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ABSTRACT Synthetic Aperture Radar (SAR) plays an important role in maritime ship detection due to
its all-weather and day-and-night imaging capability. However, reliable detection remains challenging
because of strong speckle noise, complex sea clutter, and the weak representation of small ship
targets. To address these issues, this paper proposes DE-MFM-YOLO, an efficient SAR ship detection
framework based on YOLOv11. The proposed framework enhances local edge and texture representation
through Detail-Enhanced Convolution (DEConv) and introduces a Modulation Fusion Module (MFM)
to adaptively fuse multi-scale features and improve semantic interaction across different feature levels.
Experimental results on the HRSID dataset demonstrate that DE-MFM-YOLO achieves an AP50 of 93.0%
while maintaining real-time inference capability. The complementary integration of DEConv and MFM
effectively improves feature representation, multi-scale feature aggregation, and the detection of small
and densely distributed ship targets. These results indicate that the proposed method provides an effective
balance between detection accuracy and computational efficiency for practical SAR maritime monitoring
applications.

INDEX TERMS SAR ship detection; small targets; multi-scale feature fusion; YOLOv11

I. INTRODUCTION
Ship detection in Synthetic Aperture Radar (SAR) imagery
has become an essential component of sustainable ocean
governance and maritime monitoring systems, supporting
applications such as maritime traffic management, search-
and-rescue operations, maritime trade supervision, and mar-
itime security enforcement [1][2][3][4]. Driven by the con-
tinuous expansion of global maritime activities, the demand
for accurate and timely satellite-based ship detection has sig-
nificantly increased in recent years. In this context, remote
sensing technologies have been widely explored for large-
scale maritime observation tasks. Among them, Synthetic
Aperture Radar (SAR) has received growing attention due to
its all-weather and day-and-night imaging capability, as well
as its robustness against clouds, fog, and illumination varia-
tions, making it particularly suitable for reliable ship detec-
tion under diverse environmental conditions [5][6][7][8][9].
In addition, SAR provides rich backscattering information
from sea surface targets, which is particularly beneficial for
ship detection in low-visibility and high-clutter scenarios
compared with optical imagery.

Traditional SAR ship detection methods mainly relied on
statistical modeling and threshold-based decision strategies,
among which the Constant False Alarm Rate (CFAR) al-
gorithm has been extensively investigated. Li et al. [10]
proposed a two-stage superpixel CFAR method based on a
truncated kernel density estimation model to improve target
detection accuracy by enhancing clutter modeling. Sun and
Wang [11] further combined a steady CFAR detector with
a knowledge-oriented GBDT classifier, introducing a post-
classification strategy to reduce false alarms. To improve
detection efficiency, Zhang et al. [12] developed a fast
superpixel-based non-window CFAR detector that elimi-
nates the conventional sliding-window mechanism while
preserving detection performance. In addition, Li et al. [13]
incorporated intensity and texture feature fusion with an
attention contrast mechanism into the CFAR framework, en-
hancing the adaptability of threshold estimation under com-
plex sea clutter. Despite these improvements, such methods
remain fundamentally dependent on predefined statistical
assumptions and manually designed thresholding strategies,
making their performance highly sensitive to variations in
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sea clutter characteristics and target scales. Consequently,
they often exhibit limited robustness in challenging scenar-
ios involving heterogeneous backgrounds, coastal interfer-
ence, and densely distributed ships, leading to increased
false alarms and missed detections. To address these lim-
itations, Zhao et al. [64] introduced a denoising-enhanced
YOLO framework that combines statistical prior information
with deep feature learning to improve detection robustness.
Nevertheless, this category of methods still suffers from
performance degradation under highly heterogeneous sea
clutter conditions, indicating that robust feature represen-
tation remains a critical challenge for SAR ship detection.

With the rapid development of deep learning, numer-
ous convolutional neural network (CNN)-based approaches
have driven significant progress in SAR ship detection
by enabling data-driven feature learning. Benefiting from
their powerful nonlinear representation capability and hi-
erarchical feature extraction, CNN-based methods have
demonstrated clear advantages over traditional statistical
approaches in terms of feature discrimination, detection
accuracy, and robustness under complex maritime environ-
ments [42]. Representative deep learning detectors have
further improved the capability of identifying ships with
diverse scales and complex backgrounds, promoting the
rapid development of SAR ship detection toward more
accurate and intelligent solutions [14]. Building upon the
success of CNNs, Transformer-based architectures have
recently attracted increasing attention in object detection
owing to their capability of modeling long-range depen-
dencies through self-attention mechanisms and capturing
richer global contextual information [20]. A representative
framework is DETR [21], which adopts an end-to-end
encoder – decoder architecture for joint object localization
and classification, reducing the reliance on handcrafted com-
ponents in conventional detection pipelines. More recently,
Transformer-based methods have been extended to SAR
ship detection. Yang et al. [65] proposed LPST-Det, which
integrates a local-perception-enhanced Swin Transformer
backbone with a cross-scale bidirectional feature pyramid
network to strengthen multi-scale feature representation and
contextual information modeling, thereby improving the
detection performance of small and densely distributed ships
in complex maritime environments. These advances demon-
strate the effectiveness of Transformer-based architectures in
further enhancing SAR ship detection performance.

Despite these advances, SAR ship detection still faces
several challenges in practical applications. Owing to the
coherent imaging mechanism of SAR, complex background
clutter and speckle noise inevitably degrade image quality,
particularly in coastal and port regions where waves, shore
infrastructure, and surrounding objects often exhibit scat-
tering characteristics similar to those of ships, resulting in
increased false detections and reduced detection robustness
[23]. Furthermore, large scale variation remains another
critical challenge [22]. Ship targets in SAR imagery range
from small fishing boats to large cargo vessels, while the

inherent imaging characteristics of SAR often cause small
ships to occupy only a few pixels with weak scatter-
ing responses. Consequently, fixed-receptive-field networks
struggle to simultaneously capture discriminative features
across different scales. Since small targets account for a
considerable proportion of SAR ship datasets [24], their
weak feature responses are more susceptible to background
interference and speckle noise, further increasing the diffi-
culty of accurate detection.

Motivated by these challenges, numerous representative
strategies have been proposed to improve SAR ship detec-
tion performance. To improve the representation of ships
with significant scale variation, multi-scale feature model-
ing techniques, such as Feature Pyramid Networks (FPN),
have been widely adopted to enhance feature interaction
across different resolutions [25]. To alleviate the influence
of speckle noise and complex background clutter inherent
in SAR imagery, attention mechanisms, including channel
attention [26] and spatial attention or Transformer-inspired
modules [27], have been introduced to emphasize discrimi-
native ship features while suppressing irrelevant background
responses. Considering the increasing demand for real-
time maritime surveillance, lightweight network designs
have also been developed to reduce computational com-
plexity and facilitate deployment on resource-constrained
platforms without sacrificing detection performance [28].
In addition, optimization strategies, such as IoU-based loss
functions [29,47] and balanced label assignment methods
[48 – 50], have been proposed to improve localization
accuracy and training stability, particularly for densely dis-
tributed and small ship targets. Although these strategies
have improved specific aspects of SAR ship detection,
most existing methods still concentrate on optimizing in-
dividual components, such as feature extraction, feature
fusion, or context modeling, rather than jointly exploiting
their complementary strengths within a unified lightweight
architecture. Consequently, achieving a desirable balance
among detection accuracy, computational efficiency, and
deployment capability remains a challenging task. There-
fore, developing a lightweight detection framework that
simultaneously enhances local detail representation, multi-
scale feature learning, and small-target perception remains
an important research direction for practical SAR maritime
surveillance applications.

From this perspective, we develop DE-MFM-YOLO, an
enhanced lightweight SAR ship detection framework based
on YOLOv11 [30]. The proposed framework is designed
to simultaneously improve feature representation and multi-
scale information interaction while preserving the inher-
ent efficiency of one-stage detectors. Unlike existing ap-
proaches that mainly enhance either feature extraction or
feature fusion independently, DE-MFM-YOLO establishes
a collaborative optimization mechanism between the back-
bone and neck, enabling complementary learning of local
structural details and high-level semantic information for
more robust SAR ship detection. Specifically, a Detail-
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Enhanced Convolution (DEConv) module is embedded into
the backbone to reinforce local edge, texture, and structural
representations through differential convolution operations,
thereby enhancing the discriminative capability of shallow
features under speckle noise, scattering effects, and complex
background clutter. This enables the network to better
preserve weak responses and fine-grained characteristics of
small ship targets during the early feature extraction stage.
Furthermore, a Modulation Fusion Module (MFM) is incor-
porated into the neck to adaptively recalibrate and aggregate
multi-scale semantic features through learnable feature mod-
ulation, promoting more effective information interaction
across different feature levels while reducing redundant
feature propagation. The adaptive fusion mechanism en-
ables the network to more effectively exploit complemen-
tary information from low-and high-level features, thereby
improving the localization and recognition of ships with
significant scale variations and dense spatial distributions.
By jointly optimizing detail-aware feature extraction and
adaptive multi-scale feature fusion, the proposed framework
establishes stronger collaboration between local structural
representation and global semantic perception, resulting in
improved robustness against background interference and
enhanced detection performance under complex maritime
environments. In addition, both DEConv and MFM are
designed as lightweight plug-and-play modules that can be
seamlessly integrated into the YOLOv11 architecture with
only a modest increase in computational overhead, making
the proposed framework suitable for real-time deployment in
practical SAR maritime monitoring systems. Extensive ex-
periments conducted on the HRSID dataset demonstrate that
DE-MFM-YOLO consistently outperforms the YOLOv11
baseline and several representative lightweight detection
frameworks while maintaining real-time inference capabil-
ity. The main contributions of this work are summarized as
follows:
(1) We develop a Detail-Enhanced Convolution (DEConv)
module to strengthen edge, texture, and structural feature
representation, thereby improving the detection of small
ships and weak-boundary targets in complex SAR imagery.
(2) We design a Modulation Fusion Module (MFM) to adap-
tively aggregate multi-scale feature responses, enhancing
the network’s ability to integrate complementary semantic
information. Ablation studies demonstrate that MFM effec-
tively improves feature fusion, leading to more accurate
localization and classification.
(3) We propose DE-MFM-YOLO, a lightweight SAR ship
detection framework based on YOLOv11. The proposed
method achieves an AP50 of 93.0% on the HRSID dataset
while maintaining real-time inference capability. Experi-
mental results demonstrate that DEConv and MFM com-
plement each other in improving detail representation and
multi-scale feature modeling, achieving a better balance
between detection accuracy and computational efficiency.

II. METHODS

A. EVALUATION METRICS
Precision, Recall, AP50, and AP are adopted in this study
to comprehensively evaluate the performance of SAR ship
detection models.

In object detection tasks, Intersection over Union (IoU) is
commonly used to measure the overlap between a predicted
bounding box and its corresponding ground-truth bounding
box. It is defined as the ratio between the intersection area
and the union area of the two bounding boxes and serves as
a fundamental criterion for evaluating localization accuracy.
The calculation of IoU is expressed as follows:

IoU =
Intersection Area

Union Area
(1)

In ship detection tasks, prediction results can be catego-
rized into four groups: true positives (TP), true negatives
(TN), false positives (FP), and false negatives (FN). Based
on these quantities, Precision and Recall can be defined as
shown in Equations (2) and (3), respectively:

P =
TP

TP + FP
× 100% (2)

R =
TP

TP + FN
× 100% (3)

Average Precision (AP) is calculated as the area under
the Precision – Recall (PR) curve, which summarizes the
relationship between Precision and Recall across different
confidence thresholds. The corresponding formulation is
given in Equation (4):

AP =

∫ 1

0

P (R) dR (4)

The MS COCO evaluation protocol provides a compre-
hensive set of detection metrics [32]. In this study, AP50
and AP are employed as the primary evaluation indicators.
AP50 denotes the Average Precision obtained when the
IoU threshold is fixed at 0.5. In contrast, AP represents
the mean Average Precision computed over multiple IoU
thresholds ranging from 0.50 to 0.95 with a step size of 0.05.
This metric provides a more comprehensive assessment of
the localization and classification performance of object
detection models.

B. OVERALL NETWORK ARCHITECTURE
DE-MFM-YOLO is a lightweight SAR ship detection
framework built upon YOLOv11 [30], aiming to enhance
detail representation and multi-scale feature interaction
while preserving high detection efficiency. By integrating
the Detail-Enhanced Convolution (DEConv) module and
the Modulation Fusion Module (MFM), the framework
improves the representation of small and densely distributed
ship targets in complex SAR imagery with only a modest
increase in computational overhead.
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As illustrated in Fig.1, the proposed DE-MFM-YOLO
architecture consists of three main components: (1) a Back-
bone network, where DEConv modules are incorporated to
strengthen edge, texture, and structural feature extraction,
thereby improving the representation of fine-grained de-
tails in SAR imagery; (2) a Neck network, in which the
Modulation Fusion Module (MFM) adaptively recalibrates
and fuses multi-scale features from different semantic levels
to enhance feature interaction and contextual representa-
tion; and (3) a Head network, which retains the original
three-scale prediction strategy for object classification and
bounding-box regression across targets of different sizes.
Fig. 1 illustrates the complete architecture of the proposed
DE-MFM-YOLO framework, including the end-to-end pro-
cessing pipeline and the locations of the DEConv and MFM
modules within the backbone and neck networks.

FIGURE 1. DE-MFM-YOLO’s overall network architecture.

1) Backbone: Introduction of Detail-Enhanced Convolution
(DEConv)
To better preserve local structural information during fea-
ture extraction, the Detail-Enhanced Convolution (DEConv)
module [33] is incorporated into selected C3k2 blocks of the
backbone. As illustrated in Fig. 2, the overall architecture of
the DE module and the structural diagram of the proposed
DEConv module are presented. By introducing differential
convolution operations, DEConv enhances the extraction
of edge, texture, and directional features, strengthening
local detail representation during the early stages of feature
learning. These enhanced representations provide a more
informative feature foundation for subsequent multi-scale
feature fusion and target localization.

Specifically, DEConv decomposes a conventional convo-
lution into five parallel branches, including vanilla convo-
lution (VC), center-difference convolution (CDC), angular-
difference convolution (ADC), horizontal-difference convo-
lution (HDC), and vertical-difference convolution (VDC).
Unlike conventional convolution, the four difference-
convolution branches capture complementary local gradient
variations from different directions, enabling the network
to learn richer edge, texture, and structural representations
while the vanilla convolution preserves regional semantic
information. By jointly exploiting these complementary rep-

resentations, DEConv enhances local detail perception and
strengthens feature representation during early-stage fea-
ture extraction. Furthermore, a structural re-parameterization
strategy is employed to merge the multi-branch architec-
ture into an equivalent convolution layer during inference,
thereby maintaining an efficient inference structure.

The DEConv module is particularly suitable for SAR ship
detection scenarios involving complex textures and strong
background noise. By enhancing edge and texture responses,
the module provides more discriminative local features for
subsequent multi-scale feature fusion and target detection.

Given an input feature map Fin, DEConv generates
the output feature map Fout. Through structural re-
parameterization, the resulting equivalent convolution main-
tains the same computational complexity and inference
efficiency as a standard convolution layer. The formulation
is expressed as:

Fout = DEConv(Fin) =

5∑
i=1

Fin ∗Ki

= Fin ∗

(
5∑

i=1

Ki

)
= Fin ∗Kcvt

(5)
Where DEConv ( · ) denotes the proposed detail-enhanced

convolution operation, Ki=1:5 represent the convolution
kernels of VC, CDC, ADC, HDC, and VDC, respectively,
and ∗ denotes the convolution operation.
Kcvt represents the equivalent convolution kernel ob-

tained after merging the parallel branches through re-
parameterization.

FIGURE 2. Architecture of the DE module and schematic illustration of the
DEConv mechanism [33].

2) Neck: Modulated Feature Fusion Module (MFM)
Building upon the enhanced feature representations pro-
duced by the backbone network, the neck network further
performs multi-scale feature aggregation to refine semantic
information.

Multi-scale feature fusion in conventional FPN- and
PANet-based architectures is typically implemented
through top-down and bottom-up information propagation
[32,49,57–59]. However, in SAR ship detection tasks, small
targets often occupy only a limited number of pixels within
shallow feature maps. During feature fusion, their weak
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responses may be overwhelmed by the strong activations
of deep semantic features. This issue becomes more
pronounced in complex maritime environments, where
dominant high-level semantic information may suppress
fine-grained structural details, thereby weakening the
representation of small target boundaries and local features
[3,8,23,57 – 59]. To alleviate this limitation, the Modulation
Fusion Module (MFM) [34] is incorporated into the neck
network to replace part of the conventional feature fusion
structure, enabling more effective interaction and adaptive
aggregation of multi-scale features.

As shown in Fig. 3, the proposed MFM performs adap-
tive multi-scale feature fusion through learnable modu-
lation factors along both channel and scale dimensions.
By dynamically adjusting feature responses, the module
emphasizes informative feature channels while improving
the integration of complementary information from different
feature levels. Specifically, multi-scale feature maps are
first processed through convolution layers to unify channel
dimensions. Then, Global Average Pooling (GAP) and a
shared Multi-Layer Perceptron (MLP) are applied to extract
global contextual information and generate channel-wise
feature importance descriptors, which are normalized via
a Softmax function to produce the channel-weight matrix.

The generated weights are then employed to adaptively
modulate feature responses before and after feature fusion,
enhancing informative representations while suppressing
less relevant information. Through this dynamic modulation
mechanism, MFM effectively balances low-level structural
details and high-level semantic information, helping to pre-
serve fine-grained edge and texture features of small targets
during feature aggregation. At the same time, the influence
of dominant large-scale target responses is moderated, al-
lowing the network to maintain robust target representations
across different scales under complex sea-surface condi-
tions.

Specifically, the module takes feature maps from different
paths as inputs, including the feature map (F̂ 1

legm) obtained
after local–global feature fusion in the encoder and the
shallow feature map (F 1

rc) processed by a 3 × 3 convo-
lution. To estimate feature importance, GAP is first applied
to extract global contextual information while preserving
channel-wise statistical characteristics. The resulting feature
descriptors are subsequently processed by a MLP, fol-
lowed by a Softmax normalization operation to generate the
weight matrix (A1

r,c). The generated weight matrix explicitly
characterizes the relative importance of individual feature
channels and serves as an adaptive modulation factor during
feature fusion, enabling the network to emphasize infor-
mative semantic responses while suppressing redundant or
less discriminative features. Consequently, complementary
information from different feature levels can be selectively
aggregated according to their contributions, resulting in
more discriminative multi-scale feature representations and
improved robustness under complex SAR scenes.

Based on the generated weights, the input feature maps

are adaptively reweighted through element-wise multipli-
cation ( ⊙). This operation enhances informative features
while suppressing less relevant responses, resulting in the
following fused representation:

F̂ 1
rc = A1

r,c ⊙ F̂ 1
legm +A1

r,c ⊙ F 1
rc (6)

Subsequently, feature concatenation and convolution op-
erations are employed to further integrate multi-channel
information and capture cross-channel contextual dependen-
cies, producing the final fused feature representation.

FIGURE 3. Schematic diagram of the MFM architecture [34].

3) Loss Function
The overall loss function of the proposed model consists of
three components: confidence estimation loss, bounding box
regression loss, and Distribution Focal Loss (DFL).

Given the complex maritime backgrounds, weak target
responses, and substantial noise interference inherent in
SAR imagery, this study adopts a composite loss function
within the YOLOv11 detection framework to jointly opti-
mize target discrimination and localization accuracy. The
overall objective consists of confidence loss [51], bounding
box regression loss [52], and Distribution Focal Loss (DFL)
[53], which are jointly optimized to improve classification
confidence, localization precision, and detection robustness
under challenging maritime environments.

The confidence loss is implemented using the Binary
Cross-Entropy (BCE) loss function [54], which distin-
guishes foreground targets from background regions by
measuring the discrepancy between predicted confidence
scores and ground-truth labels. As a fundamental supervi-
sion signal, it enhances the network’s ability to identify ship
targets in complex SAR scenes characterized by background
clutter and noise interference. The formulation is given as:
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Lcls = − 1

N

N∑
i=1

[yi log(pi) + (1− yi) log(1− pi)] (7)

Furthermore, the bounding box regression loss adopts
the Complete Intersection over Union (CIoU) loss [55] to
introduce additional geometric constraints for more accurate
spatial localization. Compared with conventional IoU-based
losses, CIoU incorporates complementary geometric factors,
including the distance between bounding-box centers and
aspect-ratio consistency, thereby providing more informative
optimization gradients. By jointly optimizing these geomet-
ric relationships, CIoU improves bounding-box alignment
and localization precision, which is particularly beneficial
for SAR imagery containing significant scale variations and
a large proportion of small ship targets. The CIoU loss is
defined as:

Lbox = 1− IoU +
ρ2(b,bδ)

c2
+ αv (8)

To further refine localization performance, especially for
small ships, Distribution Focal Loss (DFL) [53] is intro-
duced as a fine-grained regression refinement mechanism.
Unlike direct coordinate regression, DFL models bounding-
box coordinates as discrete probability distributions and
leverages a focal learning strategy to emphasize informative
localization positions during training. Through this proba-
bilistic formulation, neighboring positions jointly contribute
to boundary estimation, enabling more precise and stable
object boundary prediction under low signal-to-noise ratio
(SNR) conditions.

Finally, these components are jointly optimized in a
unified objective function defined as the weighted sum of
the three losses:

L = λclsLcls + λboxLbox + λdflLdfl (9)

Where Lcls, Lbox, and Ldfl denote the classification
loss, bounding-box regression loss, and Distribution Focal
Loss, respectively, while λcls, λbox, and λdfl represent the
corresponding weighting coefficients.

III. RESULTS
A. DATASET
The High-Resolution SAR Images Dataset (HRSID) [31] is
adopted as the primary dataset in this study. HRSID contains
5,604 high-resolution SAR images with spatial resolutions
ranging from 0.5 m to 3 m, and each image has a size of 800
× 800 pixels. The dataset covers diverse maritime scenes,
imaging geometries, and complex background conditions,
providing a representative benchmark for ship detection
tasks in practical scenarios.

The dataset includes ships of varying scales, orientations,
and densities, making it suitable for evaluating multi-scale
detection performance under complex environments.

To ensure a fair evaluation, the dataset is split into training
and validation sets with an 80:20 ratio, resulting in 4,483
training images and 1,121 validation images. All images are
resized and normalized before training to ensure consistent
input dimensions and intensity distribution.

B. IMPLEMENTATION DETAILS
All experiments were conducted on a workstation equipped
with an NVIDIA RTX 5090 GPU. The models were im-
plemented using PyTorch and the Ultralytics YOLOv11
framework.

To ensure a fair comparison among different models,
identical hyperparameter settings were applied across all
experiments. The input image size was fixed at 800 × 800
pixels, and each model was trained for 100 epochs with a
batch size of 16. Stochastic Gradient Descent (SGD) was
used as the optimization algorithm, with an initial learning
rate (lr0) of 0.01 and a learning rate decay factor (lrf) of
0.01, resulting in a final learning rate of lr0 × lrf = 0.0001.

From an efficiency perspective, the observed reduction
in inference speed from 769.23 FPS to 526.32 FPS is pri-
marily attributed to the additional computational overhead
introduced by the DEConv and MFM modules. Specifically,
DEConv introduces multiple parallel differential convolution
branches during feature extraction, while MFM performs
channel-wise modulation and global context aggregation
in the neck network. Although these operations increase
computational cost, they are designed to be lightweight and
are partially re-parameterized or simplified during inference.

Importantly, under a unified evaluation setting (batch size
= 1, FP16 inference with NMS enabled), DE-MFM-YOLO
still achieves an inference speed of over 500 FPS while
maintaining competitive detection performance, demonstrat-
ing its suitability for real-time SAR ship detection. It should
be noted that FPS values may vary across different hardware
and deployment backends; therefore, the reported results are
intended to reflect relative architectural efficiency under a
unified experimental setting.

C. COMPARISON WITH MAINSTREAM METHODS
To evaluate the effectiveness of the proposed method, exper-
iments were conducted on the HRSID dataset using several
representative object detection frameworks, including the
two-stage detector Faster R-CNN [15], the Transformer-
based detector RT-DETR [43], and lightweight one-stage
detectors from the YOLO family, including YOLOv8
– YOLOv12 [19][44][45][46]. Given the complex back-
grounds and substantial scale variations of ship targets
in SAR imagery, AP50 and mAP are particularly impor-
tant for assessing localization and detection performance
across different target sizes. Meanwhile, Precision and Re-
call provide complementary evaluations of classification
reliability and detection completeness under challenging
maritime conditions. Recent studies further demonstrate that
multi-scale feature enhancement and attention mechanisms
significantly improve robustness in cluttered SAR scenes,
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while transformer-based architectures enhance global con-
text modeling and small target sensitivity [60][61]. In ad-
dition, lightweight YOLO-based detectors with improved
feature fusion and re-parameterization strategies continue
to achieve strong trade-offs between accuracy and effi-
ciency for SAR ship detection tasks [62][63]. Furthermore,
denoising-enhanced and sparse transformer-based methods
have recently been proposed to mitigate speckle noise
and improve feature discriminability in complex maritime
environments [64]. The experimental results in terms of Pre-
cision, Recall, AP50, mAP, parameter count, and inference
speed (FPS) are summarized in TABLE I.

Overall, the proposed method achieves a favorable bal-
ance between detection performance and computational ef-
ficiency. Compared with the YOLOv11 baseline, it attains
an AP50 of 93.0%, along with a Precision of 91.7% and a
Recall of 85.4%. These improvements are achieved while
maintaining an inference speed of 526.32 FPS and a model
size of 7M parameters. The results indicate that the proposed
method improves detection accuracy without introducing
noticeable computational overhead.

Compared with YOLOv8-s, the proposed method shows
consistently better detection performance while maintaining
a compact model scale. It achieves an AP50 of 93.0%
and a Recall of 85.4%, while preserving high inference
efficiency. These results suggest improved capability in
small-target detection and multi-scale feature representation
without increasing model complexity.

The proposed approach also outperforms Faster R-CNN
with a ResNet-50 backbone, with an improvement of 6.5
percentage points in AP50, while also achieving signifi-
cantly higher inference speed. This demonstrates its advan-
tage for real-time SAR ship detection scenarios.

It is worth noting that the proposed method achieves per-
formance comparable to Transformer-based detectors such
as RT-DETR. Meanwhile, this performance is obtained with
lower computational cost. The model maintains a com-
pact parameter size (7.92M) and efficient inference speed,
without incurring the heavy computational burden typically
associated with Transformer-based architectures. These re-
sults indicate that a lightweight convolution-based design
can achieve competitive accuracy while maintaining a more
efficient balance between performance and computational
cost in SAR ship detection tasks.

D. VISUALIZATION RESULTS
As shown in Fig. 4, representative visualization examples
are presented to provide an intuitive comparison of detection
performance under different scenarios. Visual comparisons
of detection results were conducted among conventional ob-
ject detection models, representative YOLO-series models,
and the proposed DE-MFM-YOLO framework (see Fig. 1).

For a fair comparison, the best-performing baseline mod-
els and backbone variants were selected as reference meth-
ods when evaluating the effectiveness of DE-MFM-YOLO.
The visual results highlight the differences in localization

accuracy, target completeness, and small-object detection
capability among the compared approaches.

During inference, the confidence threshold was set to
0.75 and the Non-Maximum Suppression (NMS) threshold
was fixed at 0.6. These settings were chosen based on the
detection characteristics of the proposed model. Specifi-
cally, DE-MFM-YOLO is able to generate relatively reli-
able confidence predictions for ship targets, allowing more
valid detections to be retained while effectively suppressing
redundant or low-confidence predictions. As a result, the
selected parameter configuration provides a favorable bal-
ance between detection sensitivity and prediction reliability
during evaluation.

FIGURE 4. Comparison of the DE-MFM-YOLO model with traditional object
detectors and YOLO-series models.

Fig. 4 presents a visual comparison of different object
detection architectures for SAR ship detection. The conven-
tional Faster R-CNN exhibits noticeable missed detections
in densely distributed ship regions and shows relatively large
localization errors in certain scenarios. Although DETR
demonstrates improved performance in detecting continu-
ously distributed vessels, challenges remain in accurately
localizing targets located in high-density regions and near
image boundaries. The YOLO-series models provide effi-
cient detection performance; however, they may still suffer
from overlapping bounding boxes and reduced recall in
scenes containing small or densely distributed targets.

Compared with the reference methods, DE-MFM-YOLO
demonstrates improved detection performance under com-
plex maritime environments. In particular, the proposed
model exhibits stronger robustness in challenging scenarios
characterized by background clutter, including ports, coastal
regions, and rough sea conditions. The predicted bounding
boxes show better alignment with target boundaries, while
the occurrence of false detections is reduced.
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TABLE 1. Comparison results of different methods on the HRSID dataset.

Models Backbone or size P/% R/% AP50/% AP/% Params (M) FPS (img/s)

YOLOv8 s 91.5 81.9 90.4 65.7 3.01 500.00
YOLOv9 s 90.9 84.5 91.5 67.5 7.28 312.50
YOLOv10 s 88.4 83.1 88.5 65.1 8.06 476.19
YOLO11 s 91.9 83.9 91.5 68.7 2.58 769.23
YOLO12 s 92.2 82.7 91.6 68.6 2.56 454.54
Faster R-CNN R50 86.1 81.5 86.5 61.1 41.10 310.10
RT-DETR – 91.4 85.7 92.0 60.6 32.81 232.56
DE-MFM-YOLO (ours) – 91.7 85.4 93.0 70.1 7.92 526.32

The improvements can be attributed to the complementary
effects of the proposed DEConv and MFM modules. By
enhancing local edge and texture representations, DEConv
strengthens the feature responses of small ship targets
while suppressing background interference, thereby improv-
ing localization accuracy and reducing redundant detec-
tions. Meanwhile, the Modulation Fusion Module (MFM)
facilitates adaptive integration of multi-scale information,
enabling more effective feature aggregation across different
semantic levels. This capability is particularly beneficial in
densely distributed ship scenes, where accurate discrimina-
tion between adjacent targets is critical.

Overall, the proposed method achieves a favorable bal-
ance between detection accuracy and recall while main-
taining robust performance across different target scales
and background conditions. The qualitative results indicate
that DE-MFM-YOLO provides a reliable solution for SAR
ship detection, particularly in scenarios involving small
targets, dense target distributions, and complex maritime
environments.

E. ABLATION STUDIES
To evaluate the individual contributions and joint effective-
ness of the proposed DEConv and MFM modules, ablation
experiments were conducted by progressively introducing
these components into the YOLOv11 baseline model and
comparing different module combinations on the HRSID
dataset. The effectiveness of each module was further an-
alyzed by independently enabling DEConv and MFM to
examine their respective roles and their complementarity.
TABLE II reports the detection accuracy and inference
efficiency of the baseline model, the single-module variants
(DEConv only and MFM only), and the full model incor-
porating both modules.

According to the results presented in TABLE II, different
module combinations exhibit distinct impacts on detection
accuracy, recall, and inference efficiency. A detailed analysis
is provided as follows.
(1) Introducing DEConv only

When the Detail-Enhanced Convolution (DEConv) mod-
ule is incorporated into the backbone network, the detection
performance improves noticeably, with AP50 increasing to
92.6%, while Precision and Recall reach 92.6% and 84.3%,
respectively.

This improvement is primarily attributed to the enhanced
local feature extraction capability introduced by DEConv.
By integrating multiple differential convolution branches,
including center-difference and directional-difference filters,
DEConv strengthens the representation of edges, textures,
and fine-grained structural cues. This allows the network to
better capture weak ship signatures in SAR imagery, partic-
ularly for small vessels with low signal-to-clutter ratios.

From the ablation perspective, DEConv contributes most
directly to detection accuracy and localization quality, indi-
cating that improved feature representation at the backbone
stage is critical for SAR ship detection. This effect is also
clearly reflected in the visual results in Fig. 4, where models
equipped with stronger feature extraction ability exhibit
more accurate bounding-box alignment and fewer missed
small targets compared with conventional detectors.

In addition, DEConv helps mitigate boundary degradation
caused by speckle noise and sea clutter, leading to more
stable feature responses in complex maritime environments.
Although the multi-branch design introduces additional
computational operations, the structural re-parameterization
strategy ensures that the inference stage remains efficient,
with FPS reduced from 769.23 to 555.55 while still sat-
isfying real-time requirements. Overall, DEConv primarily
enhances feature discriminability, which is consistently re-
flected in both quantitative improvements and visual local-
ization quality.
(2) Introducing MFM only

When only the Modulation Fusion Module (MFM) is
introduced into the neck network, AP50 slightly increases
to 91.6%, while Precision and Recall decrease to 90.5% and
81.9%, respectively. Meanwhile, inference speed decreases
from 769.23 FPS to 666.67 FPS.

From the ablation results, MFM plays a role in feature
aggregation and multi-scale interaction, but its effectiveness
is highly dependent on the quality of backbone features.
Without sufficiently enhanced low-level representations, the
adaptive modulation mechanism may partially suppress
weak responses corresponding to small ship targets, leading
to limited gains in Recall.

This phenomenon is also consistent with the visual results
in Fig. 4, where models relying only on feature fusion
mechanisms tend to show incomplete detection of small or
densely distributed ships, especially in cluttered coastal or
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TABLE 2. Ablation study results on the HRSID dataset. ✓ indicates that the corresponding module is adopted, while × indicates that it is not included.

Models DEConv MFM P/% R/% AP50/% AP/% FPS (img/s)

YOLOV11 Baseline × × 91.9 83.9 91.5 68.7 769.23
+DEConv ✓ × 92.6 84.3 92.6 69.9 555.55
+MFM × ✓ 90.5 81.9 91.6 65.5 666.67

DEConv+MFM (ours) ✓ ✓ 91.7
85.4

(+1.50%)
93.0

(+1.64%)
70.1

(+2.04%) 526.32

port scenes. In such cases, some weak targets are either sup-
pressed or merged into surrounding background responses.

Nevertheless, MFM improves the overall balance of fea-
ture contributions across scales by dynamically reweight-
ing channel responses, which helps refine certain high-
confidence detections. This explains the slight improvement
in AP50 observed in the quantitative results. However, since
MFM focuses on feature redistribution rather than feature
enrichment, its standalone benefit remains limited, indicat-
ing that it functions more effectively as a complementary
module rather than an independent enhancement.
(3) Joint Introduction of DEConv and MFM

When DEConv and MFM are simultaneously integrated
into the network, the model achieves the best overall per-
formance, with AP50 reaching 93.0%, while Precision and
Recall increase to 91.7% and 85.4%, respectively.

The ablation results demonstrate that the two modules
exhibit strong complementarity: DEConv enhances low-
level feature representation by strengthening edge and tex-
ture information, while MFM improves high-level feature
interaction through adaptive multi-scale fusion. Their com-
bination enables the network to simultaneously improve
feature quality and feature utilization efficiency.

This complementary effect is clearly reflected in Fig. 4.
Compared with conventional detectors and baseline YOLO-
series models, the proposed method produces more complete
detections in densely distributed ship regions, with fewer
missed targets and reduced false positives. In particular,
small ship instances that are easily overlooked by other
methods are more consistently detected, and bounding boxes
show improved alignment with object boundaries.

Moreover, in complex backgrounds such as ports and
coastal regions, the combined effect of DEConv and MFM
significantly improves robustness. DEConv suppresses back-
ground interference at the feature extraction stage, while
MFM refines multi-scale semantic interaction, reducing re-
dundancy and improving target separability.

From the ablation perspective, the joint configuration
achieves the most stable trade-off between detection accu-
racy and inference efficiency. Although the computational
cost increases moderately, the model still maintains real-
time performance, indicating that the two modules enhance
performance in a mutually reinforcing manner rather than
introducing redundant computation.

Overall, both quantitative ablation results and qualitative
visual comparisons confirm that the integration of DEConv
and MFM leads to consistent improvements across localiza-

tion accuracy, recall, and robustness in complex SAR ship
detection scenarios.

IV. DISCUSSION
As demonstrated by the experimental results, the proposed
method achieves improved detection performance and in-
ference efficiency compared with the baseline model. How-
ever, the effectiveness of the proposed modules may vary
depending on their placement within the network archi-
tecture and their interaction with surrounding components.
Therefore, this section further investigates the influence of
different insertion positions of DEConv and MFM within the
YOLOv11 framework on overall detection performance.

A. OPTIMAL PLACEMENT OF DECONV AND MFM
MODULES
To investigate the optimal insertion positions of the DEConv
and MFM modules within the YOLOv11 architecture, a se-
ries of placement experiments were conducted. Specifically,
DEConv was introduced at different stages of the backbone
network, denoted as DE-1, DE-2, and DE-3, while MFM
was inserted at different locations within the neck network,
denoted as M-1 and M-2. The corresponding module place-
ment configurations are illustrated in Fig. 5 and Fig. 6,
where the experiment identifiers are consistent with those
reported in TABLE III. TABLE III summarizes the detection
performance of all experimental configurations in terms of
Precision, Recall, AP50, AP, and inference speed (FPS).
These results provide a quantitative basis for evaluating the
influence of different module insertion positions on both
detection accuracy and computational efficiency.

FIGURE 5. Alternative insertion positions of the DEConv module in the
YOLOv11 backbone. PX/Y denotes the feature map at pyramid level X (X = 2,
3, 4, 5), where Y indicates the down-sampling factor. The positions indexed by
i (i = 1, 2, 3) correspond to the three experimental groups (DE-i) listed in Table
III.
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FIGURE 6. Alternative insertion positions of the MFM module in the YOLOv11
neck network. The positions indexed by i (i = 1, 2) correspond to the two
experimental groups (M-i) in Table III.

TABLE 3. Impact of inserting DEConv and MFM at different positions

Model P/% R/% AP50/% AP/% FPS (img/s)

Baseline 91.9 83.9 91.5 68.7 769.23
DE-1 91.4 83.3 92.1 68.3 555.55
DE-2 91.3 83.2 91.6 67.2 588.24
DE-3 90.8 82.8 90.9 65.9 625.00
M-1 91.7 84.9 92.8 69.1 500.00
M-2 90.8 86.7 93.0 70.6 454.55
ours 91.7 85.4 93.0 70.1 526.32

The experimental results indicate that introducing the
DEConv module alone (DE-1/DE-2/DE-3) does not lead
to substantial improvements in detection accuracy and, in
some configurations, may even result in a slight perfor-
mance decline. One possible reason is that the additional
computational complexity introduced by DEConv increases
the processing burden of the network, leading to a reduction
in inference speed. Moreover, applying DEConv only to
shallow or intermediate feature layers may not be sufficient
to consistently enhance localization and classification per-
formance. In some cases, it may also affect the balance
between semantic and spatial information across different
feature levels. These observations suggest that the effective-
ness of local feature enhancement depends on the overall
feature propagation process and may require complementary
mechanisms to fully exploit its advantages.

Although the MFM module does not lead to substantial
improvements across all evaluation metrics when deployed
independently, it generally enhances Recall and promotes
more effective multi-level feature interaction. A possible
explanation is that MFM relies on sufficiently discriminative
low-level features. Without the support of DEConv, the
adaptive modulation mechanism may suppress weak small-
target responses together with background noise, thereby
limiting the overall performance gain under certain con-
figurations. Nevertheless, MFM provides a more effective
feature fusion strategy and establishes favorable conditions
for subsequent collaborative optimization. In particular, a
relatively conservative placement strategy (e.g., M-1) im-
proves detection performance while maintaining moderate

inference efficiency, whereas a deeper placement config-
uration (e.g., M-2) further enhances feature fusion capa-
bility and achieves the highest AP among the evaluated
configurations. However, this improvement is accompanied
by a noticeable reduction in inference speed. These results
highlight the trade-off between feature fusion effectiveness
and computational efficiency when selecting the insertion
position of MFM. Although M-2 achieves slightly higher
AP, it introduces a larger computational burden and lower
inference speed. Therefore, the final configuration was
selected by jointly considering detection accuracy, model
complexity, and deployment efficiency.

These findings suggest that feature fusion alone may not
fully exploit its advantages when the underlying feature rep-
resentations remain insufficiently discriminative. Therefore,
enhancing feature extraction and feature fusion simultane-
ously becomes a more effective design strategy.

Based on the above observations, DEConv and MFM
were jointly incorporated into the overall network archi-
tecture. Under this integrated design, DEConv enhances
the representation capability of key feature extraction lay-
ers, while MFM strengthens information interaction and
coordination across different feature levels during feature
fusion. Although the parameter increase introduced by DE-
Conv and MFM is relatively small, the additional feature
interaction, adaptive modulation, and feature aggregation
operations increase computational complexity and reduce
inference speed to some extent. This observation indicates
that parameter count alone does not fully reflect the actual
computational cost of a network. Nevertheless, the proposed
architecture achieves a more balanced trade-off between
detection performance and inference efficiency, maintaining
favorable Recall and AP metrics while achieving higher
inference speed than the M-2 configuration. These findings
further demonstrate that collaborative optimization of fea-
ture extraction and feature fusion modules is an effective
strategy for lightweight object detection networks. From an
efficiency perspective, the observed reduction in inference
speed from 769.23 FPS to 526.32 FPS is primarily attributed
to the additional computational overhead introduced by the
DEConv and MFM modules. Specifically, DEConv intro-
duces multiple parallel differential convolution branches
during feature extraction, while MFM performs channel-
wise modulation and global context aggregation in the neck
network. Although these operations increase computational
cost, they are designed to be lightweight and are partially
re-parameterized or simplified during inference. Importantly,
under a unified evaluation setting (batch size = 1, FP16 infer-
ence with NMS enabled), the proposed model still achieves
more than 500 FPS, which significantly exceeds the real-
time requirements of practical SAR ship monitoring systems
(typically 25 – 60 FPS). Therefore, the trade-off between
detection accuracy and moderate computational overhead is
considered acceptable for real-world deployment scenarios.
To ensure fairness, the FPS of all compared models was
measured under the same evaluation protocol. The observed
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decrease in inference speed is primarily attributed to the
additional computational branches introduced by DEConv
and the feature modulation operations in MFM. Therefore,
the comparison reflects architectural differences rather than
implementation bias.

B. COMPARISON WITH SIMILAR METHODS
To quantitatively evaluate the effectiveness of the pro-
posed DEConv and MFM modules, several representative
lightweight and attention-based modules were incorporated
into the YOLOv11s baseline for comparative analysis.
Specifically, StarNet [38], FSAS [39], GSConv [40], and
SCSA [41] were selected as reference methods. This com-
parison aims to evaluate the effectiveness of the proposed
modules in terms of feature representation, detection ac-
curacy, and overall network efficiency. The experimental
results are summarized in TABLE IV.

TABLE 4. Comparison of different modules (baseline: YOLOv11s).

Model P/% R/% AP50/% AP/% FPS (img/s)

Baseline 91.9 83.9 91.5 68.7 769.23
+StarNet 90.3 78.4 87.8 59.3 212.77
+FSAS 91.8 83.3 91.4 66.3 166.67
+GSConv 90.6 83.7 92.1 67.8 112.36
+SCSA 91.0 82.7 90.4 65.2 128.21

DE-MFM-YOLO (ours) 91.7
85.4

(+1.5%)
93.0

(+1.5%)
70.1

(+1.4%) 526.32

performance and computational efficiency in distinct
ways, reflecting varying trade-offs between accuracy and
inference speed.

Among the compared methods, the integration of the
StarNet module results in a slight decrease in detection ac-
curacy. A possible explanation is that the additional feature
aggregation operations introduce redundant contextual infor-
mation, which may weaken the discriminative representation
of small ship targets in SAR imagery. Similarly, although
the SCSA module introduces only a limited increase in
model complexity, its attention mechanism may emphasize
background responses together with target features, thereby
reducing the effectiveness of feature selection for small and
weak ship targets. These observations suggest that directly
introducing generic feature enhancement modules does not
necessarily guarantee improved performance for SAR ship
detection, where target characteristics and background dis-
tributions differ substantially from those of natural images.

From the perspective of inference efficiency, the baseline
model achieves an inference speed of 769.23 FPS, demon-
strating strong real-time capability. As expected, the intro-
duction of additional modules generally increases computa-
tional overhead and reduces inference speed. In particular,
StarNet and FSAS introduce more complex feature interac-
tion operations and attention mechanisms, resulting in FPS
values of 212.77 and 166.67, respectively. In contrast, the
grouped-convolution design adopted by GSConv effectively
reduces redundant computations, enabling the model to

maintain a relatively higher inference speed of 112.36 FPS
while preserving competitive detection performance. These
results indicate that lightweight architectural designs remain
important for balancing detection accuracy and deployment
efficiency in practical SAR ship detection scenarios.

Compared with the above methods, the proposed DEConv
and MFM modules exhibit stronger complementarity. DE-
Conv enhances local feature representation and strengthens
the extraction of discriminative ship characteristics, while
MFM promotes effective information interaction among
multi-scale feature maps during feature fusion. The combi-
nation of these two modules enables the network to simulta-
neously improve feature extraction and feature fusion capa-
bilities, thereby achieving superior overall detection perfor-
mance. Experimental results demonstrate that the proposed
DE-MFM-YOLO achieves a favorable balance between
detection accuracy and inference efficiency, outperforming
the baseline model and other enhanced variants in terms
of overall effectiveness. These findings further indicate that
collaborative optimization of feature extraction and feature
fusion is a more effective strategy for lightweight SAR ship
detection than introducing a single generic enhancement
module.

V. CONCLUSION
Small targets, blurred appearances, and large variations
in object scale are persistent challenges in SAR-based
ship detection for practical maritime monitoring systems.
These issues significantly degrade feature discriminability
and hinder robust detection performance under complex sea
clutter and imaging conditions. To address these issues,
this study proposes an efficient ship detection framework
based on an enhanced YOLOv11 architecture. A Detail-
Enhanced Convolution (DEConv) module is introduced into
the backbone to strengthen edge and texture representations,
enabling more discriminative feature learning in complex
SAR scenes. In addition, a Modulation Fusion Module
(MFM) is embedded in the neck to adaptively reweight
multi-scale features through learnable modulation factors,
improving feature aggregation across different semantic
levels. The resulting architecture enhances representation
capability while maintaining real-time detection efficiency,
which is essential for large-scale maritime monitoring ap-
plications.

Experimental results on the HRSID dataset demonstrate
consistent improvements over the baseline and represen-
tative methods. In particular, AP50 increases from 91.5%
to 93.0% while maintaining comparable model complexity
and real-time inference capability. Qualitative results further
show improved localization accuracy in challenging scenar-
ios, including densely distributed vessels, low-contrast tar-
gets, and significant scale variations. These results indicate
strong potential for reliable automated maritime perception
in real-world environments.

Overall, this study provides an effective and efficient
solution for SAR ship detection and contributes to sus-
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tainable maritime monitoring systems, including maritime
traffic supervision, illegal fishing detection, and marine
environmental protection. Future work will focus on improv-
ing robustness under complex maritime conditions such as
dense ship distribution and strong speckle noise, as well as
enhancing feature representation for more challenging SAR
scenes.
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