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Abstract. Single-source remote sensing object detection using optical
or SAR images struggles in complex environments. Optical images offer
rich textural details but are often affected by low-light, cloud-obscured,
or low-resolution conditions, reducing the detection performance. SAR
images are robust to weather, but suffer from speckle noise and limited
semantic expressiveness. Optical and SAR images provide complemen-
tary advantages, and fusing them can significantly improve the detection
accuracy. However, progress in this field is hindered by the lack of large-
scale, standardized datasets. To address these challenges, we propose
a new comprehensive dataset for optical-SAR fusion object detection,
named Multi-resolution, Multi-polarization, Multi-scene, Multi-source
SAR dataset (M4-SAR). It contains 112,174 instance-level aligned im-
age pairs and nearly one million labeled instances with arbitrary orienta-
tions, spanning six key categories. To enable standardized evaluation, we
develop a unified benchmarking toolkit that integrates six state-of-the-
art multi-source fusion methods. Additionally, we propose E2E-OSDet, a
novel end-to-end multi-source fusion detection framework that mitigates
cross-domain discrepancies and establishes a robust baseline for future
studies. Extensive experiments on M4-SAR demonstrate that fusing op-
tical and SAR data can improve mAP by 5.7% over single-source inputs,
with particularly significant gains in complex environments.

Keywords: Scene analysis and understanding · Dataset · Benchmark ·
Synthetic aperture radar (SAR) · Optical-SAR object detection

1 Introduction

With the rapid development of deep learning techniques, single-source object
detection (e.g., optical [10, 13, 19, 24, 31, 32, 41, 44] or synthetic aperture radar
(SAR) [9, 36, 51, 54]), and multi-source object detection (optical-SAR [23, 65])
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Fig. 1: Examples of scenes and six key target categories in the proposed M4-SAR
dataset, accompanied by instance size and aspect ratio distributions.

have garnered significant attention in the remote sensing field. These methods
have demonstrated remarkable effectiveness in applications, including disaster
monitoring and urban planning. As shown in Fig. 1 (c), optical images provide
high-resolution visual cues with rich texture, color, and spectral information,
facilitating fine-grained feature extraction and semantic interpretation under
clear atmospheric conditions. However, their detection performance degrades
markedly under low-light, cloud-obscured, or low-resolution conditions (see Fig. 1
(a)). Despite these drawbacks, the intuitive appearance and broad availability of
optical data have fueled significant advancements in optical image object detec-
tion [4,6,29,30,72]. In contrast, SAR sensors enable all-weather, all-day imaging,
resilient to cloud cover and illumination changes. However, the inherent speckle
noise and low contrast arising from microwave backscatter present significant
obstacles to precise localization and classification. Moreover, constructing large-
scale SAR datasets [1, 16, 20, 25, 58, 60, 71] is hindered by the high cost of data
acquisition and the laborious fine-grained annotation. Although optical and SAR
images exhibit strong complementarity in spatial resolution and environmental
robustness, existing single-source [33, 42, 43, 45, 47, 68] and multi-source object
detection methods [3, 14, 62, 66] face challenges in addressing cross-domain dis-
tribution shifts and suffer from the absence of a standardized evaluation bench-
mark. To enable robust detection in complex scenarios, there is an urgent need
for a large-scale optical-SAR fusion object detection dataset and a standardized
benchmarking toolkit.

Currently, a major bottleneck in optical-SAR fusion object detection lies in
the lack of large-scale, high-quality, and standardized datasets. As shown in Ta-
ble 1, most existing SAR datasets are limited to single-source data, suffering
from limited scale, narrow category coverage, or inconsistent annotations. For
example, HRSID [57], SADD [67], SSDD [69], SIVED [26], and ShipDataset [56]
exhibit notable limitations in terms of category diversity and dataset scale. In
recent years, the emergence of larger-scale datasets such as SARDet-100K [25],
FAIR-CSAR [58], and RSAR [71] has partially addressed these limitations. How-
ever, these datasets are often synthesized by standardization of data from multi-
ple sources, potentially introducing bias during data preprocessing and compro-
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Table 1: Comparison between existing optical and SAR object detection datasets and
the proposed M4-SAR dataset. O and S denote optical and SAR data, respectively.

Dataset O S Resolution Image Size Cat. Instances Images Ins/Img
HRSC2016 [29] ✓ ✗ 0.4M ∼ 2M 300 ∼ 1,500 1 2,976 1,061 2.80
LEVIR [72] ✓ ✗ 0.2M ∼ 1M 600×800 3 11,028 21,952 0.50
DIOR-R [4] ✓ ✗ 0.5M ∼ 30M 800×800 20 190,288 23,463 8.11
DOTA-v1.0 [6] ✓ ✗ - 800 ∼ 4,000 15 188,282 2,806 67.10
HRSID [57] ✗ ✓ - 800×800 1 16,969 5,604 3.03
SADD [67] ✗ ✓ - 224×224 1 7,835 883 8.87
SSDD [69] ✗ ✓ - 512×512 1 2,587 1,160 2.23
SIVED [26] ✗ ✓ - 512×512 1 12,013 1,044 11.51
ShipDataset [56] ✗ ✓ - 256×256 1 50,885 39,729 1.28
MSAR [59] ✗ ✓ - 256×256 4 65,202 30,158 2.16
SARDet-100K [25] ✗ ✓ - 512×512 6 245,653 116,598 2.11
FAIR-CSAR [58] ✗ ✓ - 1,024×1,024 5 349,002 106,672 2.11
RSAR [71] ✗ ✓ - 512×512 6 183,534 95,842 1.91
OGSOD-1.0 [53] ✓ ✓ 20M 256×256 3 48,589 18,331 2.65
OGSOD-2.0 [52] ✓ ✓ 20M 256×256 3 54,000 20,359 2.65
M4-SAR (Ours) ✓ ✓ 10M, 60M 512×512 6 981,862 112,174 8.75

mising the fairness of model evaluation. Moreover, constructing paired optical-
SAR datasets is prohibitively expensive: acquiring SAR data is already costly,
and the acquisition of spatio-temporally aligned optical images is even more
difficult, further limiting the construction of multi-source datasets.

Although OGSOD-1.0 [53] and OGSOD-2.0 [52] represent pioneering efforts
in optical-SAR multi-source data, they are primarily designed for cross-modal
knowledge distillation. Moreover, their test sets consist solely of SAR images,
which limits their applicability for end-to-end multi-source fusion object detec-
tion (Other related work can be found in Appendix 8.). To address this issue,
we constructed the novel optical-SAR fusion object detection dataset (M4-SAR)
covering multi-resolution, multi-polarization, multi-scene, and multi-source us-
ing publicly available optical and SAR data provided by Sentinel-1 [48], and
Sentinel-2 [8] satellites. To overcome SAR annotation challenges, we propose a
semi-supervised optical-assisted labeling strategy that utilizes optical images’
semantic richness to substantially improve annotation quality. As illustrated in
Fig. 1 and Table 1, M4-SAR includes six key target categories with 112,174 im-
age pairs and 981,862 instances. M4-SAR surpasses existing datasets in instance
volume and image numbers, establishing a robust benchmark for multi-source
fusion object detection in complex scenarios.

Another important challenge is the lack of publicly available algorithms tai-
lored for optical-SAR fusion object detection. Most existing studies are based
on single-source datasets or evaluated on limited scenarios, making it diffi-
cult to conduct fair performance comparisons. To bridge this gap, we intro-
duce Multi-Source Rotated Object Detector (MSRODet), an open-source toolkit
that integrates state-of-the-art fusion detectors (e.g., MHFNet [70], CFT [37],
CLANet [14], CSSA [3], CMADet [40], ICAFusion [39], and MMIDet [63]), pro-
viding a standardized evaluation framework for researchers utilizing the M4-SAR
dataset. MSRODet not only enables fair and reproducible benchmarking across
different fusion methods but also lays a solid foundation for the development of
future multi-source fusion object detection algorithms.
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Fig. 2: Pipeline for M4-SAR dataset construction.

Moreover, extensive experiments demonstrate that the intrinsic differences in
the imaging mechanisms of optical and SAR sensors lead to significant domain
gaps (Fig. 4 (a)), thereby constraining the performance of optical-SAR fusion
object detection. To address this issue, we propose the first end-to-end framework
for optical-SAR fusion object detection, termed E2E-OSDet. This framework
effectively fuses features from both modalities, alleviates cross-modal domain
gaps, and results in significant improvements in detection performance.

The main contributions of this work are summarized as follows:

– A Novel Optical-SAR Dataset: M4-SAR is a novel optical-SAR fusion
object detection dataset with multi-resolution, multi-polarization, and multi-
scene characteristics, containing 112,174 image pairs and 981,862 instances.
This dataset comprehensively covers complex scenes and diverse target cate-
gories frequently encountered in multi-source fusion detection tasks, thereby
providing a robust foundation for advancing research in this field.

– Multi-source Evaluation Toolkit (MSRODet) and E2E-OSDet: We
construct MSRODet, a comprehensive benchmarking toolkit incorporating
state-of-the-art fusion object detection methods tailored for optical-SAR fu-
sion object detection, which provides a standardized and reproducible evalu-
ation platform based on the M4-SAR dataset. In addition, we propose E2E-
OSDet, a novel end-to-end optical-SAR fusion object detection framework,
which effectively mitigates significant cross-domain discrepancies between
optical and SAR modalities at the feature level.

2 M4-SAR Dataset Construction

2.1 Overview of the Proposed Dataset Construction Pipeline

Fig. 2 illustrates the overall pipeline of the proposed dataset construction pro-
cess. In the first stage, we acquire optical and SAR images from Sentinel-1 and
Sentinel-2 satellites provided by the European Space Agency (ESA). In the sec-
ond stage, the acquired images are pre-processed and aligned. After completing
the alignment, we crop aligned image pairs into fixed-size patches to generate
initial unlabeled samples. In the third stage, we introduce a semi-supervised
annotation strategy guided by optical images to ensure high-quality labeling.
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2.2 Data Collection

In Fig. 2 (a), we collected the required data via the open-access platform provided
by the ESA. A map-based selection tool was used to specify areas of interest,
covering representative coastal cities, including Tianjin, Los Angeles, Hong Kong,
and London. We then retrieved SAR images along with their corresponding
digital elevation model (DEM) data according to specific criteria. For optical
imagery, Sentinel-2 images covering the same regions as the Sentinel-1 data were
acquired, specifically including the red (R), green (G), and blue (B) spectral
bands. To minimize variations caused by temporal discrepancies between the
two modalities, we selected image pairs with a time interval of less than 10 days.
This setting ensures that targets of interest (e.g., bridges, oil tanks) maintain
structural consistency within the short interval, thereby enhancing the accuracy
of subsequent instance-level alignment. The product type for optical images is
L2A, with cloud coverage limited to 0–10% (the corresponding cloud-free (0%)
images are used for high-quality annotation) to guarantee high visual fidelity. The
SAR images are provided in the Single Look Complex (SLC) format to preserve
full coherence information. The collected data span the period from 2020 to
2022 and encompass multiple spatial resolutions and polarization modes. The
optical images have 10M, 20M, and 60M resolutions, and the SAR data cover
both vertical-horizontal (VH) and vertical-vertical (VV) polarizations.

2.3 Data Processing

As shown in Fig. 2 (b), we combined the red, green, and blue channels to gener-
ate standard optical images using data processing software (ENVI). The optical
images were provided in three spatial resolutions: 10M, 20M, and 60M. To high-
light the complementary characteristics of optical and SAR images, we retained
only the high-resolution (10M) and low-resolution (60M) variants. For the SAR
data, we first applied multi-look averaging to the SLC images in both the az-
imuth and range directions to reduce speckle effects and improve radiometric
resolution. Subsequently, filtering techniques were employed to suppress speckle
noise. Using the corresponding DEM data, we geocoded and radiometrically
calibrated the SAR images and conducted geometric alignment and correction
to improve spatial localization precision. After preprocessing, the optical and
SAR images were aligned based on their geographic coordinates. As the overlap
between the two modalities was partial, the aligned image pairs were cropped
into 1,024×1,024 patches, and only those with valid overlapping regions were
retained for subsequent annotation. Notably, this initial cropping was intended
to facilitate efficient manual annotation. After annotation was completed, we
further partitioned the annotated images into non-overlapping 512×512 patches
to meet the demands of different downstream applications.

2.4 Data Annotation and Label Mapping

As the acquisition times of Sentinel-1 [48] and Sentinel-2 [8] are not perfectly
synchronized, instance-level alignment of dynamic targets (e.g., ships) becomes
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difficult, which compromises the accuracy of label transfer. To address this issue,
we focus on static and semantically meaningful targets, such as bridges, harbors,
oil tanks, playgrounds, airports, and wind turbines, and annotate them using ori-
ented bounding boxes. SAR’s unique imaging characteristics cause ambiguous
target boundaries, challenging accurate annotation by non-experts. In contrast,
optical images (cloudless) provide clearer visual cues that facilitate both target
identification and annotation transfer. With precise alignment, annotations de-
rived from optical images can be reliably transferred to SAR images, thereby
significantly reducing manual annotation costs.

Given the scale of the dataset, fully manual labeling is both time-consuming
and labor-intensive. To address this challenge, we propose a semi-supervised
annotation strategy, as illustrated in Fig. 2 (c). The procedure involves the
following steps: First, 5% of the entire cloudless optical images are manually
annotated, ensuring that each selected image contains all six target categories:
bridges, harbors, oil tanks, playgrounds, airports, and wind turbines. This subset
establishes a high-quality foundation for subsequent annotation. Once manually
labeled, a detector [17] is trained using this subset (with the same data used
for both training and evaluation during the initial phase). The trained model is
then employed to generate pseudo-labels for an additional 5% of the data, which
are subsequently refined through manual correction and added to the labeled
set. This updated set is used to retrain the detector in the next iteration. The
annotation process is repeated iteratively until the full dataset is labeled. During
this procedure, images without valid target instances are excluded to enhance
annotation efficiency of the M4-SAR dataset.

During the annotation process, we use cloud-free images to ensure annotation
accuracy. After annotation is complete, the cloud-free images are replaced with
the corresponding cloud-containing images. Based on instance-level alignment,
we achieve high-quality label transfer, enabling accurate projection of annotation
information from optical images to their corresponding SAR counterparts. As a
result, we construct M4-SAR, the large-scale dataset for optical-SAR fusion ob-
ject detection, which offers a solid foundation for subsequent method evaluation
and algorithm development. More dataset details are presented in Appendix 7.

2.5 Data Analysis

As shown in Table 1, our proposed M4-SAR dataset comprises 112,174 image
pairs, 981,862 instances, and six representative target categories: bridges, har-
bors, oil tanks, playgrounds, airports, and wind turbines. Each image has a
resolution of 512×512 pixels and contains an average of 8.75 instances, high-
lighting the dense object distribution typical in remote sensing scenes. As illus-
trated in Fig. 1 (c), rotated bounding boxes offer significantly higher localiza-
tion accuracy compared to horizontal bounding boxes. The challenge analysis of
category-specific attributes in the M4-SAR dataset is presented as follows:

– Aspect Ratio Challenge: The aspect ratio of an object plays a critical role
in detection accuracy. Fig. 1 (b) illustrates the distribution of aspect ratios
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Fig. 3: Statistical visualization of category attributes in the proposed M4-SAR dataset.
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across categories. When the aspect ratio approaches 1, targets tend to appear
square, potentially leading to recognition ambiguities. Conversely, extremely
large aspect ratios increase the model’s sensitivity to object shapes, thus
posing additional challenges to accurate detection.

– Angle Diversity Challenge: All target orientation angles are normalized
to θ (θ ∈ [0, π/2), consistent with YOLO-OBB [17] rules.), and their distri-
butions are visualized in Fig. 3 (a). Notably, offshore wind turbines tend to
exhibit square-like appearances, with orientation angles predominantly dis-
tributed to 0◦ and 90◦ due to the absence of surrounding reference structures
and the top-down perspective of satellite imagery. Although oil tanks are
circular, their labeled angles are contextually defined based on surrounding
spatial features. This highlights the importance of contextual cues in remote
sensing images and reflects the task’s sensitivity.

– Category Imbalance Challenge: Fig. 3 (b) displays the distribution of
instances by category, revealing that bridges (43.64%) constitute the largest
proportions in the dataset. This imbalance reflects the actual occurrence
frequency of typical targets in coastal regions: static infrastructure such as
bridges and oil tanks dominates satellite imagery. The relatively low num-
ber of harbor (2.83%) instances is primarily due to their extensive spatial
coverage, with a single port typically corresponding to a single instance.

– Scale Inconsistency Challenge: Fig. 3 (c) illustrates the average pixel
area of each category, highlighting the substantial variation in object scales
across different categories. Such large discrepancies in object size (i.e., object
area) introduce a critical and commonly encountered challenge for robust
object detection, as models must simultaneously handle extremely small and
large targets within a unified framework.

– Modal Weak Alignment Challenge: The optical and SAR images are
aligned only using geographic coordinates, resulting in coarse rather than
pixel-level correspondence. Together with non-simultaneous acquisitions and
dynamic scene changes, this leads to notable cross-modal misalignment, as
reflected by the low Mean Squared Error (MSE: 0.0662), Structural Simi-
larity Index Measure (SSIM: 0.1256), and Mutual Information (MI: 0.1729)
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scores shown in Fig. 3 (d). This weak alignment poses a significant challenge
for multi-source fusion object detection.

3 Evaluation Tools and Methods

3.1 Optical-SAR Fusion Object Detection Tools (MSRODet)

Due to the lack of publicly available methods specifically designed for optical-
SAR fusion object detection, conducting a fair performance comparison remains
challenging. To address this limitation, we propose a Multi-Source Rotated De-
tector (MSRODet) built upon existing multi-source detection frameworks (e.g.,
RGB-infrared, RGB-depth). MSRODet integrates several representative meth-
ods, including MHFNet [70], CFT [37], CLANet [14], CSSA [3], CMADet [40],
ICAFusion [39], and MMIDet [63], thereby providing a standardized and acces-
sible benchmark for evaluating optical-SAR fusion object detection approaches.
As shown in Fig. 4 (a), empirical analysis reveals that significant domain gaps
remain a primary obstacle to effective optical-SAR fusion. These discrepancies
primarily arise from fundamental differences in visual characteristics and imag-
ing mechanisms between optical and SAR modalities. Consequently, designing
detection frameworks specifically tailored to optical-SAR fusion is essential for
enhancing overall detection performance.
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3.2 End-to-End Optical-SAR Fusion Object Detection (E2E-OSDet)

Multi-source fusion object detection remains underexplored in the context of
optical-SAR fusion, and significant limitations persist in addressing domain dis-
crepancies between optical and SAR data. As shown in Fig. 4 (b), to address
these challenges, we propose a novel end-to-end optical-SAR fusion object detec-
tion framework, termed E2E-OSDet, which systematically addresses cross-modal
challenges across three levels: data input, domain alignment, and feature fusion.

Filter Augment Module (FAM): First, to reduce the domain gap between
optical and SAR images, we propose a Filter Augment Module (FAM, Fig. 4 (c))
leveraging classical image filtering operators (e.g., HOG [5], Canny [2], Haar [49],
Grad [21], and WST [35]). This module transforms the low-dimensional and
sparse SAR representations into a more discriminative high-dimensional space,
effectively mitigating the impact of domain differences.

Cross-modal Mamba Interaction Module (CMIM): Second, most ex-
isting methods focus on spatial-level fusion but often neglect the discrepancies
in the feature domain. Mamba [11] possesses strong state-space modeling capa-
bilities, which enables effective cross-modal sequence-level interactions and alle-
viates feature domain bias. However, current Mamba-based methods [7, 15, 64]
are hindered by complex architectures and intricate interaction mechanisms,
limiting their practical applicability. To address this, we propose a Cross-modal
Mamba Interaction Module (CMIM, Fig. 4 (d)), which enables deep cross-modal
interactions through simple and efficient operations.

Area-Attention Fusion Module (AFM): Finally, to further enhance the
discriminability of fused features across different spatial regions, we introduce
an Area-Attention Fusion Module (AFM). This module captures salient features
of local targets and strengthens responses in critical regions, thereby enhancing
the effectiveness of feature fusion. The detailed structure of AFM is illustrated
in Fig. 4 (e). For additional E2E-OSDet details, please refer to Appendix 9.

4 Experiments and Analysis

4.1 Experiment Setup and Implementation Details

Experiments were conducted on two NVIDIA RTX 4090 GPUs. All fusion mod-
els (MSRODet, COMO, and the proposed E2E-OSDet) were trained over 300
epochs with the SGD optimizer, using a learning rate of 0.01, momentum of
0.937, and weight decay of 5×10−4. The batch size was set to 64, and the input
images were resized to a resolution of 512×512. To ensure fair performance eval-
uation, all methods were evaluated using a unified framework comprising the
YOLOv11 [17] backbone and the oriented detection head from YOLOv8 [17].
These fusion models were trained from scratch, without leveraging any pre-
trained weights. During evaluation, we adopted the standard COCO evaluation
protocol to measure Average Precision (AP), including AP50, AP75, and mAP .
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Table 2: Quantitative results on the M4-SAR. O and S denote optical and SAR
data, respectively. Param. denotes the parameter count of the model. Inf.T indicates
inference time per image. The best two results are highlighted in Black and mark.

Method O S Param. FLOPs Inf.T AP50 ↑ AP75 mAP
(M) ↓ (G) ↓ (ms) ↓ Bri. Har. Oil. Ply. Apr. Win. ALL ↑ ↑

R-FCOS [47] ✓ ✗ 31.9 51.6 17.6 32.8 79.8 29.7 67.0 78.9 54.8 57.2 26.4 30.2
R-ATSS [68] ✓ ✗ 36.0 51.9 19.1 33.2 80.0 29.3 66.6 78.3 54.8 57.0 27.1 30.0
O-RepPoint [22] ✓ ✗ 36.6 48.6 16.1 39.7 71.9 21.2 56.3 65.5 53.1 51.3 17.9 26.7
RTMDet [34] ✓ ✗ 8.9 51.0 11.1 34.0 79.8 30.3 61.1 79.1 55.9 56.7 26.5 29.2
PSC [61] ✓ ✗ 31.9 51.7 18.3 30.7 79.7 25.9 57.4 78.1 49.4 53.5 26.2 28.5
LSKNet [24] ✓ ✗ 21.8 43.0 20.4 42.9 80.6 34.9 78.4 79.1 54.0 61.6 31.2 34.0
YOLOv5 [17] ✓ ✗ 8.1 12.8 7.2 61.4 88.0 56.6 76.4 91.3 91.8 77.6 59.8 52.9
YOLOv6 [18] ✓ ✗ 16.0 27.7 6.1 57.6 82.1 52.7 67.6 89.4 90.4 73.3 64.9 48.8
YOLOv8 [17] ✓ ✗ 10.0 15.7 6.7 63.6 88.6 57.9 80.0 91.3 92.5 79.0 61.6 54.4
YOLOv9 [55] ✓ ✗ 6.4 15.1 14.4 61.9 87.7 55.3 74.4 90.0 92.4 76.9 58.9 52.5
YOLOv10 [50] ✓ ✗ 7.5 14.5 7.8 65.2 89.9 58.8 82.3 90.8 93.5 80.1 62.8 55.7
YOLOv11 [17] ✓ ✗ 9.7 14.4 6.5 64.3 90.0 57.8 80.7 90.9 91.5 79.2 60.5 54.3
YOLOv12 [46] ✓ ✗ 9.4 14.4 13.4 62.7 88.6 57.1 80.1 91.0 92.7 78.7 61.1 54.0
YOLO26 [17] ✓ ✗ 10.5 15.7 9.1 63.0 88.2 58.3 80.6 90.3 90.1 78.4 62.8 55.4
YOLO-Master [27] ✓ ✗ 29.3 35.6 15.7 64.4 90.0 59.0 80.7 92.3 93.6 80.0 63.9 56.3
R-FCOS [47] ✗ ✓ 31.9 51.6 17.6 23.9 80.1 27.9 60.1 75.8 43.5 51.9 26.4 28.3
R-ATSS [68] ✗ ✓ 36.0 51.9 19.1 25.3 80.3 26.8 62.3 77.0 43.9 52.6 24.9 27.8
O-RepPoint [22] ✗ ✓ 36.6 48.6 16.1 26.2 78.6 21.9 53.7 59.9 48.8 48.2 13.9 20.4
RTMDet [34] ✗ ✓ 8.9 51.0 11.1 16.2 71.0 21.1 39.3 68.9 39.6 42.7 20.9 22.3
PSC [61] ✗ ✓ 31.9 51.7 18.3 22.3 80.0 20.6 51.9 75.7 39.4 48.3 24.5 26.5
LSKNet [24] ✗ ✓ 21.8 43.0 20.4 33.4 80.2 28.4 69.3 76.8 51.2 56.6 27.1 30.4
YOLOv5 [17] ✗ ✓ 8.1 12.8 7.2 40.5 85.3 41.0 64.3 85.5 89.9 67.7 44.0 41.3
YOLOv6 [18] ✗ ✓ 16.0 27.7 6.1 36.5 79.4 32.8 53.5 85.7 86.7 62.4 37.6 36.5
YOLOv8 [17] ✗ ✓ 10.0 15.7 6.7 44.9 85.8 42.5 67.9 87.5 89.2 69.6 46.1 43.2
YOLOv9 [55] ✗ ✓ 6.4 15.1 14.4 43.9 84.8 38.4 61.5 87.9 88.8 67.6 44.2 41.4
YOLOv10 [50] ✗ ✓ 7.5 14.5 7.8 49.8 87.0 45.5 73.4 87.9 90.4 72.3 50.8 46.2
YOLOv11 [17] ✗ ✓ 9.7 14.4 6.5 46.9 87.2 44.6 71.1 88.8 89.2 71.3 48.6 44.7
YOLOv12 [46] ✗ ✓ 9.4 14.4 13.0 46.4 87.7 43.6 70.8 90.0 90.7 71.5 49.2 45.4
YOLO26 [17] ✗ ✓ 10.5 15.7 9.1 48.8 88.3 48.9 75.8 88.9 88.9 73.3 53.8 48.2
YOLO-Master [27] ✗ ✓ 29.3 35.6 15.7 49.4 89.3 48.3 75.1 90.6 90.8 73.9 53.1 48.5
COMO [28] ✓ ✓ 22.6 24.3 37.1 72.3 90.8 60.4 88.7 90.5 96.3 83.2 66.3 57.9
MHFNet [70] ✓ ✓ 16.1 26.7 19.2 73.7 91.4 61.8 89.9 90.4 95.6 83.8 65.6 58.0
CFT [37] ✓ ✓ 53.8 31.8 40.6 75.8 92.5 61.3 91.6 90.3 96.3 84.6 68.9 59.9
CLANet [14] ✓ ✓ 48.2 53.4 29.1 74.8 92.2 60.7 91.3 91.6 97.2 84.6 68.5 59.6
CSSA [3] ✓ ✓ 13.5 21.4 12.3 73.3 91.7 59.3 88.9 91.6 95.8 83.4 66.4 58.0
CMADet [40] ✓ ✓ 41.5 31.8 46.7 70.9 90.7 52.0 86.4 91.7 97.1 81.5 63.5 55.7
ICAFusion [39] ✓ ✓ 29.0 26.7 23.6 74.7 91.9 60.9 91.0 91.8 96.7 84.5 67.3 58.8
MMIDet [63] ✓ ✓ 53.8 31.8 41.9 74.9 92.6 61.1 91.7 91.4 97.0 84.8 68.6 59.8
E2E-OSDet ✓ ✓ 24.7 40.7 20.9 77.7 90.7 64.3 91.8 92.1 97.8 85.7 70.3 61.4

4.2 Main Results

Experimental results (see Table 2) indicate that detection accuracy using SAR
images alone is significantly lower than when using optical images alone. This gap
primarily stems from the unique imaging mechanism of SAR: even when targets
are visible in the image, SAR struggles to accurately estimate the shape of target
bounding boxes. In contrast, all multi-source fusion methods outperform their
corresponding single-modal baselines, clearly demonstrating that cross-modal
fusion effectively leverages the complementarity between SAR and optical data
to significantly reduce false positives and enhance detection accuracy. Among
these, our proposed E2E-OSDet achieves the highest performance across all fu-
sion methods, with a mAP of 61.4%, fully validating the importance of mit-
igating domain differences in cross-modal detection. Furthermore, E2E-OSDet
exhibits high efficiency with only 24.7M parameters and achieves an inference
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Fig. 5: Comprehensive performance evaluation under different parameter settings.

Table 3: Ablation analysis of E2E-OSDet on M4-SAR dataset.

No. FAM CMIM AFM Train-Params. AP50 ↑ AP75 ↑ mAP ↑
(a) ✗ ✗ ✗ 14.17M Baseline 83.4 66.4 58.0
(b) ✓ ✗ ✗ 14.17M +0M 84.5 67.1 58.9
(c) ✗ ✓ ✗ 19.01M +5.68M 84.9 68.6 59.6
(d) ✗ ✗ ✓ 19.84M +4.84M 84.6 68.9 60.0
(e) ✓ ✓ ✗ 19.84M +4.84M 85.5 69.9 61.0
(f) ✓ ✗ ✓ 19.01M +5.68M 84.9 69.5 60.7
(g) ✗ ✓ ✓ 24.69M +10.52M 85.2 70.0 60.9
(h) ✓ ✓ ✓ 24.69M +10.52M 85.7 70.3 61.4

OPT

SAR

Original Image Canny GradHaar HogWST
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OPT

SAR
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SSIM: 0.112 SSIM: 0.294 SSIM: 0.949SSIM: 0.321 SSIM: 0.677SSIM: 0.252

Fig. 6: Visualization results of handcrafted features (Canny, WST, Haar, Hog, Grad).

speed of 20.9ms. As shown in Fig. 5 (e), we also evaluated its generalization
capability across different detection frameworks (YOLO series, including v5, v6,
v8, v9, v10.), demonstrating strong transferability and robustness.

4.3 Ablation Experiment

As shown in Table 3 (a), we adopt CSSA [3] as our baseline model, which serves
as the foundation for independently evaluating the contribution of each pro-
posed module. The results (see Table 3 (a), (b), and (c)) indicate that all three
modules lead to performance gains, among which the AFM module provides the
most substantial improvement in detection accuracy. We further assess the in-
teroperability of the modules. As shown in Table 3 (e), (f), and (g), the modules
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Fig. 7: Qualitative comparison of the proposed E2E-OSDet and six fusion methods.

are compatible with one another, and their integration does not result in any
performance degradation. Finally, we integrate all modules (see Table 3 (h)),
resulting in additional gains in overall model performance.

Impact of Filter Augment: To assess the effectiveness of the FAM, we
tested a range of conventional feature descriptors. As shown in Fig. 5 (a) and
Fig. 6, the results indicate that incorporating handcrafted features significantly
enhances detection performance. These results mapping pixels into a handcrafted
feature space effectively reduces the distribution gap between optical and SAR
data. Notably, the Grad feature yields superior performance due to its ability to
narrow domain differences and capture multi-scale information.

Impact of Scanning Mechanisms: We further investigate the effectiveness
of the CMIM module under different scanning mechanisms [12]. As illustrated in
Fig. 5 (b)(blue bars), CMIM consistently enhances detection accuracy regardless
of the underlying scanning strategy. This observation highlights the robustness
and adaptability of CMIM, suggesting that the proposed module can serve as
a versatile component that generalizes well across diverse architectural settings
rather than being restricted to a particular scanning design.

Impact of Feature Proportion and Area Size: In addition, we inves-
tigate the influence of two key design choices: the proportion of handcrafted
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Fig. 8: Grad-CAM [38] heatmaps of the proposed E2E-OSDet and six fusion methods.

feature input and the adoption of area attention. As shown in Fig. 5 (c) and (d),
varying these hyperparameters leads to only marginal performance differences,
indicating that the overall framework is relatively insensitive to such configura-
tions. This stability suggests that our proposed E2E-OSDet achieves consistent
performance without requiring delicate hyperparameter tuning, further under-
scoring its practicality in real-world deployment.

4.4 Qualitative Analysis

As shown in Fig. 7 and Fig. 8, our M4-SAR effectively reveals the strengths
and limitations of existing multi-source methods under realistic challenges such
as weak cross-modal alignment, scale inconsistency, and angle diversity. Due to
coarse geographic alignment and non-simultaneous acquisition, noticeable spa-
tial discrepancies exist between optical and SAR images. Under such conditions,
direct fusion methods (e.g., ICAFusion) are prone to mislocalization and ori-
entation errors, while alignment-aware approaches (e.g., CMADet) demonstrate
improved robustness. However, even these methods struggle in cases with severe
modal shifts or complex backgrounds. In contrast, the E2E-OSDet produces
more precise bounding boxes, more accurate angle predictions, and more com-
pact feature activations, indicating stronger cross-modal interaction and back-
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ground suppression capability. These results validate both the diagnostic value
of our dataset in evaluating multi-source fusion strategies and the effectiveness
of the E2E-OSDet. More experimental results can be seen in Appendix 10.

5 Limitations Analysis and Future Work

Despite the substantial advantages of the proposed M4-SAR in terms of scale,
diversity, and scene coverage, certain limitations persist that require further
exploration. First, the optical and SAR images are aligned using geographic
coordinates rather than pixel-level registration. As a result, precise spatial cor-
respondence between modalities is not guaranteed. This design better reflects
realistic cross-sensor acquisition conditions, but it also means that M4-SAR is
not suitable for tasks requiring accurate pixel-wise alignment, such as image reg-
istration, change detection with strict spatial consistency, or pixel-level fusion.
Second, the M4-SAR dataset currently focuses on six representative coastal in-
frastructure categories. Although these classes exhibit significant variation in
scale, aspect ratio, and orientation, the semantic diversity is still limited com-
pared with large-scale natural image benchmarks. Future extensions could in-
corporate more fine-grained or dynamic categories to further broaden evaluation
coverage. These limitations reflect practical trade-offs during dataset construc-
tion and highlight potential directions for future improvements.

Our proposed M4-SAR establishes a high-quality benchmark for optical–SAR
fusion object detection, and the accompanying E2E-OSDet provides a strong
baseline for future research. Building upon this foundation, several promising
directions merit further investigation. First, expanding the dataset to include
more dynamic and fine-grained categories would enhance semantic diversity and
broaden its applicability. Second, designing lightweight multimodal fusion archi-
tectures could facilitate deployment in resource-constrained or edge computing
scenarios. Third, incorporating temporal alignment strategies and multimodal
temporal modeling may help mitigate the effects of non-simultaneous acquisi-
tions, further improving cross-modal consistency and robustness.

6 Conclusion

This paper presents the M4-SAR dataset and the E2E-OSDet method to tackle
two persistent challenges in optical-SAR fusion object detection: the scarcity of
high-quality, large-scale datasets and the absence of a unified and effective algo-
rithmic framework. We also develop MSRODet, a comprehensive open-source
toolkit for multi-source rotated object detection that integrates mainstream
fusion detection algorithms and enables fair performance comparisons on the
M4-SAR dataset. We expect that M4-SAR, as a benchmark dataset, will sub-
stantially advance research in multi-source remote sensing detection, while E2E-
OSDet, as the first fusion framework specifically designed for optical-SAR sce-
narios, will serve as a strong baseline for future studies.
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