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Abstract. Synthetic Aperture Radar (SAR) ship detection is crucial for maritime
traffic management, search and rescue, and environmental monitoring but remains
challenging due to small targets, blurred contours, and complex ocean backgrounds.
To address these issues, this paper proposes YOLO-BDM, an improved detector
based on YOLOv11. The Diverse Branch Block (DBB) is introduced into the back-
bone to enhance feature representation through multi-branch training and reparam-
eterized inference. A Multi-scale Contextual Attention (MCA) mechanism is inte-
grated into the backbone and neck to strengthen multi-scale semantic modeling and
background discrimination. Additionally, a four-layer Bidirectional Feature Pyra-
mid Network (BiFPN) is employed for efficient multi-scale feature fusion. Experi-
ments on the SAR-Ship dataset show YOLO-BDM achieves 97.27% mAP, 94.11%
Precision, and 93.07% Recall, surpassing the baseline and validating its effective-
ness.

Keywords: Ship detection; BiFPN module; YOLOv11n; DBB module; MCA at-
tention mechanism

1. Introduction

Object detection, as a core problem in computer vision, has garnered extensive atten-
tion in recent years across diverse application scenarios including intelligent transporta-
tion [38], medical imaging [17], industrial automation [10], and remote sensing image
processing [35]. Synthetic Aperture Radar (SAR), with its all-weather, all-time imaging
capabilities and robustness in complex environments, has emerged as a vital tool for ocean
monitoring and vessel detection [37]. However, ship targets in SAR images often present
challenges such as small size, blurred contours, complex backgrounds, and speckle noise
interference [20], making high-precision detection difficult. Achieving robust and efficient
SAR ship detection in complex marine environments has thus become a critical research
topic in intelligent remote sensing perception, holding significant theoretical and practical
value.

Early SAR ship detection methods primarily relied on manually designed features
and shallow classifiers. However, constrained by noise interference and single-scale fea-
ture modeling, their robustness and generalization capabilities were limited [31]. To over-
come this bottleneck, researchers gradually shifted toward detection frameworks driven
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by convolutional neural networks (CNNs) [46]. Regarding two-stage detectors, the R-
CNN series proposed by Girshick et al. laid the foundation for end-to-end detection. Ren
et al. introduced the Region Proposal Network (RPN) through Faster R-CNN, signifi-
cantly enhancing candidate box generation and detection efficiency. Subsequently, Lin et
al. proposed the Feature Pyramid Network (FPN) [24], strengthening multi-scale feature
representation; Cai and Vasconcelos proposed Cascade R-CNN [1], improving detection
accuracy at high IoU thresholds through stepwise optimization; Pang et al. introduced
Libra R-CNN [27], achieving improvements in sample allocation and feature utilization.
While these methods excel in detection accuracy and semantic modeling, their slow infer-
ence speeds and high computational complexity hinder real-time detection requirements.

Against this backdrop, single-stage detectors have gradually emerged as a research
hotspot. Frameworks such as YOLO [28] and SSD [25] have achieved significant im-
provements in inference speed while maintaining reasonable detection accuracy. How-
ever, early single-stage methods exhibited limitations in modeling complex textures and
representing multi-scale features, particularly in low signal-to-noise ratio conditions where
small objects were prone to detection failures. To address this, Dai et al. introduced De-
formable Convolutions (DCN) [9], enhancing the adaptability of convolutions to geo-
metric deformations and intricate textures. Hu et al. proposed Channel Attention Mech-
anisms [18], improving model discrimination in complex backgrounds through feature
weighting. Driven by these advancements, SAR vessel detection has seen further devel-
opment. For instance, Ma et al. proposed a free-bounding box detection method based
on keypoint estimation and attention mechanisms, effectively suppressing false alarms
in complex backgrounds [26]. However, it still suffers from insufficient discrimination
between adjacent targets in high-density scenes due to ambiguous keypoint matching.
Zhao et al. introduced the CRAS-YOLO model [43], achieving high-precision detection
and classification of multi-category vessels, though its category coverage remains lim-
ited. Zhou et al. proposed the FGNet model [44], integrating a global context module
and multi-scale feature enhancement module to improve target discrimination and multi-
scale feature representation in complex scenes. Nevertheless, false negatives and false
positives may still occur in strongly cluttered coastal environments. Overall, although no-
table progress has been achieved in SAR ship detection, existing methods still encounter
intrinsic limitations when applied to complex marine environments [30], In particular,
most YOLO-based detectors adopt conventional multi-scale feature fusion strategies that
inadequately address semantic misalignment across feature levels, leading to suboptimal
performance in small and densely distributed ship detection tasks. This issue is especially
pronounced in SAR imagery, where speckle noise and weak target boundaries further
degrade the reliability of shallow feature representations.

In summary, although existing methods have made some progress in SAR ship detec-
tion tasks, they still face numerous challenges in multi-scale modeling, feature focusing,
and model deployment. This limitation is particularly pronounced in SAR ship detection
scenarios involving small targets, where speckle noise and weak object boundaries fur-
ther impair the reliability of shallow feature representations. Fundamentally, this problem
stems from the insufficient correction of semantic bias during multi-scale feature fusion
and the lack of effective contextual modeling to align features across different scales [5].
Furthermore, existing attention-enhanced YOLO-style architectures often focus on either
channel-wise or spatial-wise feature modulation in isolation, lacking the capacity for joint
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contextual modeling across multiple dimensions [4]. Finally, in pursuit of accuracy, cer-
tain detection frameworks incorporate extensive convolutional stacking and redundant
modules, resulting in structurally complex architectures with substantial parameter scales.
This hinders efficient deployment on edge computing or resource-constrained platforms.
Consequently, achieving context-enhanced, lightweight modelling while maintaining de-
tection precision has become an urgent research priority.More fundamentally, these lim-
itations reflect a common design paradigm in existing YOLO-based SAR ship detectors,
in which multi-scale feature fusion, attention-driven feature focusing, and structural ef-
ficiency are typically optimized independently rather than within a unified framework.
Consequently, achieving a balanced integration of contextual representation enhancement,
precise feature discrimination, and deployment-friendly efficiency remains an open chal-
lenge.

To address these challenges, this paper proposes the improved YOLO-BDM model
based on the YOLOv11n framework. It aims to achieve precise feature extraction of small
targets in complex SAR scenes, efficient fusion of multi-scale information, and suppres-
sion of background interference. Specific contributions include:

(1) The Diverse Branch Block (DBB) is introduced into the C3K2 architecture of the
backbone network. During training, this multi-branch convolutional structure enriches
feature representations. At inference time, it is equivalently transformed into a single
convolutional layer through structural reparameterization. This approach balances model
expressiveness with inference efficiency while mitigating the issue of edge weakening in
small targets within SAR images.

(2) Embedding a Multi-scale Contextual Attention (MCA) mechanism at key nodes
of the backbone and neck structures. This combines global average pooling with stan-
dard deviation pooling to extract multi-scale contextual information. Channel-wise dy-
namic weighting enhances responses in critical regions, effectively suppressing back-
ground noise interference and improving discrimination capabilities in complex environ-
ments;

(3) Introducing the BiFPN Concat module into the neck network. It enhances inter-
action between shallow-layer details and deep-layer semantics through bidirectional fea-
ture propagation and learnable weight mechanisms. Simultaneously, feature concatena-
tion preserves richer original information, improving flexibility in multi-scale modeling.
This approach is particularly effective for detecting ship targets with significant scale
variations.

The remainder of this paper is organized as follows. Section 2 reviews the related
work. Section 3 presents the proposed model and the techniques employed. Section 4
provides a detailed analysis of the experimental results. Section 5 concludes the paper
and discusses future research directions.

2. Related Work

2.1. Traditional Ship Detection Algorithms

In SAR or optical imagery, traditional ship detection methods primarily rely on manu-
ally designed features and classical algorithms, typically including threshold segmenta-
tion, texture features, or keypoint descriptors. These methods are simple to implement,
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computationally efficient, and can effectively detect targets in straightforward scenarios.
However, their performance is limited in complex backgrounds, when dealing with small,
multi-scale targets, or under low signal-to-noise ratio conditions [8]. To address these
limitations, Constant False Alarm Rate (CFAR)-based detection methods have gained
widespread application in complex maritime clutter environments. By adaptively esti-
mating background noise, dynamically adjusting detection thresholds, suppressing false
alarms, and maintaining high detection rates, CFAR-based approaches have become a key
direction for improving traditional ship detection research [40].

However, traditional CFAR methods still suffer from limitations such as high com-
putational complexity and low efficiency when processing high-resolution SAR images
or large-scale scenes. Wang et al. [36] proposed a fast CFAR algorithm based on density
screening (DC). By rapidly eliminating high-density background clutter using superpixel
density features, it performs local detection only on a small number of candidate tar-
gets. This approach reduces computational complexity by 75%–96% while maintaining
or even improving detection accuracy, effectively suppressing false alarms. It represents
a significant breakthrough in balancing CFAR detection efficiency and accuracy. Further-
more, for complex coastal environments, Li et al. [23] proposed a hierarchical detection
scheme for airborne single-channel SAR. This approach employs a K-log-normal mixture
distribution model with adaptive background windows for CFAR prescreening, enhanc-
ing the resolution between sea clutter and targets. Subsequently, it introduces fine-grained
discrimination based on micro-Doppler motion characteristics, further suppressing false
alarms through radial velocity and image entropy analysis. This work demonstrates that
traditional CFAR methods can achieve high-precision, low-false-alarm real-time detection
on lightweight platforms by integrating statistical modeling with motion features. Despite
CFAR’s excellence in adaptive background estimation and false alarm suppression, issues
of fitting inaccuracy and efficiency limitations persist in heterogeneous backgrounds and
complex nearshore scenarios. To further address these challenges, Chen et al. [7] proposed
a multi-modal saliency-based (MMS) vessel detection method. By integrating enhanced
CFAR, superpixel (MSER), local stability analysis, and sea-land segmentation, they con-
structed four complementary saliency maps, effectively resolving fitting inaccuracies and
oversegmentation in heterogeneous backgrounds.

Overall, the limitations of traditional ship detection methods—such as high false
alarm rates, inaccurate fitting in complex backgrounds, and oversegmentation—have been
significantly mitigated through continuous improvements by previous researchers. How-
ever, even enhanced traditional ship detection algorithms still struggle with challenges
like detecting extremely small targets, handling multi-scale ships, and processing large-
scale high-resolution images [16]. This indicates that addressing the practical challenges
of SAR vessel detection requires not only innovation at the algorithmic level, but also
consideration of reliability, manageability, and overall system performance at the archi-
tectural level [15].Furthermore, the advancement of deep learning techniques, such as
convolutional neural networks (CNNs), has provided effective means for automatic fea-
ture extraction, multi-scale modeling, and end-to-end training. These developments have
collectively propelled the evolution of deep learning-based ship detection algorithms,
gradually establishing them as the mainstream approach in this field.
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2.2. Deep Learning-Based Ship Detection Algorithms

Deep learning-based ship detection algorithms leverage convolutional neural networks
(CNNs) to automatically extract hierarchical features, enabling end-to-end target localiza-
tion and classi�cation. Compared with traditional methods, such approaches signi�cantly
improve detection performance in complex backgrounds, for small-scale and multi-scale
targets, and in high-resolution SAR imagery.

Existing deep learning-based ship detection studies can be broadly analyzed from
different technical perspectives, including multi-scale feature modeling and localization
accuracy, contextual attention and semantic discrimination, as well as lightweight and ef-
�cient architectural design. From an implementation standpoint, these methods are com-
monly realized through two-stage or single-stage detection frameworks, each emphasiz-
ing different trade-offs between accuracy and ef�ciency. Together, these advances have
laid a solid foundation for continuous performance improvements in SAR ship detection
[11].

Multi-scale Modeling and Localization-Oriented Methods Accurate localization of
vessels across varying scales is a fundamental challenge in SAR ship detection, partic-
ularly in dense maritime scenes and complex cluttered backgrounds. To address this is-
sue, many studies emphasize multi-scale feature modeling and precise localization, with
two-stage detection frameworks serving as a representative implementation due to their
explicit region proposal and re�nement mechanisms.

Zhou et al. proposed UltraHi-PrNet [45], which improves feature alignment across
scales via scale transfer and expansion layers but suffers from the computational inef-
�ciency and generalization limits of its Faster R-CNN backbone. Tang et al.'s PEGNet
[32], enhances Faster R-CNN with modules for better multi-scale fusion and noise sup-
pression, yet its horizontal anchor design limits effectiveness for rotated targets in dense
scenes. To address rotation issues, Zhang et al. proposed ORPSD [41]. using an outer
rectangular projection scheme, though it retains the high computational cost typical of
two-stage detectors.

In summary, multi-scale modeling and localization-oriented methods achieve high de-
tection accuracy by explicitly re�ning candidate regions and integrating scale-aware fea-
tures. However, the computational inef�ciency and limited real-time performance of two-
stage frameworks remain unresolved challenges, particularly for large-scale or resource-
constrained SAR applications [6].

Contextual Attention and Semantic Discrimination Methods To address the limita-
tions of pure multi-scale modeling in capturing long-range dependencies and discrimina-
tive features, researchers have developed methods that explicitly incorporate contextual
attention and semantic enhancement mechanisms. A fundamental challenge for single-
stage detectors has been to balance �ne-grained feature interaction with high speed, a
trade-off inherently linked to model stability and �exibility [29]. The evolution of frame-
works like the YOLO series re�ects this ongoing pursuit.

Representative advances in this direction include YOLOv4 [42],which introduced a
CSPDarknet backbone to reduce computational redundancy and enhance feature diversity
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through a split-and-fusion strategy. However, its reliance on anchor boxes limits gener-
alization in scenes with signi�cant scale and aspect ratio variations. To overcome such
limitations, Hu et al. proposed BANet [19], an anchor-free design that integrates Local
and Non-Local Attention Modules. This architecture improves �ne-grained modeling of
multi-angle vessels and contextual reasoning in complex backgrounds, though preserving
�ne texture details for small targets remains challenging.

In summary, methods focusing on contextual attention and semantic discrimination
effectively address the limitations of conventional multi-scale approaches by emphasizing
spatial context and �ne-grained feature interactions. These techniques enhance detection
robustness in complex maritime scenes, particularly for vessels with diverse orientations
and subtle features, laying the groundwork for subsequent improvements in lightweight
and ef�cient network architectures.

Lightweight and Ef�cient Single-Stage Detection Methods To address the challenges
of deploying high-performance SAR ship detection models under resource constraints, re-
search has focused on developing lightweight and ef�cient single-stage network architec-
tures. Representative methods include: SSD-YOLO [12], an anchor-free framework en-
hanced with a multidimensional feature module to sharpen small target boundaries while
maintaining real-time performance, though it struggles with complex contexts and �ne
details for very small or clustered vessels. FD-Net [13], incorporates deformable convo-
lutions across the network, combined with an Enhanced Feature Pyramid and adaptive
fusion module, to better represent vessels of varying scales and shapes, but its semantic
integration and real-time ef�ciency are limited. LKE-Det [11]employs a decomposable
large kernel to capture long-range dependencies and embeds edge gradient features to im-
prove contour delineation and suppress clutter, yet ef�cient multi-scale fusion for subtle
targets remains a challenge. RepGFPN [2], introduces ef�cient cross-layer connections
and bidirectional fusion to aggregate shallow and deep features directly, enhancing de-
tection of small and coastal targets, though preventing feature degradation during deep
propagation is still a core issue [14].

In summary, existing lightweight and ef�cient architecture methods have achieved
notable improvements in balancing computational cost, model complexity, and detection
accuracy. Nevertheless, current approaches still face challenges in fully integrating multi-
scale features, preserving �ne-grained vessel details, and capturing rich contextual infor-
mation under complex maritime conditions [3]. To address these limitations, we propose
the YOLO-BDM vessel detection model, which combines enhanced multi-scale feature
fusion, semantic discrimination, and lightweight design to achieve robust, real-time per-
formance for SAR ship detection.

3. Methods

3.1. Baseline Model YOLOv11n

YOLOv11n is a lightweight variant of the YOLO series proposed in recent years, designed
to improve object detection accuracy and stability while reducing computational costs.
Compared to its predecessors, YOLOv11n systematically optimizes both the backbone
and neck networks, notably incorporating modules such as C3K2 and C2PSA to enhance
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feature extraction and fusion capabilities. As shown in Figure 1 its overall architecture
primarily consists of a CSP-based backbone network, the C3K2 module, and the C2PSA
attention mechanism, achieving a superior balance between detection performance and
inference ef�ciency.

Fig. 1. YOLOv11n network architecture

In the backbone network, the C3K2 module proposed in YOLOv11n enhances the fea-
ture extraction architecture through two key innovations: dual-path residual connections
and a dynamic receptive �eld mechanism. The dual-path design preserves lightweight
characteristics while introducing a deformable convolution branch. The primary path re-
tains standard convolutions to ensure computational ef�ciency, whereas the novel sec-
ondary path equips the model with stronger adaptability to multi-scale objects. The dy-
namic receptive �eld mechanism further enhances feature representation by leveraging
multi-scale deformable convolutions. Moreover, unlike the channel compression strate-
gies commonly employed in mainstream lightweight solutions, C3K2 adopts feature re-
organization techniques to better preserve critical spatial information. The C3K2 module
is illustrated in Figure 2.

Fig. 2. C3K2 Module Architecture

In the Neck section, YOLOv11n employs the C2PSA module to enhance spatial mod-
eling capabilities during multi-scale feature fusion. This module combines the CSP ar-
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chitecture with the PSA mechanism, preserving ef�cient gradient �ow pathways while
strengthening the model's perception of target spatial locations. C2PSA �rst splits the
input features into two branches: one follows the conventional convolutional path to pre-
serve the original spatial structure, while the other introduces a parallel attention mecha-
nism to model contextual regions at different scales. PSA captures semantic information
within distinct receptive �elds by constructing multiple sub-branches in parallel. These
are then compressed and aggregated to guide the model's focus toward key areas, thereby
enhancing robustness for objects with varying scales and complex backgrounds. The fused
features from both branches ultimately generate representations with higher discrimina-
tive power. This module enhances spatial dependency modeling while mitigating the lack
of global perception in shallow features. The C2PSA architecture is illustrated in Figure 3.

Fig. 3. C2PSA Module Architecture

During the feature fusion stage, YOLOv11n retains the dual-path architecture of FPN
and PAN while adjusting network width and depth to meet lightweight deployment re-
quirements. By introducing optimized activation functions (such as SiLU) and normaliza-
tion operations in certain connection pathways, unnecessary computational redundancy is
reduced. This strategy not only accelerates inference speed but also maintains a favorable
balance between feature representation capability and model convergence performance,
providing more stable high-level semantic support for subsequent modules.

With its compact structure, fast inference speed, and high detection accuracy, YOLOv11n
demonstrates excellent adaptability in practical applications. Its optimizations in fea-
ture extraction capabilities, multi-scale modeling effects, and edge deployment ef�ciency
make it particularly suitable for tasks sensitive to real-time performance and computa-
tional resources.

3.2. Improved Model YOLO-BDM

The overall architecture of the YOLO-BDM model is shown in Figure 4. Building upon
YOLOv11n, this model introduces three key modules-DBB, MCA, and BiFPN-aimed at
enhancing feature extraction and fusion capabilities to improve the accuracy and adapt-
ability of vessel detection.
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Fig. 4. YOLO-BDM network architecture

Within the YOLO-BDM model, systematic improvements to the backbone, neck, and
feature fusion structures achieve uni�ed optimization of multi-scale feature modeling
and context-guided processing. In the backbone network, the Diversi�ed Branch Block
(DBB) replaces the original Bottleneck convolution, enabling multi-branch convolution
fusion. This enhances the representation of objects across different scales and shapes,
particularly boosting detection performance for small targets. Multiscale Contextual At-
tention Mechanism (MCA) is embedded at critical nodes in the backbone and neck layers.
By dynamically adjusting attention distribution across channels, MCA effectively am-
pli�es responses in target regions while suppressing background interference. The neck
layer employs the BiFPNConcat feature fusion module, which preserves multiscale in-
formation through concatenation operations, improving detection capabilities for objects
with signi�cant scale variations. Through the synergistic integration of DBB, MCA, and
BiFPN, YOLO-BDM achieves signi�cant improvements in ship detection accuracy and
robustness while maintaining lightweight architecture. It is particularly well-suited for re-
mote sensing scenarios involving small targets, ambiguous contours, and complex back-
grounds.

3.3. Bidirectional Feature Pyramid Network (BiFPN)

Small vessels in remote sensing imagery typically exhibit characteristics such as compact
dimensions, blurred edges, and indistinct textural features. These traits make it challeng-
ing for traditional object detection models to accurately locate and identify such targets
within complex backgrounds, signi�cantly compromising overall detection accuracy. To
enhance the model's adaptability across multi-scale scenarios, this paper introduces the
Bidirectional Feature Pyramid Network (BiFPN). This approach strengthens effective in-
teractions between features at different levels and further optimizes the fusion strategy for
multi-scale features.

Compared to conventional feature fusion methods like Feature Pyramid Network (FPN)
and Path Aggregation Network (PANet), BiFPN introduces both top-down and bottom-up
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information propagation pathways in its structural design, enabling ef�cient coupling of
multi-level features. Furthermore, this architecture enhances cross-scale information ag-
gregation through repeated stacking and incorporates a learnable weighted fusion mech-
anism. This allows the model to dynamically adjust the contribution ratios of different
input features during the fusion process, thereby improving the selectivity and robustness
of overall feature representation.

Given these advantages, this paper introduces the BiFPN module into the Neck sec-
tion of YOLOv11n, replacing the original PANet structure to achieve more precise and
stable multi-scale feature representation. The overall structure of this module is shown in
Figure 5.

Fig. 5. BiFPN Architecture

Traditional feature pyramid structures typically employ uniform or static weighting
when fusing multi-scale features, failing to dynamically adjust based on the varying con-
tributions of different features in object detection tasks. BiFPN addresses this issue by
introducing a learnable weighting fusion mechanism. This enables the network to adap-
tively allocate fusion weights for feature maps at different scales during training, thereby
more effectively integrating shallow-layer detail information with deep-layer semantic
representations. This enhances the network's modeling capability for objects at varying
scales. During feature fusion, BiFPN assigns distinct trainable weights to multiple input
feature maps. The fusion process can be represented as:

y =
w1x 1 + w 2x 2

w1 + w 2 + �
: (1)
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In the formula, x1 and x2 represent input feature maps from different scales, w1 and
w2 are their corresponding non-negative learnable weight parameters, and � is a minimal
constant introduced to prevent the denominator from becoming zero. This normalization
mechanism not only ensures numerical stability but also enables the model to automat-
ically learn the relative importance of different features during the fusion process. For
scenarios with multiple input features, this formula can be naturally extended to:

y =
P

i wi � x iP
i wi + �

: (2)

This method avoids the shortcoming of simple weighted averaging, which treats all
features equally, thereby endowing the network with stronger scale adaptability.

Structurally, FPN employs a top-down, unidirectional feature propagation approach,
while PANet introduces bottom-up pathways to enhance the supplementation of deep-
level semantics by shallow features. BiFPN further optimizes this framework by design-
ing bidirectional pathways as independent fusion modules and processing feature maps
through repeated multi-level stacking, thereby achieving ef�cient cross-level information
exchange. Additionally, this architecture incorporates lateral cross-scale connections, en-
abling direct information exchange between feature maps at the same layer during fusion
to enhance semantic consistency. Typically, BiFPN fuses feature maps from layers P3 to
P7 to cover full-scale feature information spanning low-level details to high-level seman-
tics.

To further enhance fusion ef�ciency and reduce redundant computations, BiFPN in-
troduces a structural pruning strategy during the network construction phase. Speci�cally,
for fusion nodes receiving input from only a single path (i.e., connected by only one
upstream edge), the system determines that they do not constitute effective information
exchange. Consequently, these nodes are directly skipped during fusion layer construc-
tion, thereby avoiding the introduction of ineffective fusion operations. This strategy can
be formally described as follows:

if fan(n) = 1 ) prune(n): (3)

In the formula, fan(n) denotes the number of n inputs to node . When only a single
input path exists, the system skips constructing this fusion node. This mechanism effec-
tively simpli�es the network architecture, reducing computational complexity and param-
eter size. It is particularly suitable for embedding BiFPN structures into lightweight object
detection models, such as the YOLOv11n framework adopted in this paper.

Furthermore, the pruning operation does not affect feature �ow along critical paths, as
it only removes redundant ”pseudo-fusion” nodes. Consequently, it signi�cantly enhances
computational ef�ciency while preserving detection performance.

As an enhanced feature fusion network, BiFPN plays a pivotal role in the YOLO-
BDM model. Through strategies including weighted feature fusion, top-down and bottom-
up bidirectional feature propagation, cross-scale connections, and pruning optimization,
it enhances the model's detection capabilities for multi-scale objects and strengthens fea-
ture representation. This results in signi�cantly improved detection accuracy in complex
scenes.
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3.4. Diverse Branch Block (DBB)

In object detection tasks, models need to simultaneously capture �ne details of small
objects and global semantics of large objects. Traditional convolutional layers, however,
have limited feature representation due to their monolithic structure, making it dif�cult
to effectively model multi-scale and diverse features in complex scenes. Multi-branch ar-
chitectures, such as the Inception series, can enrich the feature space through branches
of varying scales and complexities, but they incur signi�cant inference overhead, limiting
practical deployment. The Diverse Branch Block (DBB) addresses this issue by introduc-
ing diverse branches during training to enhance representation, which are equivalently
merged into a single convolution at inference via structural re-parameterization, achiev-
ing “enhanced training representation with zero additional inference cost.”

Fig. 6. DBB Architecture

The structure of the DBB module is illustrated in Figure 6. This module consists of
multiple complementary branches, including a standard k � k convolution branch, a se-
quentially stacked 1 � 1–k � k convolution branch, a standalone convolution branch, and
an average pooling (AVG Pooling) branch. Additionally, the module allows the incor-
poration of non-square convolutions (e.g.1 � k, k � 1, ) to further expand the receptive
�eld. Each branch is equipped with a batch normalization (BN) layer, introducing non-
linearity during training and signi�cantly enhancing representational capability. Unlike
Inception, DBB can fold all branches into a single convolution layer at inference through
strict numerical equivalence transformations, avoiding the extra computational and mem-
ory overhead of multi-branch structures. This characteristic enables DBB to improve fea-
ture representation while maintaining ef�cient inference speed.

In mathematical modeling, the core of DBB lies in leveraging the linearity of con-
volutions and structural re-parameterization to equivalently transform the multi-branch
structure during training into a single convolution at inference. Let the input feature be
I 2 R C�H�W , the convolution kernel F 2 RD�C�K�K , and the bias b 2 RD . The
basic convolution operation can be expressed as:

O = I � F + REP(b) (4)

where REP(b) denotes bias expansion. The key principle of DBB is based on the
homogeneity and additivity of convolutions:
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I � (pF ) = p(I � F ); 8p 2 R; (5)

I � F (1) + I � F (2) = I �
�
F (1) + F (2) �

: (6)

Leveraging this property, DBB designs six types of equivalent transformations (Trans-
form I–VI) to progressively fold multi-branch operations into a single convolution. First,
Transform I illustrates the fusion of convolution and batch normalization (BN). By ab-
sorbing the scaling and shifting parameters of BN, the convolution kernel and bias can be
rede�ned as:

F 0
j =


 j

� j
Fj ; b0

j = �
� j 
 j

� j
+ � j ; (7)

thus eliminating the need for an additional BN layer during inference. Building on
this, Transform II utilizes the additivity of convolutions: if multiple convolution branches
share the same con�guration, their weights and biases can be directly summed:

F 0 = F (1) + F (2) ; b0 = b(1) + b(2) ; (8)

For more complex cases, Transform III addresses sequentially stacked 1�1 and k �k
convolutions. Since the former only performs channel mixing, it can be merged with the
latter into a single equivalent convolution:

F 0 = F (2) � TRANS
�

F (1)
�

; b0 = bb + b(2) ; (9)

Transform IV corresponds to the channel concatenation commonly seen in Incep-
tion structures. Essentially, it concatenates the convolution kernels and biases of multiple
branches along the output channel dimension, equivalent to a wider convolutional layer:

F 0 = CONCAT
�

F (1) ; F (2)
�

; b0 = CONCAT
�

b(1) ; b(2)
�

; (10)

Additionally, DBB supports mapping non-convolution operations into convolutions.
Transform V shows that average pooling can be regarded as a convolution with �xed
weights:

F 0
d;c;:;: =

8
<

:

1
K 2 ; d = c;

0; d 6= c:
(11)

Finally, Transform VI demonstrates how non-square convolutions (e.g.1 � k, k � 1,
) can be expanded via zero-padding into standard k � k convolutions, ensuring that all
branches can be merged into a uniform form.

In summary, DBB achieves a strict mapping from “multi-branch during training” to
“single convolution during inference” through these six transformations. This allows the
model to exploit diverse paths for enhanced representation during training while main-
taining the same computational cost as standard convolutions during inference, balancing
performance and ef�ciency.
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