68.83 32.43 74.62
E 3 3 3 3 69.39 34.86 76.32

1.9M. On the VisDrone2019 dataset, Mamba-YOLO-T
achieves an mAP@50 that is 0.61% higher than SCEMA,
but requires 5.8M parameters and 13.2 GFLOPs, compared
with SCEMA’s 7.4 GFLOPs. Thus, although these mod-
els achieve marginally higher accuracy, their substantially
larger parameter counts and computational demands high-
light SCEMA’s advantage in delivering competitive accu-
racy with markedly superior efficiency.
Ovrerall, SCEMA distinguishes itself from existing

multi-attention frameworks and lightweight detectors by
achieving a favorable trade-off between detection accuracy
and computational efficiency. Its parallel fusion strategy,
which simultaneously reduces redundancy and enhances
multi-scale feature integration, provides a novel and prac-
tical solution for the detection of complex objects in the
scene.

5.2 Design choices and trade-offs
To evaluate the rationale behind SCEMA’s design,

we conducted ablation experiments on ExDark, Vis-
Drone2019, and FYP datasets, as shown in Table 6. Models
A–E represent different combinations of SRU, CRU, CSL,
and CBAM, enabling analysis of the individual contribu-
tions of each module. The results demonstrate that each
component plays a distinct role in either efficiency opti-
mization or accuracy enhancement, while the final parallel
fusion strategy achieves the best overall balance. The Spa-
tial Reconstruction Unit (SRU) and Channel Reconstruc-
tion Unit (CRU) primarily contribute to efficiency.
For instance, Model C(SRU+CRU+CBAM) achieves

73.51% mAP@50 on ExDark, compared with 68.95%
for YOLOv8n, while maintaining relatively low com-
putational overhead. SRU reduces spatial redundancy
by separating and reconstructing features, whereas CRU
leverages grouped and pointwise convolutions to com-
press channels and improve representational capacity. To-
gether, they enable lightweight processing without sacrific-
ing accuracy. The Cross Spatial Learning (CSL) module
plays a critical role in accuracy improvement. Model D
(SRU+CRU+CSL) achieves 74.62% mAP@50 on ExDark
and 32.43% on VisDrone2019, outperforming Model C,
which lacks CSL. This indicates that CSL’s feature group-
ing and parallel substructures enhance multi-scale integra-
tion, particularly in complex image scenarios.The CBAM
module further strengthens feature selectivity. Model B

(CRU+CSL+CBAM) achieves 72.65% mAP@50 on Ex-
Dark and 32.07% on VisDrone2019, showing that CBAM
improves attention to key regions, especially for small-
object detection. Although CBAM introduces additional
parameters, its contribution to accuracy is evident.
Finally, the full SCEMA configuration (Model E) in-

tegrates all four modules and achieves the highest per-
formance across datasets: 76.32% mAP@50 on Ex-
Dark, 34.86% on VisDrone2019, and 69.39% on FYP.
These results confirm that the parallel multi-branch fu-
sion strategy—combining SRU/CRU’s redundancy reduc-
tion with CSL/CBAM’s accuracy gains provides dual op-
timization in efficiency and accuracy. Unlike traditional
single-path or sequential attention mechanisms, SCEMA’s
parallel design avoids information loss and improves multi-
scale representation, which explains its superior perfor-
mance in ablation studies and highlights its novelty in
lightweight object detection.

5.3 Significance of results, applications, and
future work

The experimental results demonstrate that SCEMA
achieves a favorable balance between accuracy and effi-
ciency, making it highly suitable for deployment in real-
world scenarios. On the ExDark, VisDrone2019, and FYP
datasets, SCEMA consistently outperforms the YOLOv8n
baseline, with mAP@50 improvements of 7.37%, 3.24%,
and 1.5%, respectively, while reducing parameters by
36.9% and computational cost by 8.6%. These gains are
particularly meaningful in practical applications: ExDark
highlights SCEMA’s robustness in low-light environments,
VisDrone2019 validates its effectiveness in dense UAV
scenes with small objects, and FYP demonstrates its adapt-
ability to complex image structures. The ability to maintain
lightweight design while achieving accuracy comparable to
or exceeding state-of-the-art models underscores SCEMA’s
potential for resource-constrained deployments such as em-
bedded systems, UAV monitoring, and edge computing.
Despite these promising results, the current study is fo-

cused on YOLO-based object detection tasks. Future work
will extend SCEMA to broader tasks, including object
tracking and image classification, to further validate its
generalization capability. Additionally, optimizing cross-
scale fusion strategies and exploring more efficient atten-
tion mechanisms will be pursued to enhance both accu-
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Figure 8: The visualization results of the FYP dataset. In
dense scenes, our proposed SCEMA can accurately identify
motorcycles obstructed by buses and cars.

racy and efficiency. These directions aim to strengthen
SCEMA’s applicability across diverse tasks and environ-
ments, ensuring its continued relevance in lightweight com-
puter vision research.

6 Conclusion
This article proposes a lightweight and efficient multi-

scale attention fusion module (SCEMA), which adopts a
multi-branch parallel processing strategy. The left branch
reduces the common spatial and channel redundancy in
standard convolution through a feature refinement mod-
ule. This reduction in redundancy not only lowers compu-
tational costs and model storage requirements, but also im-
proves model performance. The right branch cleverly com-
bines features of different scales through feature grouping
and cross spatial learning, thereby enhancing the model’s
ability to understand multi-scale image content and im-
proving performance in handling complex image struc-

tures. Extensive experiments conducted on three different
datasets using this module and variousmethods have shown
that YOLO-SCEMA exhibits excellent detection accuracy
while reducing parameters and computational load. In fu-
ture work, we will combine SCEMA with other models for
tasks such as object tracking and object classification.
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