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Abstract

To address electric bicycle detection in confined indoor environments affected by occlusion
and image degradation, this study proposes DCM-YOLO, a robustness-oriented detection
framework designed to improve detection accuracy under complex indoor visual condi-
tions. First, the Dual-branch Adaptive Fusion (DAF) module combines lightweight feature
generation with adaptive modulation to preserve local structures and channel diversity
when target appearances are incomplete. Second, the Spatial–Channel Synergistic Atten-
tion (SCSA) mechanism sequentially refines informative regions and semantic channels,
allowing the detector to suppress background interference more effectively. Third, the
Multi-Scale Group-Aware Head (MSGA-Head) introduces multi-branch receptive-field
modeling and grouped refinement to improve scale-sensitive classification and localization.
These components form a coordinated backbone–attention–head design, reducing detection
ambiguity caused by partial visibility and degraded image quality, including underex-
posure, overexposure, low contrast, and blur. Experimental results on a public dataset
collected from representative indoor environments indicate that DCM-YOLO achieves
87.6% Precision, 83.7% Recall, 86.2% mAP50, and 65.1% mAP50-95, exceeding the baseline
model by 2.5, 2.9, 2.8, and 1.7 percentage points, respectively. Additional evaluations on
public benchmark datasets further verify the effectiveness and robustness of DCM-YOLO.

Keywords: occluded detection; adaptive fusion; attention mechanism; detection head; YOLO

1. Introduction
In recent years, fire incidents caused by electric bicycles have occurred with increasing

frequency. This issue is particularly severe in high-rise residential communities, where elec-
tric bicycles are often brought into enclosed elevators, thereby posing serious safety hazards.
At present, most residential communities rely on manual real-time monitoring to prevent
such safety hazards. However, this approach requires substantial human resources, suffers
from low efficiency, and is prone to missed detections. As a result, accurate and reliable
detection of electric bicycles in confined indoor spaces has become an urgent requirement.
Deep learning-based object detection methods have emerged as a promising solution.
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Deep learning-based object detection algorithms can be broadly divided into two-stage
and single-stage methods. Two-stage approaches, such as the Region-based Convolutional
Neural Network proposed by Girshick et al. [1] and its extensions, Fast R-CNN [2] and
Faster R-CNN [3], rely on region proposals followed by classification and regression. These
methods achieve high detection accuracy but involve heavy computation and limited
inference speed. Single-stage methods, such as the Single-Shot MultiBox Detector [4] and
the You Only Look Once series [5–13], perform object localization and classification in an
end-to-end manner on feature maps. By predicting bounding boxes and class probabilities
in a single forward pass, YOLO-based detectors achieve favorable speed–accuracy trade-
offs. They are widely adopted in real-time industrial applications.

YOLOv8 further increases detection performance with anchor-free prediction, dy-
namic label assignment, and efficient feature fusion strategies, achieving competitive
accuracy while maintaining real-time inference capability [14]. Despite these advances,
object detection in challenging indoor surveillance scenarios remains difficult in practice.
Such environments are typically confined indoor spaces with fixed camera viewpoints and
limited spatial margins. During normal operation, image quality may degrade abruptly due
to environmental interactions such as opening and closing structures [15,16]. This results in
underexposure, overexposure, low contrast, or blur within a short time, introducing biased
feature activation and unstable visual responses [17].

In addition to image degradation, there are other challenges that occur frequently.
Targets are often partially obstructed by pedestrians, carried objects, or surrounding struc-
tures. Under such conditions, target features become fragmented and spatially incomplete,
which weakens semantic continuity and degrades detection robustness. Moreover, the con-
fined geometry of indoor spaces causes targets to appear at different spatial positions and
scales [18], further increasing the difficulty of stable feature extraction and localization.

Meanwhile, practical deployment in residential indoor environments still imposes
certain constraints on model complexity. Surveillance systems are often deployed on
resource-limited platforms, where excessively heavy models remain difficult to apply in
practice [19,20]. However, improving robustness does not solely depend on blindly increas-
ing network depth or introducing overly complex attention structures. In this work, we
adopt a more effective design strategy that moderately increases model complexity while
focusing on feature representation quality, thereby achieving improved detection perfor-
mance under occlusion and image degradation [21]. At the same time, lightweight designs
are also insufficient, as excessive parameter reduction may weaken feature representation
when target visibility is incomplete or image quality is degraded.

Importantly, the aforementioned challenges are not isolated but closely coupled in con-
fined indoor vision scenarios. Image degradation, occlusion, and model design constraints
interact across different stages of feature processing. Optimizing only one factor often leads
to unstable responses in other stages rather than genuine robustness improvement. For
example, strong attention mechanisms can become sensitive to noise under abrupt image
degradation, while overly simplified convolutions may weaken semantic continuity [22].
This coupling indicates that partial architectural modification is inadequate. Robust de-
tection requires a coordinated view of feature extraction, feature selection, and prediction
stability throughout the network.

The motivation of the proposed DCM-YOLO is to address feature instability in chal-
lenging indoor surveillance scenarios caused by image degradation and dense occlu-
sion [23]. In confined indoor spaces, sudden changes in environmental conditions are
more likely to disturb feature responses at early stages. At the same time, continuous
occlusion weakens semantic completeness and makes stable target representation more
difficult. To address these intertwined factors, DCM-YOLO is designed as a robust electric
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bicycle detection framework for confined indoor environments. The framework focuses
on improving feature extraction, feature selection, and prediction stability through coor-
dinated module design. These stages are jointly optimized to improve robustness under
image degradation and dense occlusion. As a result, DCM-YOLO improves detection
accuracy under challenging visual conditions and provides a more reliable solution for
indoor monitoring tasks:

1. We design a Dual-branch Adaptive Fusion (DAF) module to improve feature ex-
traction in early network stages. The module combines GhostConv and Channel
Shuffle to reduce channel redundancy while preserving spatial diversity. Through
dual-branch interaction, DAF enhances the representation of degraded and partially
occluded targets.

2. We introduce a Spatial–Channel Synergistic Attention (SCSA) mechanism to improve
feature selection robustness in complex scenes. The spatial branch emphasizes in-
formative regions affected by occlusion and image degradation, while the channel
branch recalibrates semantic responses. Through coordinated spatial and channel
refinement, irrelevant activations are suppressed and discriminative feature represen-
tation is improved.

3. We design a Multi-Scale Group-Aware Head (MSGA-Head) to improve prediction
stability under image degradation. The head combines multi-scale perception and
grouped feature refinement to enhance classification and localization reliability when
targets are affected by underexposure, overexposure, low contrast, and blur.

The paper is organized as follows. Section 2 reviews related works on detecting
electric bicycles in elevators, object detection under occlusion, attention mechanisms, and
detection head design under image degradation. In Section 3, the DCM-YOLO framework
and the design of all core modules are introduced. Section 4 shows the experimental results,
ablation studies, and performance tests on public datasets. Section 5 summarizes the main
content and discusses possible directions for future work.

2. Related Work
2.1. Object Detection in Confined Indoor Environments

Recent research on electric bicycle detection in confined indoor environments has
mainly focused on two directions: improving detection accuracy and reducing model com-
plexity. Elevator cabins are often used as a representative scenario in these studies because
the space is limited and the visual conditions are usually challenging. Zhang et al. [24]
proposed a lightweight electric bicycle detection method for confined indoor environments
based on YOLOv5s. By replacing the Backbone network with MobileNetV2, a 58.4% re-
duction in parameters and a 50.6% reduction in computational cost were achieved. By
introducing a Bidirectional Feature Pyramid Network (BiFPN) and Convolutional Block
Attention (CBAM) into the neck, multi-scale feature fusion was improved and important
regions were emphasized more effectively. Although this method reduced the computa-
tional burden of traditional YOLOv5 in confined indoor scenarios, optimization for severe
occlusion and degraded image quality was not sufficiently considered. As a result, the de-
tection performance remained limited when targets became partially invisible or visual
cues became weak.

Wan et al. [25] developed an electric bicycle detection algorithm for confined indoor
surveillance scenarios based on YOLOv8n-FS. By replacing the standard convolution
modules with FasterNet blocks, the computational cost was reduced by 37%, while the
inference speed changed by 7.6%. The introduction of the Squeeze-and-Excitation (SE)
attention mechanism helped suppress noise interference and improved robustness under
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complex lighting and small-object conditions. However, in safety-critical scenarios like
elevators, improving detection accuracy is more important as long as the basic operational
requirements are satisfied.

Lai et al. [26] proposed EEIE-YOLOv8 for electric bicycle detection in confined indoor
environments. To reduce the accuracy drop caused by target occlusion and overlap, Ef-
ficient Multiscale Attention (EMA) and Involution blocks were introduced to strengthen
edge information extraction. Experiments on a custom dataset collected from confined
indoor environments showed moderate improvements in average precision and precision.
However, the increase in model complexity restricted practical deployment on resource-
limited devices, and the prediction stability under degraded imaging conditions was still
not fully addressed.

Overall, existing methods for confined indoor detection usually emphasize either
accuracy or efficiency. Accuracy-oriented models often increase structural complexity,
whereas lightweight designs may lose discriminative cues when targets are partially visible
or image quality is degraded. These limitations motivate a detector that balances robustness
and moderate complexity in confined indoor scenes.

2.2. Occluded Object Detection

The aim of occluded object detection is to maintain reliable target perception when
objects are partially or heavily occluded by other instances or scene structures. Existing
approaches are generally grouped into three paradigms: occlusion-aware feature modeling,
context reasoning, and relational or interaction modeling. Occlusion-aware feature mod-
eling attempts to separate target features from occluding interference so that fragmented
feature representations can be handled more effectively. He et al. [27] proposed a grouped
orthogonal representation to reduce interference from occluding targets and foreground
responses in traffic scenes. Better discrimination under occlusion was achieved, but the
overall interaction among features became harder to model.

Localization-oriented approaches to occlusion adapt bounding box regression for
partial visibility. Guo et al. [28] presented an adaptive occlusion-aware localization strategy
with OL-IOU, in which bounding boxes were adjusted according to visible target regions.
Localization accuracy was improved in occluded cases, but additional geometric constraints
were introduced during optimization.

Occlusion robustness has also been investigated in tracking scenarios. Zheng et al. [29]
indicated that motion-guided and occlusion-aware hierarchical matching can maintain
stable target association during interruptions by preserving semantic consistency. This work
also highlights the importance of keeping target representation stable when appearance
cues are missing [30]. Additional support can be found in recent representation learning
studies. Jiang et al. [31] showed that cross-modal complementary learning with memory
prompting can produce stable target representations when appearance regions are absent.
Zhao et al. [32] proposed a mixed local channel attention mechanism that improves feature
discrimination under background interference while maintaining low computational cost.

Overall, these studies show that occlusion robustness depends strongly on the stability
of early feature extraction and the effectiveness of subsequent feature selection, rather than
only on explicit occlusion-aware modeling. Motivated by this observation, DCM-YOLO
improves the representation of partially visible targets through DAF and further enhances
discriminative responses through SCSA, so that semantic disruption caused by occlusion
can be reduced more effectively.
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2.3. Attention Mechanism

Attention mechanisms are used to improve feature selection by dynamically reweight-
ing spatial or channel responses [33]. In this way, detection networks can focus more
on informative target regions and reduce the influence of irrelevant background informa-
tion. In object detection, attention mechanisms are widely adopted to deal with cluttered
backgrounds, image degradation, and partial occlusion by reallocating representational
emphasis toward more discriminative features. Recent attention designs have increasingly
emphasized the balance between discriminative feature enhancement, stable information ag-
gregation, and structural complexity. Chen and Li [34] showed that expanding the effective
receptive field inside lightweight attention is beneficial for preserving detailed responses
while maintaining efficient dependency modeling. Yu et al. [35] further demonstrated that
multi-scale spatial modeling and long-range channel interaction can be jointly exploited to
produce more informative and structured attention responses. These studies indicate that
effective attention design can improve detection reliability in challenging environments.

Inspired by transformers, structured attention routing strategies have also been ex-
plored to stabilize feature responses under constrained computation. Zhu et al. [36] showed
that query-adaptive grouped routing can improve attention effectiveness by filtering ir-
relevant regions before fine-grained interaction. This suggests that the effectiveness of
attention depends not only on response intensity, but also on coordinated regulation across
different feature dimensions. However, many existing attention mechanisms are still ap-
plied in a relatively independent manner. Under sudden image degradation or strong
interference, unstable responses may still be introduced. Evidence from recent studies
therefore supports the view that more organized spatial–channel coordination is needed to
form stable and discriminative feature responses. Zhao et al. [37] showed that suppressing
unreliable spectral responses enables difference-aware models to perceive targets more
stably under strong interference. SiamSTU state-aware template updating was proposed to
handle attention drift under appearance variation, which further highlights the importance
of maintaining semantically stable responses [38].

These studies suggest that independent spatial or channel attention is often not suf-
ficient in challenging indoor detection scenarios. More organized coordination between
spatial emphasis and channel refinement is needed to form stable and discriminative
responses under occlusion and image degradation. Motivated by this, DCM-YOLO intro-
duces the SCSA mechanism to improve discriminative feature selection by jointly refining
informative regions and semantic channels.

2.4. Detection Head

Recent studies on object detection under degraded visual conditions have shown that
detection performance is influenced not only by feature extraction, but also by the stability
of the prediction stage. In low-resolution and low-quality image detection, Li et al. [39]
proposed a two-stage enhancement framework in which image-level and feature-level
enhancement were jointly considered to improve detection accuracy under different degra-
dation types. Xue et al. [40] further showed that practical architectural augmentation can
effectively improve low-quality object detection, indicating that detector robustness cannot
be ensured by Backbone design alone. These studies suggest that when image quality is
degraded, the final prediction results become highly sensitive to the way useful features
are organized and delivered to the detector output.

Recent journal studies have also indicated that stable prediction under degraded
imaging conditions often requires more task-oriented feature interaction. Xiong et al. [41]
improved unsupervised domain adaptive low-light object detection by fine-tuning feature
interaction, which shows that low-light degradation can disturb the consistency of detector
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responses if cross-level information is not properly adjusted. In adverse-weather detection,
Nguyen et al. [42] proposed a model-agnostic framework that improves robustness across
detectors under fog, rain, and snow conditions. Zhang et al. [43] further reduced the
spurious influence of weather-specific information through feature decorrelation, showing
that stable prediction depends not only on cleaner inputs, but also on more reliable use of
detection features during inference.

Although these methods improve robustness under degraded conditions, most of
them mainly focus on enhancement, adaptation, or feature decoupling. The prediction
head itself is still usually treated as a shared output component, and explicit redesign
for scale-sensitive and degradation-sensitive inference remains limited. However, under
underexposure, overexposure, low contrast, and blur, the response quality of different-
scale features often becomes inconsistent. If a unified prediction strategy is still adopted,
classification confidence and localization accuracy can easily become unstable. Motivated
by this observation, DCM-YOLO employs an MSGA-Head to improve prediction stability
through multi-scale perception and grouped feature refinement, so that more reliable
classification and localization can be achieved under degraded imaging conditions.

3. Proposed Method
To address electric bicycle detection in confined indoor environments under occlusion

and image degradation, this study proposes a robustness-oriented detection framework
termed DCM-YOLO. The overall architecture is illustrated in Figure 1. YOLOv8n is se-
lected as the baseline because it is a representative and mature lightweight detector. It
has been widely used in practical object detection projects and is friendly to embedded
edge deployment. Therefore, YOLOv8n provides a suitable and reproducible baseline for
evaluating the proposed method. Built upon YOLOv8n, the proposed method includes
three key components, namely a DAF-enhanced Backbone, an introduced SCSA attention
module, and a redesigned MSGA-Head. These components are jointly organized to im-
prove feature extraction, discriminative feature selection, and prediction stability under
complex visual conditions.
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Figure 1. DCM-YOLO network structure.
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Different from directly stacking existing lightweight convolutions, attention modules,
or multi-scale prediction structures, the proposed framework assigns each component
to a specific failure stage in confined indoor electric bicycle detection. DAF is used to
alleviate early-stage feature instability, SCSA is used to improve discriminative feature
selection, and MSGA-Head is used to enhance prediction stability under degraded multi-
scale feature responses.

Firstly, the Backbone is enhanced with DAF as the core feature extraction unit. By
combining GhostConv and Channel Shuffle, DAF reduces channel redundancy while
preserving spatial diversity and local structural information. Through repeated insertion
at different Backbone stages, more stable multi-scale representations can be generated for
degraded and partially occluded targets. This design provides a stronger feature foundation
for subsequent refinement and prediction.

Secondly, one SCSA module is introduced after the Backbone output for selective
refinement before features are sent to the neck. SCSA jointly models spatial and channel
dependencies, so informative target regions can be emphasized and semantically useful
channel responses can be strengthened. In this way, background interference can be
suppressed more effectively, and discriminative feature selection can be improved under
occlusion and image degradation.

Thirdly, the prediction stage is redesigned with MSGA-Head. As shown in Figure 1, the
neck preserves a multi-scale feature aggregation structure and outputs three feature maps,
which are then delivered to the MSGA-Head branches at resolutions of 80 × 80, 40 × 40,
and 20 × 20. Within MSGA-Head, multi-head convolution and scale-aware modulation
are used to improve scale-sensitive prediction, so that classification and localization can
remain more stable when targets are affected by underexposure, overexposure, low contrast,
and blur.

Through this progressive design, DCM-YOLO links backbone representation, attention
refinement, and detection-head prediction into a unified framework for robust indoor
object detection.

3.1. Dual-Branch Adaptive Fusion

The motivation for designing DAF is to improve feature extraction quality at early
network stages under occlusion and image degradation in challenging object detection
scenarios. Conventional convolution modules often produce insufficiently discriminative
feature responses when target structures are partially visible or visual quality is degraded,
which limits the representation of fine-grained local details and broader semantic cues. To
address this issue, a Dual-branch Adaptive Fusion module is designed as the basic feature
extraction unit in the Backbone. By combining GhostConv [44] with Channel Shuffle [45]
operations, DAF enhances feature diversity while preserving informative spatial structures.
Through dual-branch interaction, the module strengthens the extraction of fine-grained
local patterns and improves structural continuity in early-stage feature representation.
The novelty of DAF does not lie in the isolated use of GhostConv or Channel Shuffle, but
in the dual-branch adaptive fusion process that couples lightweight feature extraction
with adaptive modulation. Through this design, local structural preservation, channel
interaction, and adaptive response enhancement are jointly performed at early network
stages before degraded features are propagated to deeper layers.

The overall architecture of DAF is illustrated in Figure 2.
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Figure 2. DAF structure diagram.

As shown in Figure 2, the input feature map X ∈ Rh×w×c is fed into two parallel
branches, namely a feature extraction branch and an adaptive modulation branch. In the
first branch, feature generation is performed through Ghost convolution and Channel
Shuffle, so that local structural details and channel interaction can be better preserved [46].
Then, a mapping operation is applied to align the spatial resolution and channel width of
the branch output with the target stage dimensions of the current Backbone stage, and the
extracted feature Fl is generated [47].

In parallel, the adaptive modulation branch is designed to generate adaptive weighting
information. The input feature is first processed by Max Pooling to aggregate contextual
information, followed by a 1 × 1 convolution to reduce channel dimensions and reorganize
feature responses. The compressed feature is denoted as Xc. It is then rearranged by the
operator R(·) and normalized by a Softmax function to produce an adaptive weight map
W. In this way, more informative spatial–channel locations can be emphasized, while
unreliable or interference-sensitive responses can be suppressed [48,49]. The adaptive
weight generation process is defined in Equation (1).

W = softmax(R(Xc)) (1)

where Xc denotes the compressed feature after channel reduction, R(·) denotes the re-
arrangement operation, and W denotes the adaptive weight map. The adaptive feature
Fa is obtained through element-wise modulation between the extracted feature Fl and
the adaptive weight map W. This operation strengthens reliable feature responses while
preserving the structural information generated by the extraction branch. Then, the output
feature Y is obtained through the residual summation of Fl and Fa. The fusion process is
defined in Equation (2).

Y = Fl + Fa (2)

where Fl denotes the extracted feature from the feature extraction branch, Fa denotes the
adaptively modulated feature, and Y denotes the final output feature of DAF. Through this
dual-branch adaptive fusion mechanism, DAF improves early-stage feature representa-
tion for degraded and partially occluded targets. More stable local structures and more
informative spatial details can therefore be preserved before subsequent feature refinement
and prediction. As a result, DAF provides a stronger feature foundation for robust object
detection under occlusion and image degradation.

3.2. Spatial–Channel Synergistic Attention

The motivation for introducing the SCSA mechanism is that occlusion and image
degradation in challenging object detection scenarios destabilize attention responses and
reduce feature reliability. Under underexposure, overexposure, low contrast, and blur,
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spatial localization becomes less stable, and channel-wise semantic consistency is more
easily disturbed. Existing attention mechanisms, such as SE and CBAM model spatial
or channel dimensions independently, and they are often insufficient for complex scenes
where target visibility is incomplete and visual quality is degraded [50]. To address this
limitation, SCSA is introduced after the Backbone to jointly regulate spatial emphasis
and channel reliability. By coordinating spatial and channel attention, SCSA suppresses
background interference and strengthens informative target responses [51]. Discriminative
features are therefore refined more effectively under occlusion and image degradation, as
illustrated in Figure 3.

Unlike attention modules that enhance spatial or channel responses in an independent
or weakly coupled manner, SCSA adopts a sequential spatial–channel refinement strategy.
SMSA first stabilizes spatial emphasis through multi-receptive-field context, and PCSA
then recalibrates channel semantics, so the module is designed for discriminative feature
selection rather than general attention weighting.
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Figure 3. SCSA structure diagram.

This module is composed of two complementary branches:
(1) Multi-Semantic Spatial Attention (SMSA) improves spatial feature selection by

aggregating multi-receptive-field context. This design enables the model to maintain more
reliable spatial emphasis when target boundaries and local details are weakened by occlu-
sion or image degradation. Concretely, the input feature is split into four low-dimensional
branches. Each branch is processed by shared depthwise one-dimensional convolutions
with different kernel sizes. This operation captures both local edge information and broader
semantic context. The resulting features are then normalized and gated to generate spatial
attention maps.

(2) Progressive Channel Self-Attention (PCSA) improves channel discrimination
through progressive refinement of channel dependencies. This process is driven by globally
pooled channel descriptors. Irrelevant channels are suppressed during refinement, while
semantically useful responses are selectively emphasized. In this way, more discriminative
channel representations can be obtained for degraded and partially occluded targets.

As illustrated in Figure 3, SCSA refines features through a sequential spatial–channel
attention pipeline. The SMSA branch is applied first, followed by the PCSA branch.
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Given an input feature map X, SMSA is used to refine spatial responses before channel-
wise recalibration.

In the SMSA branch, directional average pooling is performed along the height and
width dimensions to extract complementary spatial context cues. The pooled features
are split into n = 4 low-dimensional channel groups to improve spatial sensitivity. Each
group is processed by shared multi-scale depthwise one-dimensional convolutions with
kernel sizes {3, 5, 7, 9}, enabling multi-receptive-field perception under occlusion and image
degradation. The outputs from different scales are concatenated and normalized using
Group Normalization. Sigmoid activation is then applied to generate spatial attention
maps along the height and width directions, denoted as AH and AW , respectively. The
spatially refined feature Xs is obtained by element-wise modulation of the input feature, as
defined in Equation (3), where ⊙ denotes element-wise multiplication.

Xs = X ⊙ AH ⊙ AW (3)

Based on the spatially refined feature Xs, the PCSA branch performs progressive
channel-wise refinement to enhance semantic discrimination. Global average pooling is
first applied to Xs to compress spatial information and generate channel descriptors. These
descriptors are then projected into query, key, and value embeddings, denoted as Q, K,
and V, respectively, using depthwise 1 × 1 convolutions. A channel-wise self-attention
mechanism is subsequently employed to capture inter-channel dependencies. Specifically,
the channel attention response AC is computed as shown in Equation (4), where σ(·)
denotes the Sigmoid activation function.

AC = σ
(

Softmax
(

QKT
)

V
)

(4)

The final output of the SCSA module is obtained by applying channel-wise modulation
to the spatially refined feature, as defined in Equation (5).

Y = Xs ⊙ AC (5)

Through the sequential integration of SMSA and PCSA, SCSA first improves spatial
emphasis under target degradation and partial occlusion, followed by selective recalibration
of channel-wise semantics. This coordinated refinement enhances discriminative feature
selection and suppresses background interference, thereby providing more reliable feature
representations for subsequent prediction.

3.3. Multi-Scale Group-Aware Head

The motivation for designing the MSGA-Head is that, under image degradation,
reliable detection depends not only on whether discriminative features are preserved,
but also on whether prediction responses remain stable across different scales. Under
underexposure, overexposure, low contrast, and blur conditions, target boundaries become
ambiguous, local textures are weakened, and semantic responses tend to be scattered [52].
Even when the preceding feature extraction and feature selection stages have retained useful
information, the detection head still has to perform stable classification and localization
under multi-scale feature distributions that are easily disturbed by image degradation. If
features at different scales are still processed with an overly uniform prediction strategy,
the detector may suffer from confidence fluctuation, unstable classification, and localization
deviation [53]. To address this issue, an MSGA-Head is designed at the prediction stage
to improve prediction stability for degraded and partially visible targets through scale-
sensitive multi-branch perception and grouped subspace refinement. The novelty of MSGA-
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Head lies in moving degradation-aware refinement to the prediction stage. Instead of using
a uniform head for all feature scales, MSGA-Head combines scale-sensitive receptive-field
perception with grouped subspace refinement, allowing classification and localization to
remain more stable when feature quality differs across scales.

The overall structure of the MSGA-Head is illustrated in Figure 4.
Conventional YOLO detection heads usually employ a shared prediction structure for

features of different scales. Although such a design is effective in common scenarios, it is
less suitable for degraded imaging conditions, where the representation quality of features
at different scales often differs significantly [54]. Small-scale features rely more on local
edge and detailed information, whereas large-scale features are more responsible for global
semantic representation. A unified prediction strategy cannot sufficiently accommodate
these differences, which reduces prediction stability in degraded scenes. Therefore, the pro-
posed MSGA-Head is designed to incorporate multi-scale convolutional perception and
group-wise feature refinement to improve classification and localization reliability under
image degradation.

Conv

Conv
Multi-Head

Conv

Scale-Aware

Module

3×3

DW Conv

7×7

DW Conv

k×k

DW Conv

5×5

DW Conv

...

1×1 

Group 
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Group 1

...
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Group M
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1×1Conv1×1Conv

......
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·
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Box

Loss
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Loss 1×1 

Group 

Conv

1×1 

Group 

Conv
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Group 

Conv

Figure 4. Architecture of the proposed Multi-Scale Group-Aware Head.

As shown in Figure 4, the MSGA-Head first applies multi-head depthwise separable
convolution to the input feature map. Different branches adopt convolution kernels of
different sizes, so that feature responses with diverse receptive fields can be generated in
parallel. In this way, contextual information at multiple spatial scales can be modeled simul-
taneously, which improves the perception of target contours, edges, and local structures
under degraded imaging conditions. This design is particularly beneficial when visual cues
become weak or ambiguous due to adverse illumination and blur effects.

Let the input feature from the neck be denoted as F ∈ RH×W×C, where H and W are
the spatial dimensions of the feature map, and C is the number of channels. After multi-
head depthwise separable convolution, the output feature of the h-th branch is defined as
shown in Equation (6):

F(h) = Dkh
(F), h = 1, 2, . . . , N (6)
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where Dkh
(·) denotes the depthwise separable convolution operation with kernel size

kh × kh, and N is the number of parallel branches. Based on the multi-scale responses
produced by different branches, the feature channels are further partitioned into M groups
along the channel dimension. Each group is independently transformed by a 1 × 1 convo-
lution to refine semantic distributions within each feature subspace. Unlike a conventional
full-channel 1 × 1 convolution, this grouped transformation focuses on local semantic ad-
justment within each group, which helps reduce interference among heterogeneous feature
channels. Such a design enables different subspaces to concentrate on target representations
at different scales or semantic levels. The group-wise mapping process is expressed as
shown in Equation (7):

Gm = C1×1

(
F(h)

m

)
, m = 1, 2, . . . , M (7)

where F(h)
m denotes the m-th grouped feature, and C1×1(·) represents the 1 × 1 convolution

operation. Finally, all grouped features are concatenated along the channel dimension and
fused through a final 1 × 1 convolution to generate the output feature for target prediction,
as shown in Equation (8):

Fout = C1×1(Concat(G1, G2, . . . , GM)) (8)

Through this design, the MSGA-Head explicitly models both scale-level variation and
subspace-level semantic differences during prediction. The multi-head depthwise separable
convolution branches provide diverse receptive-field perception for degraded targets, while
the grouped channel transformation refines feature responses in a more discriminative
manner. Their combination improves the stability of classification and localization under
underexposure, overexposure, low contrast, and blur conditions. As a result, the proposed
MSGA-Head enhances prediction robustness in challenging monitoring environments and
provides more reliable support for degraded-target detection.

3.4. Optimization-Related Discussion

Although the proposed modules are mainly designed from an architectural perspec-
tive, their effectiveness can also be interpreted from the viewpoints of feature modulation,
gradient propagation, and response regularization. Let X denote the input feature and F (·)
denote a general nonlinear transformation. In degraded or occluded scenes, unreliable
responses may be introduced by weak illumination, blur, or incomplete target appearance.
The proposed modules aim to reduce such unreliable responses by adaptively modulating
feature activations and preserving informative target-related cues.

For DAF, the residual adaptive fusion process defined in Equation (2) provides an
identity-preserving transformation. The residual path allows the extracted feature Fl to
be directly propagated to the output, which helps maintain stable feature transmission
and alleviates optimization difficulty. Meanwhile, the adaptive branch generates a weight
map to emphasize reliable spatial–channel responses and suppress interference-prone
activations. Therefore, DAF not only enriches feature representation but also provides a
more stable optimization path for early backbone learning. The residual path allows the
extracted feature Fl to be directly propagated to the output, which helps maintain stable
feature transmission and alleviates optimization difficulty. Meanwhile, the adaptive branch
generates a weight map to emphasize reliable spatial–channel responses and suppress
interference-prone activations. Therefore, DAF not only enriches feature representation
but also provides a more stable optimization path for early backbone learning.
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For SCSA, by combining Equations (3) and (5), the sequential spatial–channel refine-
ment can be interpreted as a two-stage gating process:

Y = X ⊙ AH ⊙ AW ⊙ AC.

The spatial gates AH and AW first regulate the response distribution over spatial
locations, while the channel gate AC further recalibrates semantic responses. This sequential
modulation reduces the influence of irrelevant background regions and unreliable channels.
From an optimization perspective, such gated refinement constrains the feature response
space and encourages the network to focus on target-related activations, which is beneficial
for learning more discriminative representations under occlusion and image degradation.

For MSGA-Head, the multi-branch and grouped prediction design reduces the in-
terference caused by heterogeneous feature responses across different scales and channel
subspaces. Different receptive-field branches capture complementary local and contextual
information, while grouped refinement allows each channel subspace to be adjusted more
independently. Compared with a uniform prediction head, this design provides a more
flexible prediction function for scale-dependent feature distributions. As a result, the clas-
sification and localization branches can obtain more stable inputs, improving prediction
reliability under underexposure, overexposure, low contrast, and blur.

Overall, DAF improves the stability of early feature transmission, SCSA regularizes
spatial–channel responses through sequential gating, and MSGA-Head reduces cross-scale
and cross-channel interference during prediction. These optimization-related properties
provide a theoretical explanation for the improved robustness of DCM-YOLO beyond the
computational flow of the proposed modules.

4. Experiments and Results
4.1. Experimental Setup
4.1.1. Experimental Environment and Parameters

All experiments were performed on an Ubuntu 20.04 system with Python 3.8, PyTorch
2.0.0, and CUDA 11.8. The hardware configuration consisted of an NVIDIA RTX 3090
GPU (24GB VRAM) and a 14-core Intel Xeon Platinum 8362 CPU @ 2.80 GHz. Training
hyperparameters included a batch size of 32, momentum of 0.937, weight decay of 0.0005,
initial learning rate of 0.01, and the SGD optimizer. To ensure fair comparison, all compared
models were trained and evaluated under the same experimental protocol. Specifically,
the same dataset split, input resolution of 640 × 640, data augmentation strategy, batch
size of 32, SGD optimizer, initial learning rate of 0.01, momentum of 0.937, weight decay
of 0.0005, and default YOLOv8 training configuration were used. The model underwent
training for 200 epochs to ensure convergence. To evaluate the stability of the experimental
results, the main models were trained and evaluated three times using different random
seeds, and the results are reported as mean ± standard deviation where applicable.

4.1.2. Dataset

We selected a publicly available dataset collected from representative confined in-
door environments [55], which consists of 5461 high-resolution images captured under
real-world indoor surveillance conditions. This dataset is designed to reflect the challenges
commonly encountered in confined indoor vision scenarios. These challenges include
frequent occlusions caused by human activity, tight spatial constraints, and pronounced
illumination variation within limited indoor spaces. Such factors pose significant diffi-
culties for conventional object detection models. Each image is annotated with bounding
boxes for three categories: electric bicycle, bicycle, and person. This annotation strategy
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helps mitigate common misclassification issues, particularly between bicycles and electric
bicycles. The dataset is systematically divided into training, validation, and test sets with
proportions of 70%, 20%, and 10%, respectively. The training subset contains 4780 per-
son instances, 4302 electric bicycle instances, and 3823 bicycle instances. The validation
subset contains 1365 person instances, 1229 electric bicycle instances, and 1092 bicycle
instances. The test subset contains 683 person instances, 614 electric bicycle instances, and
547 bicycle instances.

4.1.3. Evaluation Metrics

Model performance was assessed using standard detection metrics, including Precision
(P), Recall (R), Average Precision (AP), and Mean Average Precision (mAP). Computa-
tional efficiency was measured via FLOPs and model size (Params). The mathematical
formulations for these metrics are provided in Equations (9)–(12).

P =
TP

TP + FP
× 100% (9)

R =
TP

TP + FN
× 100% (10)

AP =
∫ 1

0
P(R) dR × 100% (11)

mAP =
∑k

i=1 APi

k
(12)

Definitions of Evaluation Metrics: True Positive (TP) denotes the number of samples
correctly predicted as positive instances; False Positive (FP) represents the number of
samples incorrectly predicted as positive instances; False Negative (FN) indicates the
number of samples incorrectly predicted as negative instances; and True Negative (TN)
corresponds to the number of samples correctly predicted as negative instances. Average
Precision (AP) is used to evaluate the detection performance for a single object class by
summarizing the shape of the precision–recall (P-R) curve. It is computed by integrating
the precision values over all recall levels from 0 to 1, where precision is treated as a function
of recall. In this context, precision reflects the proportion of correctly predicted positive
samples among all predicted positives at each recall level. The resulting AP value, typically
expressed as a percentage, captures the ability of the model to maintain high precision
across varying degrees of recall. mAP extends this concept to multi-class object detection
by averaging the AP values across all object classes. Specifically, mAP is obtained by taking
the mean of the AP scores for each individual class. Here, k denotes the total number of
classes, and APi represents the Average Precision for the i-th class. As such, mAP provides
a single, comprehensive metric that reflects the overall model detection accuracy across
all categories.

4.2. Ablation Study
4.2.1. Component-Wise Ablation Results

To evaluate the contribution of each component, ablation experiments were conducted
under identical settings, and the results are summarized in Table 1. The baseline YOLOv8n
achieves 85.1% Precision, 80.8% Recall, 83.4% mAP50, and 63.4% mAP50-95 with 3.0 M
parameters and 8.1 GFLOPs.

Adding DAF improves Precision, Recall, mAP50, and mAP50-95 from 85.1%, 80.8%,
83.4%, and 63.4% to 85.5%, 81.1%, 83.8%, and 63.7%, respectively, with only a small increase
in parameters and FLOPs. This improvement suggests that the DAF-enhanced backbone
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retains more useful target-related features when local structures are weakened by occlusion
or image degradation.

The single-module results also show that SCSA and MSGA-Head contribute from
different stages of the network. With only SCSA, the model achieves 85.7% Precision,
81.4% Recall, 84.2% mAP50, and 63.9% mAP50-95, showing the benefit of spatial–channel
refinement for feature selection. With only MSGA-Head, the model obtains 85.9% Preci-
sion, 81.6% Recall, 84.2% mAP50, and 64.0% mAP50-95, indicating that prediction-stage
refinement improves classification and localization stability.

Table 1. Results of the ablation experiment.

DAF SCSA MSGA-Head P% R% mAP50/% mAP50-95/% Params/106 FLOPs/G

– – – 85.1 80.8 83.4 63.4 3.0 8.1√
– – 85.5 81.1 83.8 63.7 3.2 8.2

–
√

– 85.7 81.4 84.2 63.9 3.1 8.3
– –

√
85.9 81.6 84.2 64.0 3.2 8.4√ √

– 86.3 82.0 84.5 64.1 3.3 8.2√
–

√
86.8 82.6 85.1 64.5 3.4 8.5

–
√ √

87.1 83.0 85.7 64.8 3.5 8.6√ √ √
87.6 83.7 86.2 65.1 3.7 8.8

The two-module combinations further support the complementarity of the proposed
components. When DAF and SCSA are used together, Precision and Recall increase to 86.3%
and 82.0%, while mAP50 and mAP50-95 reach 84.5% and 64.1%. This result suggests that
SCSA can further refine the spatial and channel responses after the backbone representation
is strengthened by DAF. When MSGA-Head is introduced on top of DAF, the model
achieves 86.8% Precision, 82.6% Recall, 85.1% mAP50, and 64.5% mAP50-95, with 3.4 M
parameters and 8.5 GFLOPs. This indicates that multi-scale perception and grouped feature
refinement help stabilize prediction for degraded and partially visible targets. When SCSA
and MSGA-Head are jointly adopted, the model reaches 87.1% Precision, 83.0% Recall,
85.7% mAP50, and 64.8% mAP50-95, confirming that feature selection and prediction
refinement work better when used together.

The complete model achieves the best overall performance, with 87.6% Precision,
83.7% Recall, 86.2% mAP50, and 65.1% mAP50-95. Compared with YOLOv8n, DCM-YOLO
improves Precision, Recall, mAP50, and mAP50-95 by 2.5, 2.9, 2.8, and 1.7 percentage points,
respectively. This improvement is accompanied by a moderate increase in parameters
from 3.0 M to 3.7 M and FLOPs from 8.1 G to 8.8 G. Therefore, the proposed model
does not simply aim to minimize computational cost but seeks a better trade-off between
model complexity and detection reliability. For the considered safety-monitoring task,
the improvement in Recall is particularly important because missed detections may lead to
a higher practical risk.

In the repeated runs, the standard deviations of the main metrics are small.
For YOLOv8n, the Precision, Recall, mAP50, and mAP50-95 values are 85.1 ± 0.2%,
80.8 ± 0.2%, 83.4 ± 0.2%, and 63.4 ± 0.1%, respectively. For DCM-YOLO, the corresponding
values are 87.6 ± 0.2%, 83.7 ± 0.2%, 86.2 ± 0.2%, and 65.1 ± 0.1%, respectively. These
results show that the performance gain remains consistent under different random seeds.

4.2.2. Branch-Level Ablation of SCSA

To analyze the structural necessity of SCSA and clarify the contribution of each atten-
tion branch, a branch-level ablation study is conducted by separately evaluating SMSA
and PCSA. All experiments are performed under identical training settings with the same
Backbone, neck, and detection head. The results are summarized in Table 2.
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Table 2. Ablation Study of SCSA.

Model P% R% mAP50/% mAP50-95/% Params/106 FLOPs/G

YOLOv8n 85.1 80.8 83.4 63.4 3.0 8.1
Only SMSA 85.3 81.0 83.6 63.5 3.0 8.2
Only PCSA 85.4 81.1 83.7 63.6 3.0 8.2
YOLOv8n+SCSA 85.7 81.4 84.2 63.9 3.1 8.2

When only the spatial attention branch is retained, denoted as Only-SMSA, the model
achieves 85.3% Precision, 81.0% Recall, 83.6% mAP50, and 63.5% mAP50-95. The number
of parameters remains unchanged at 3.0 M, while the computational cost slightly increases
to 8.2 GFLOPs. This result indicates that SMSA can enhance spatial response stability and
improve localization reliability under occlusion and image degradation. The increases
in Precision and Recall also suggest that spatial refinement contributes to reducing false
detections and missed detections to some extent. However, since it does not explicitly
model channel-wise semantic dependency, its ability to suppress semantically irrelevant
responses remains limited. When only the channel attention branch is adopted, denoted
as Only-PCSA, the model reaches 85.4% Precision, 81.1% Recall, 83.7% mAP50, and 63.6%
mAP50-95, with 3.0 M parameters and 8.2 GFLOPs. Compared with Only-SMSA, Only-
PCSA achieves slightly better performance in all four accuracy-related metrics, suggesting
that channel-wise feature reweighting is effective in highlighting informative semantic
responses and reducing background interference. The slightly higher Precision and Recall
further indicate that PCSA improves both false-detection suppression and missed-detection
reduction. Nevertheless, without explicit spatial refinement, its ability to stabilize target
localization is still constrained.

A further improvement is achieved when both branches are jointly integrated in the
full SCSA module. In this case, the model attains 85.7% Precision, 81.4% Recall, 84.2%
mAP50, and 63.9% mAP50-95, with 3.1 M parameters and 8.2 GFLOPs. Compared with
the baseline YOLOv8n, the complete SCSA module improves Precision and Recall by 0.6
percentage points, while mAP50 and mAP50-95 increase by 0.8 and 0.5 percentage points,
respectively. Compared with Only-SMSA and Only-PCSA, the complete SCSA module also
achieves higher Precision, Recall, mAP50, and mAP50-95. These results demonstrate that
spatial refinement and channel reweighting play complementary roles in discriminative
feature selection. Their coordinated integration enables more effective feature refinement
and more reliable target detection under occlusion and image degradation.

4.3. Comparative Experiments
4.3.1. Comparison with Different Attention Mechanisms

To evaluate the effectiveness of the proposed attention mechanism, comparative
experiments were conducted with six representative attention modules, including Squeeze-
and-Excitation (SE) [56], Global Group Attention (GGA) [57], Large Separable Kernel
Attention (LSKA) [58], Multi-Scale Dilated Attention (MSDA) [59], Deformable Attention
Transformer (DAT) [60], and Mixed Local Channel Attention (MLCA) [61,62]. All methods
were evaluated under identical settings, and the results are summarized in Table 3.

As shown in Table 3, the proposed SCSA module obtains the best overall results
among the compared attention mechanisms, with 85.7% Precision, 81.4% Recall, 84.2%
mAP50, and 63.9% mAP50-95. Compared with YOLOv8n, the gains are 0.6, 0.6, 0.8, and 0.5
percentage points in Precision, Recall, mAP50, and mAP50-95, respectively. Although the
numerical improvement is moderate, the consistent increase across all four metrics shows
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that spatial–channel coordination is beneficial for feature refinement under occlusion and
image degradation.

Table 3. Comparison of different attention mechanisms.

Model P% R% mAP50/% mAP50-95/% Params/106 FLOPs/G

YOLOv8n 85.1 80.8 83.4 63.4 3.0 8.1
+SE 84.9 80.5 83.2 63.1 3.1 8.2
+GGA 85.2 80.9 83.5 63.4 3.1 8.2
+LSKA 85.3 81.0 83.6 63.5 3.2 8.3
+MSDA 85.6 81.3 84.1 63.7 3.6 8.9
+DAT 85.4 81.1 83.8 63.5 3.3 8.4
+MLCA 85.5 81.2 83.9 63.6 3.2 8.5
+Ours 85.7 81.4 84.2 63.9 3.1 8.2

SE performs slightly worse than the baseline, with 84.9% Precision and 80.5% Recall.
This result suggests that channel recalibration alone may be insufficient when target regions
are partially occluded or degraded by poor illumination. In such cases, spatially informative
regions need to be localized before channel-wise semantic responses are recalibrated.
Compared with GGA, LSKA, DAT, and MLCA, SCSA also achieves higher Precision and
Recall with a relatively small model size. This indicates that isolated response enhancement
or increased attention complexity does not necessarily lead to more stable detection in
confined indoor scenes.

MSDA provides the closest performance to SCSA, reaching 85.6% Precision, 81.3%
Recall, 84.1% mAP50, and 63.7% mAP50-95. However, MSDA requires 3.6 M parameters
and 8.9 GFLOPs, whereas SCSA reaches slightly higher accuracy with 3.1 M parameters
and 8.2 GFLOPs. This comparison shows that the advantage of SCSA comes from its
sequential spatial–channel refinement rather than from heavier attention computation.
By first refining spatial emphasis and then recalibrating channel responses, SCSA provides
a more suitable attention design for degraded and partially occluded indoor detection.

4.3.2. Comparative Experiment on Backbone Structure

To evaluate the effectiveness of the designed Backbone structure, the proposed
Backbone was compared with several representative Backbone networks, including Mo-
bileNetV3 [63], SENetV2 [64], ShuffleNetV2 [45], PP-HGNetV2 [65], and GhostNetV2 [66].
All Backbones were integrated into the same YOLOv8 detector framework to ensure a fair
comparison [67]. The quantitative results are summarized in Table 4.

Table 4. Comparison results of different backbone networks.

Model P% R% mAP50/% mAP50-95/% Params/106 FLOPs/G

YOLOv8n 85.1 80.8 83.4 63.4 3.0 8.1
MobileNetV3 84.4 79.8 82.6 62.8 5.6 9.5
SENetV2 84.8 80.4 83.1 63.2 3.0 8.2
ShuffleNetV2 85.4 81.2 83.7 63.6 3.2 8.3
PP-HGNetV2 85.8 81.6 84.1 63.8 4.5 8.7
GhostNetV2 85.0 80.6 83.3 63.2 6.3 8.7
Ours 86.3 82.0 84.5 64.1 3.3 8.2

As shown in Table 4, the proposed Backbone obtains the best performance among
the compared backbone structures, reaching 86.3% Precision, 82.0% Recall, 84.5% mAP50,
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and 64.1% mAP50-95. Compared with YOLOv8n, it improves Precision, Recall, mAP50,
and mAP50-95 by 1.2, 1.2, 1.1, and 0.7 percentage points, respectively, while increasing the
parameters and FLOPs only slightly. This result indicates that the DAF-based backbone
improves feature representation without introducing excessive computational overhead.

MobileNetV3 and GhostNetV2 show lower accuracy than the proposed Backbone.
MobileNetV3 obtains 84.4% Precision and 79.8% Recall, while GhostNetV2 obtains 85.0%
Precision and 80.6% Recall. Although these lightweight structures reduce redundancy, their
compressed representations may weaken fine-grained local structures when targets are
partially visible or image quality is degraded. By contrast, DAF preserves spatial diversity
and local structural cues in the early backbone stages, which provides a more stable feature
basis for subsequent refinement.

SENetV2 and ShuffleNetV2 also improve efficiency through channel recalibration or
channel shuffling, but their performance remains lower than that of the proposed Backbone.
This suggests that channel-level adjustment alone is insufficient when spatial ambiguity
and semantic inconsistency occur simultaneously. PP-HGNetV2 achieves relatively strong
results, with 85.8% Precision, 81.6% Recall, 84.1% mAP50, and 63.8% mAP50-95. However,
it uses 4.5 M parameters and 8.7 GFLOPs, whereas the proposed Backbone achieves higher
accuracy with 3.3 M parameters and 8.2 GFLOPs. These comparisons show that the DAF-
based design provides a better accuracy–complexity trade-off for degraded and partially
occluded indoor scenes.

4.3.3. Comparison with Different Detection Algorithms

As shown in Table 5, DCM-YOLO achieves the best accuracy among all compared
detectors, with 87.6% Precision, 83.7% Recall, 86.2% mAP50, and 65.1% mAP50-95. The FPS
values in Table 5 were measured on the RK3588 embedded development board under
the same input resolution. Compared with YOLOv8n, DCM-YOLO improves Precision,
Recall, mAP50, and mAP50-95 by 2.5, 2.9, 2.8, and 1.7 percentage points, respectively. This
result shows that the coordinated use of DAF, SCSA, and MSGA-Head improves feature
extraction, feature selection, and prediction stability beyond the original baseline.

Table 5. Comparison results of different detection algorithms.

Model P% R% mAP50/% mAP50-95/% Params/106 FLOPs/G FPS

Faster R-CNN 67.4 58.9 61.2 42.7 41.37 158 22.8
YOLOv5n 79.8 74.6 78.7 59.8 2.5 7.2 52.4
YOLOv6 80.2 75.3 79.2 60.9 4.2 11.9 39.7
YOLOv7-tiny 80.7 75.6 79.4 61.4 6.3 13.2 36.8
YOLOv8n 85.1 80.8 83.4 63.4 3.0 8.1 47.5
YOLOv8-FS [25] 85.6 81.6 84.3 63.9 2.8 7.6 50.2
EEIE-YOLOv8 [26] 86.2 82.4 85.0 64.5 3.4 9.2 44.9
YOLOv8s 85.0 80.5 83.5 63.1 11.38 28.8 24.6
YOLOv9s 85.8 81.5 84.0 63.8 7.2 12.3 38.9
YOLOv10n 85.5 81.0 83.8 63.3 2.69 8.2 48.3
YOLOv11n 86.0 82.2 84.5 64.1 2.58 6.3 57.6
YOLOv12n 86.1 82.3 84.8 64.2 2.57 6.5 53.8
YOLOv13n 86.4 82.8 85.3 64.7 2.4 6.3 55.1
RT-DETR 76.3 70.1 72.6 56.3 42.79 134.5 28.3
Ours 87.6 83.7 86.2 65.1 3.7 8.8 46.2

Among recent YOLO-series detectors, YOLOv11n, YOLOv12n, and YOLOv13n ob-
tain higher FPS or lower computational cost than DCM-YOLO. However, their Precision,
Recall, mAP50, and mAP50-95 are still lower than those of DCM-YOLO. For example,
YOLOv13n achieves 86.4% Precision, 82.8% Recall, 85.3% mAP50, and 64.7% mAP50-95,
while DCM-YOLO improves these values to 87.6%, 83.7%, 86.2%, and 65.1%, respectively.
This comparison suggests that, for confined indoor electric bicycle detection, reducing
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model size alone does not fully address the accuracy loss caused by occlusion and im-
age degradation.

Compared with heavier generic detectors, DCM-YOLO also shows a more practical
complexity-performance relationship. Faster R-CNN and RT-DETR require much larger
computational costs, with 158 G and 134.5 G FLOPs, respectively, but their detection
accuracy is clearly lower than that of DCM-YOLO. YOLOv8s also has a larger parameter
count and higher FLOPs than YOLOv8n, but its accuracy gain is limited in this task. These
results indicate that directly increasing model scale or using a more complex generic
detector is not an efficient solution for the target scenario.

Compared with YOLOv8-FS and EEIE-YOLOv8, which are both designed for confined
indoor electric bicycle detection, DCM-YOLO achieves higher Precision, Recall, mAP50,
and mAP50-95 while maintaining a moderate computational cost. Specifically, compared
with YOLOv8-FS, DCM-YOLO improves Precision, Recall, mAP50, and mAP50-95 by 2.0,
2.1, 1.9, and 1.2 percentage points, respectively. Compared with EEIE-YOLOv8, the cor-
responding improvements are 1.4, 1.3, 1.2, and 0.6 percentage points. Although DCM-
YOLO has slightly more parameters than these two task-specific methods, it reduces the
FLOPs compared with EEIE-YOLOv8 and maintains competitive FPS. These comparisons
show that the proposed model improves detection reliability without relying on excessive
model expansion.

4.4. Qualitative Analysis and Visualization
4.4.1. Visualization of Detection Results

In Figures 5–8, the upper row shows the detection results of YOLOv8n, while the lower
row shows the results of DCM-YOLO. The degraded images were manually generated from
the original test images to provide a controllable robustness comparison. In Figures 5–7,
each row contains one original image followed by four progressively degraded images.
Specifically, the brightness is reduced by 20%, 40%, 60%, and 80% for underexposure,
increased by 20%, 40%, 60%, and 80% for overexposure, and the contrast is reduced by
20%, 40%, 60%, and 80% for low-contrast degradation. In Figure 8, each row contains one
original image followed by three blurred images, with blur strengths of 25%, 50%, and 75%.

The visual results show that YOLOv8n becomes less stable as the degradation level
increases. In underexposure and low-contrast cases, it produces false detections when
target boundaries and texture cues become weak. Under overexposure and blur, missed
detections occur when brightness saturation or detail loss makes the electric bicycle less
distinguishable from the background. In contrast, DCM-YOLO maintains more stable
localization and classification results across the four degradation types. This improvement
is mainly related to the coordinated design of the three proposed modules: DAF preserves
more useful early-stage features, SCSA suppresses interference from degraded regions,
and MSGA-Head improves prediction stability when local details are weakened. Therefore,
the visual comparison provides additional evidence that DCM-YOLO is more robust than
YOLOv8n under representative image degradation conditions.

4.4.2. Visualization Comparison of Detection Responses

To further analyze detection differences, heatmap visualizations and response dis-
tribution statistics were employed under the same challenging conditions. A qualitative
comparison was conducted between YOLOv8n and DCM-YOLO under identical input
settings, as shown in Figure 9. Row (a) presents the original input images. Row (b) shows
the detection responses produced by YOLOv8n, and row (c) presents the responses of DCM-
YOLO under the same conditions. From left to right, the four columns correspond to partial
occlusion, incomplete surveillance view, occlusion, and severe occlusion, respectively.
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Figure 5. Underexposure detection results: (a) YOLOv8n; (b) DCM-YOLO.
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Figure 6. Overexposure detection results: (a) YOLOv8n; (b) DCM-YOLO.
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Figure 7. Low-contrast detection results: (a) YOLOv8n; (b) DCM-YOLO.

As shown in row (b), YOLOv8n produces relatively diffuse and fragmented heatmap
responses in all four cases. In the first and third columns, where the targets are partially
occluded, the activations are distributed across both visible target regions and surround-
ing interference, which weakens localization focus. In the second column, where the
surveillance image is incomplete, the response is less concentrated on the valid target
area, indicating insufficient robustness to incomplete visual information. In the fourth
column, under severe occlusion, the response becomes more scattered and less continuous,
suggesting that the baseline model is more easily disturbed when visible target cues are
heavily reduced.
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Figure 8. Blur detection results: (a) YOLOv8n; (b) DCM-YOLO.
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Figure 9. Heatmap Comparison. (a) Original; (b) YOLOv8n; (c) DCM-YOLO.

By contrast, row (c) shows that DCM-YOLO produces more concentrated and continu-
ous responses on the visible target regions. In the partial occlusion and general occlusion
cases, stronger activations are maintained around the target body and electric bicycle, while
less attention is allocated to irrelevant background regions. In the incomplete-view and
severe-occlusion cases, the response remains more stable and target-oriented, indicating
better robustness when structural information is missing or only partially preserved.

The response distribution in Figure 9 is further summarized in Table 6. From left
to right, the four columns correspond to partial occlusion, incomplete surveillance view,
occlusion, and severe occlusion, respectively. Target Activation Ratio (TAR) denotes the
proportion of heatmap response located inside the annotated target boxes, while Back-
ground Activation Ratio (BAR) denotes the proportion of responses distributed outside the
target boxes.
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Across the four occlusion-related conditions, DCM-YOLO consistently produces
higher TAR and lower BAR than YOLOv8n. Specifically, TAR increases from 60.4%, 58.7%,
56.9%, and 55.8% to 70.8%, 69.5%, 67.8%, and 66.9%, respectively. Meanwhile, BAR de-
creases from 39.6%, 41.3%, 43.1%, and 44.2% to 29.3%, 30.5%, 32.2%, and 33.1%, respectively.
These changes indicate that DCM-YOLO shifts more activation responses from background
regions to visible target regions, which is consistent with the more concentrated heatmap
responses shown in row (c) of Figure 9.

Table 6. Heatmap response distribution under different occlusion conditions.

Condition Model TAR/% BAR/%

Partial occlusion YOLOv8n 60.4 39.6
DCM-YOLO 70.8 29.3

Incomplete surveillance view YOLOv8n 58.7 41.3
DCM-YOLO 69.5 30.5

Occlusion YOLOv8n 56.9 43.1
DCM-YOLO 67.8 32.2

Severe occlusion YOLOv8n 55.8 44.2
DCM-YOLO 66.9 33.1

This response redistribution is related to the coordinated design of DCM-YOLO.
DAF helps preserve local structural cues when the target is only partially visible, SCSA
suppresses interference from irrelevant spatial and channel responses, and MSGA-Head
stabilizes prediction using multi-scale perception and grouped refinement. Together, these
modules make the detector less dependent on background regions and produce more
focused responses under different occlusion conditions.

4.4.3. Stage-Wise Analysis of Feature Responses

The response concentration differences indicate progressive feature refinement inside
DCM-YOLO. To clarify how such refinement is formed, feature response visualizations are
analyzed at different network stages. Feature responses are extracted before SCSA, after
SCSA, and before the prediction head. The results are illustrated in Figure 10 using four
representative scenarios, namely partial occlusion, incomplete surveillance view, occlusion,
and severe occlusion.

4.5. Generalization Validation of DCM-YOLO

To evaluate the generalization performance of the proposed DCM-YOLO, experiments
were conducted on three challenging public datasets. The first dataset is the Mobility
Devices dataset, which contains 15,546 outdoor images covering 13 types of vehicles under
diverse conditions, including low-light and fog. The second dataset is the Motorcar dataset,
which contains 26,452 images focusing exclusively on electric bicycles. The third dataset is
derived from COCO2017, where only images containing person and vehicle categories are
retained. All experiments follow the same settings described in Section 4.1 to ensure fair
and comparable evaluation across different datasets.
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Figure 10. Feature response visualization at different network stages. (a) Partial occlusion; (b) in-
complete surveillance view; (c) occlusion; and (d) severe occlusion. The columns show the input
image, feature responses before SCSA, feature responses after SCSA, and feature responses before the
prediction head, respectively.

As shown in Table 7, DCM-YOLO consistently outperforms the baseline YOLOv8n
across all three datasets. On the Mobility Devices dataset, which contains more diverse
outdoor conditions and multiple vehicle categories, DCM-YOLO still achieves stable im-
provements, indicating that the proposed design is not limited to the target scenario of the
main dataset. On the Motorcar dataset, which is more closely related to electric bicycle
detection, the gains are more pronounced, suggesting that the coordinated design of DAF,
SCSA, and MSGA-Head is especially effective when target appearance and partial occlusion
are closely related to the original task. On the filtered COCO2017 subset, DCM-YOLO also
maintains consistent performance gains, which further verifies that the proposed method
remains effective under broader category distributions and more complex visual conditions.

Overall, the experimental results on the three public datasets demonstrate that DCM-
YOLO achieves consistent performance improvements under different data distributions.
These results indicate that the proposed method has good generalization ability across dif-
ferent detection scenarios. The coordinated enhancement of feature extraction, discriminative
feature selection, and prediction stability enables DCM-YOLO to remain effective not only in
the original task setting, but also in broader indoor and outdoor visual environments.

Table 7. Performance of DCM-YOLO on Other Datasets.

Dataset Algorithm P% R% mAP50/% mAP50-95/%

Mobility-Devices YOLOv8n 66.8 59.4 63.1 46.8
DCM-YOLO 69.2 61.8 65.2 47.9

Motorcar YOLOv8n 88.1 82.6 86.3 65.2
DCM-YOLO 90.3 85.1 88.9 66.5

COCO2017 YOLOv8n 69.7 62.5 66.4 48.5
DCM-YOLO 72.3 65.0 68.8 49.8
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5. Conclusions
This study proposes DCM-YOLO for robust electric bicycle detection in confined

indoor environments affected by occlusion and image degradation. Unlike methods that
rely mainly on general architectural scaling or isolated module replacement, DCM-YOLO
introduces a coordinated backbone–attention–head design to address weakened visual
cues and incomplete target appearances. Specifically, DAF provides adaptive backbone
representation by combining lightweight feature generation with response modulation,
SCSA performs sequential spatial–channel refinement to suppress interference-prone re-
sponses, and MSGA-Head introduces scale-aware prediction for more reliable classification
and localization.

Comprehensive experiments verify the effectiveness of the proposed design. Ablation
studies show that the three components are complementary and jointly contribute to the
final performance gain. Comparative experiments further demonstrate that DCM-YOLO
achieves the best overall detection performance among the compared methods. On the
main dataset, DCM-YOLO reaches 86.2% mAP50 and 65.1% mAP50-95, improving upon
the baseline YOLOv8n by 2.8% and 1.7%, respectively. Additional evaluations on public
datasets, including Mobility Devices, Motorcar, and COCO2017, also show consistent
improvements, which confirms the generalization ability of the proposed method under
different data distributions. Visual comparison and heatmap analysis further indicate that
DCM-YOLO produces more reliable and concentrated responses under underexposure,
overexposure, low contrast, blur, and different occlusion-related conditions.

Although DCM-YOLO achieves strong overall performance, several limitations still
remain. First, the current model is mainly evaluated under fixed-camera settings, and its
robustness under moving-camera conditions or more dynamic viewpoints still requires
further investigation. Second, although the proposed design is effective for occlusion and
image degradation, more severe real-world domain shifts may still affect detection stability.
Third, the current study mainly focuses on detection accuracy and robustness, while further
optimization for practical deployment can still be explored in future work.

In future work, the proposed framework will be extended to more dynamic and diverse
visual scenarios, including mobile-camera and cross-domain detection settings. More
robust adaptation strategies for unseen degradations and complex structural interference
will also be investigated. In addition, further refinement of prediction-stage design and
more efficient deployment-oriented optimization may help broaden the applicability of
DCM-YOLO in real-world vision tasks.
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