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Highlights

What are the main findings?
• This work proposes a shape-prior dynamic refinement network (SPDR-Net) for fine-

grained ship detection. It integrates Gaussian Mixture Shape Representation, Re-
Parameterized Selective Dynamic Kernels, and Diffusion-Supervised Wavelet Refine-
ment to enhance ship morphology perception in complex remote sensing scenes.

• The proposed Gaussian Mixture Shape Representation (GMSR) explicitly models the
orientation, shape, and texture distribution of ships, while diffusion-guided wavelet
refinement (DSWR) recovers high-frequency boundaries and texture details through
diffusion-guided wavelet reconstruction. These designs enable the model to achieve
advanced fine-grained detection performance.

What are the implications of the main findings?
• The integration of Gaussian mixture modeling and diffusion-guided wavelet reconstruc-

tion in SPDR-Net offers a novel perspective for strengthening fine-grained shape and
texture representation in remote sensing object detectors.

• The proposed SPDR-Net provides a robust framework for accurate fine-grained object
detection in complex remote sensing scenes, supporting reliable object discrimination
across diverse categories and scenarios.

Abstract

Fine-grained ship detection in remote sensing images is important for maritime surveillance
and port management. Although deep learning methods have achieved promising results,
fine-grained ship detection remains difficult because of complex background interference
and difficulty in distinguishing similar objects. To address these limitations, we propose
a Shape-Prior Dynamic Refinement Network (SPDR-Net) for fine-grained ship detection.
First, we design a Gaussian Mixture Shape Representation (GMSR) mechanism to guide the
learning of shapes and texture details by learnable Gaussian mixture models. Second, we
develop Re-Parameterized Selective Dynamic Kernels (RSDKs) based on the GMSR shape
prior to dynamically adjust the receptive field of each scale to more accurately capture
morphological features. Furthermore, a Diffusion-Supervised Wavelet Refinement (DSWR)
strategy is developed, which brings diffusion-based noising–denoising adversarial learning
mechanism into wavelet reconstruction to recover high-frequency details, strengthening
boundaries and fine-grained differential information while suppressing noise. Extensive
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experiments on public datasets demonstrate that the proposed method achieves state-
of-the-art performance with mAP50s of 79.3% on DOSR, 47.97% on FAIR1M, 98.1% on
HRSC2016, and 97.7% on SSDD, respectively. It exhibits that SPDR-Net effectively handles
both offshore and complex nearshore scenarios, offering a robust solution for fine-grained
ship detection.

Keywords: ship detection; fine-grained recognition; remote sensing images; complex
background; information reconstruction

1. Introduction
The fine-grained detection and recognition of ships play a pivotal role in maritime

surveillance, navigation safety maintenance, traffic environment improvement, and fishery
management. With the synergistic integration of high-resolution remote sensing and deep
learning technologies, the efficiency and precision of fine-grained ship recognition in aerial
imagery have seen significant advancements [1–3]. Nevertheless, ship detection based on
remote sensing images remains a formidable challenge due to the arbitrary orientations
of targets, dense arrangements, and the interference from complex backgrounds [4,5]. In
addition, the target in remote sensing images is small, the difference between similar classes
is small, and the fine-grained detection effect is poor.

To tackle these issues, numerous deep learning-based detectors, ranging from classical
Convolutional Neural Networks (CNNs) [6–8] to recent vision Transformers [9–11], have
been adapted for maritime scenarios. While these methods work well in simple cases, they
often struggle when used in real-world, changing sea environments. The performance
bottleneck primarily stems from the following two challenges.

(a) Morphological diversity, fine-grained similarity, and background noise interfer-
ence. Ships in remote sensing images exhibit significant intra-class shape variations and
subtle inter-class fine-grained structural differences, making them highly susceptible to
confusion with background clutter and noise, as illustrated in Figure 1a. Existing meth-
ods typically rely on fixed feature extraction strategies, lacking explicit shape priors to
model the structural and textural distributions of different ship categories. Without such
priors, models struggle to distinguish ships from similarly shaped noise patterns and fail to
capture discriminative details between subcategories. Furthermore, fixed receptive fields
cannot adaptively focus on target regions based on the shape and attitude of ships in
complex scenes, often resulting in the missed detection of small objects and a large number
of redundant false alarms.

(b) Information loss and non-selective enhancement during feature reconstruction.
Another critical challenge lies in the irreversible information loss caused by successive
down-sampling and up-sampling operations inherent in standard neural architectures. Al-
though U-shaped structures are widely employed to capture multi-scale contextual features
(as shown in Figure 1b), the continuous down-sampling process inevitably sacrifices fine-
grained spatial details in favor of high-level semantic abstraction. Existing methods often
restore features without enough selectivity. This means that they strengthen both useful
object details and useless background information at the same time. Such an approach fails
to specifically highlight the fine-grained features of objects. As a result, the reconstructed
feature maps lack the necessary clarity, preventing the precise localization and fine-grained
classification of ship objects.

To alleviate the aforementioned challenges, this paper proposes a Shape-Prior Dynamic
Refinement Network (SPDR-Net). The thesis of this study is to demonstrate that, by
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integrating Gaussian-mixture-based ship-shape priors, prior-guided selective dynamic
kernels, and Diffusion-Supervised Wavelet Refinement, it is possible to learn noise-robust
and discriminative structural representations of ships, which will allow for more accurate
fine-grained ship localization and classification in complex remote sensing scenes. The
main contributions are summarized as follows.

(1) A Gaussian Mixture Shape Representation (GMSR) mechanism is designed. This
captures the ship’s orientation through strip convolutions and uses a learnable Gaussian
mixture model to represent the center, orientation, shape, and texture distribution of
different ship categories, providing structural priors and discriminative region cues.

(2) Re-Parameterized Selective Dynamic Kernels (RSDKs) are developed. They utilize
the shape priors of the GMSR and dynamically adjust the receptive field of different layers
of the network, which enables the model to focus on the target ship against complex
backgrounds and capture its morphological features more accurately.

(3) A Diffusion-Supervised Wavelet Refinement (DSWR) strategy is proposed. It
introduces the noise-denoising adversarial learning strategy from the diffusion model into
wavelet reconstruction to recover high-frequency details that are easily lost or disturbed by
noise during up-sampling and down-sampling. This effectively enhances ship boundaries
and fine-grained discriminative textures while suppressing noise.

(4) The experimental results on several public datasets demonstrate that our method
achieves state-of-the-art performance, with detection mAPs reaching 79.30% on DOSR
dataset, 97.30% on HRSC2016 dataset, 98.60% on SSDD dataset and 47.97% on FAIR1M
dataset, respectively.

The remainder of this paper is organized as follows. In Section 2, we briefly review
related work. Section 3 details the proposed methodology. Section 4 presents the experi-
mental results and analysis. Finally, Section 5 concludes this work.

Challenge

Complex Environment

Information & Detail Loss
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Information 
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Figure 1. Ship detection faces two primary challenges: (a) complex background clutter significantly
hinders feature extraction, and (b) deep sampling operations in the model inevitably lead to the loss
of spatial details.

2. Related Works
2.1. Remote Sensing Ship Detection

Unlike object detection in natural scenes, remote sensing object detection is character-
ized by diverse scenarios and broad coverage. Furthermore, these images contain not only
the targets but also numerous background objects. To address these challenges, existing
methods have proposed various strategies. MLBR-YOLOX [12] and MSEIG-DETR [13]
focus on removing vast sea areas and coastal backgrounds in SAR imagery while reducing
sea clutter and other background distractions surrounding ships, thereby improving the
detection of ships with varying sizes and orientations. CM-YOLO [14] utilizes a dual-path
context enhancement neck to extract contextual information, such as location and shape,
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to improve ship detection and classification in complex environments. To balance feature
representation, CTF-Net [15] and CNN-SWin [16] combine Convolutional Neural Networks
(CNNs) with Transformer architectures, enhancing the model to balance local feature extrac-
tion with global information modeling in SAR ship imagery. DCAPT-Net [17] introduces a
densely connected attention pyramid architecture to strengthen multi-layer feature fusion,
achieving effective multi-scale ship detection. SASOD [18] incorporates saliency informa-
tion into the ship detection network to optimize saliency-aware features. Regarding specific
scenarios, You et al. [19] proposed a DCNN-based end-to-end system designed for inshore
ship detection, which excludes proposals in non-target regions to reduce false alarms
on land. Finally, Yang et al. [20] developed a multi-task rotated region CNN model that
predicts minimum bounding rectangles with reduced redundancy, making it particularly
suitable for detecting dense ships. EFDNet [21] learns a more discriminative fine-grained
feature representation for weakly supervised remote sensing object detection by decoupling
localization and classification features. DRNet [22] uses dual refinement to learn more
discriminative object features and better distinguish similar objects. PDDFormer [23] uses
spatial gated differential attention to adaptively adjust the denoising strength at different
spatial locations, so that the model suppresses noise while retaining key structural informa-
tion. DiffBEV [24] utilizes a diffusion model to denoise noisy samples and progressively
refine semantic features for object detection under a bird’s-eye view. GDD [25] exploits the
strong representation ability of diffusion models to extract robust and domain-invariant
features through a progressive denoising process.

2.2. Information Restoration and Reconstruction

CNNs often use pooling and downsampling operations to reduce computation and
increase the receptive field. However, these operations also have some limitations. Max
pooling and average pooling both lose part of the original information. They can also affect
feature consistency and introduce unwanted signals into the feature maps [26]. These prob-
lems hinder fine-grained feature extraction. To address these issues, Williams et al. [27]
demonstrated that wavelet pooling retains significantly more information compared to
max, average, mixed, and stochastic pooling strategies. MWCNN [28] integrates wavelet
transforms into neural networks, utilizing multi-level wavelet decomposition for image
restoration. WaveCNets [29] incorporate the Discrete Wavelet Transform (DWT) and
Inverse Wavelet Transform (IWT) into general network layers for image classification
tasks. DWSR [30] combines the information complementarity of the wavelet domain
with deep convolutional networks, recovering information lost during the convolution
process by processing sub-bands. Wavelet R-CNN [31] utilizes wavelet transforms to
assist the detector in capturing frequency-domain information during feature extraction.
FSSFFormer [32] utilizes multi-resolution wavelets to enable the model to preserve global
spatial information while preserving fine details. FreDNet [33] uses the frequency domain
intensity corresponding mapping to adaptively fuse the features of the encoder and de-
coder. Furthermore, HWANet [34] leverages low-frequency component enhancement and a
frequency-domain self-attention mechanism to mitigate information loss during sampling
and enhance context-aware modeling capabilities.

3. Proposed Method
As illustrated in Figure 2, the overall architecture of the proposed SPDR-Net is pre-

sented. First, the model adopts a U-shaped pyramidal encoder–decoder architecture, where
both the encoder and decoder are constructed using Convolutional Neural Networks
(CNNs), as detailed in Figure 2a,e. Second, GMSR uses learnable Gaussian mixture to make
the model learn fine-grained features of ships (Figure 2b). Then, RSDKs used the learned
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ship geometry prior to extract the target ship features (Figure 2c). Finally, DSWR added
noise and denoised the extracted features, predicted and filtered high-frequency noise, and
realized feature refinement (Figure 2d).
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Figure 2. The SPDR-Net framework comprises (a) the CNN encoder, (b) the GMSR, (c) the RSDKs,
(d) the DSWR, (e) the CNN decoder.

3.1. Gaussian Mixture Shape Representation Mechanism

Ship detection interference in remote sensing images easily occurs in complex en-
vironments. For example, the containers and objects on the port have similar structures
with the buildings and shapes on the ship, and the model will have the situation of false
detection. Traditional methods assign weights according to local salient regions. This
will cause the model to pay too much attention to the building area on the ship, while
ignoring the bow, stern and other information, and the detection box does not contain
the whole ship. To alleviate these limitations, a Gaussian Mixture Shape Representation
mechanism is proposed, as illustrated in Figure 3. The proposed module explicitly models
ship structures from multiple orientations and introduces Gaussian mixture guidance to
improve fine-grained feature extraction ability.

Given the input feature map X ∈ RC×H×W , a 1 × 1 convolution is first applied to
obtain a compact feature representation F = ϕ(X), where ϕ(·) denotes the Conv-BN-SiLU
operation. To capture ship structures with arbitrary orientations, four directional structural
encoders are employed to extract horizontal, vertical, and diagonal features:

{Fh, Fd1, Fv, Fd2} = {Bh(F),Bd1(F),Bv(F),Bd2(F)}. (1)

An orientation estimation branch predicts pixel-wise weights for adaptive feature
selection:

W = Softmax
(
G(F)

)
, (2)

where W ∈ R4×H×W . The directional fused feature is then used to generate a structural
response map:

A = σ
(
Ψ( ∑

i∈{h,d1,v,d2}
W i ⊙ F i)

)
, (3)

where Ψ(·) consists of a 3 × 3 Conv-BN-SiLU block followed by a 1 × 1 convolution, and
σ(·) represents the sigmoid activation function. The response map highlights ship regions
and suppresses background interference.

Finally, the fused feature is projected back to the original channel dimension and
combined with the input through a residual connection:

Y = X + γ
(

Ω(Fs)⊙ A
)

, (4)
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where Fs ∈ RCmid×H×W denotes the fused feature map, and Cmid represents the channel
index, Ω(·) denotes a 1 × 1 Conv-BN-SiLU operation, and γ is a learnable scaling factor.
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Figure 3. The architecture of the proposed GMSR. The strategy consists of: (1) multi-orientation strip
branches ; (2) GMM-guided learning; and (3) shape prior supervision.

To provide explicit geometric guidance, a Gaussian mixture supervision strategy is
introduced. For each rotated ship, the rotated box is converted into a parametric geometric
representation (cx, cy, l, s, θ), where (cx, cy) denotes the ship center, l and s represent the
lengths of the long and short axes, and θ ∈ [0, π) is the orientation angle of the long axis.
For any pixel (x, y) in the feature map scale, its rotated coordinate (xr, yr) relative to the
ship center is defined as

xr =
1
sx
(x · sx − cx) cos θ +

1
sy
(y · sy − cy) sin θ, (5)

yr = − 1
sx
(x · sx − cx) sin θ +

1
sy
(y · sy − cy) cos θ, (6)

where sx and sy denote the stride factors of the feature map relative to the original image in
the horizontal and vertical directions, respectively.

Unlike conventional single-peak Gaussian labels, we construct a multi-component
Gaussian mixture prior along the ship’s long axis to capture fine-grained structural details
(such as the bow, center, and stern). For a Gaussian mixture target with K components,
each component k ∈ {1, . . . , K} has a learnable offset ok along the long axis and learnable
standard deviation scales:

o f f setsk = αk ·
l
2

, (7)

σl,k = σl,base · sl,k, σs,k = σs,base · ss,k, (8)

where αk ∈ [−0.85, 0.85] is the learnable relative displacement, and sl,k, ss,k > 0.5
are learnable scaling factors. The baseline standard deviations are computed as
σl,base = max(l/(2.5 · sx), σmin) and σs,base = max(s/(2.5 · sy), σmin), where σmin = 1.0
is the minimum variance boundary. The k-th anisotropic Gaussian component is formu-
lated as

Gk(x, y) = exp

(
−1

2

(
(xr − o f f setsk)

2

σ2
l,k

+
y2

r

σ2
s,k

))
. (9)

To restrict the supervision target strictly within the physical boundaries of the ship,
the GMM components are aggregated and filtered by a hard boundary mask M(x, y):

Gmix(x, y) = M(x, y) · max
k=1,...,K

(Gk(x, y)), (10)
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where M(x, y) is an indicator function reflecting whether the pixel falls inside the ro-
tated box:

M(x, y) = I
(
|xr| ≤

l
2 · sx

∧ |yr| ≤
s

2 · sy

)
. (11)

In addition, an auxiliary orientation consistency loss is introduced to improve orien-
tation awareness. The orientation labels are divided into four categories corresponding
to 0◦, 45◦, 90◦, and 135◦. Let P ∈ R4×H×W denote the predicted orientation logits, and let
D ∈ {0, 1, 2, 3}H×W represent the target category map. To focus optimization on the target
regions, we define a binary validity mask Mvalid ∈ {0, 1}H×W , where Mvalid(x, y) = 1 if
(x, y) falls inside any ground-truth ship box, and 0 otherwise.

The structural guidance loss is defined using Binary Cross-Entropy (BCE):

Lgmm = BCE(A, Gmix), (12)

while the masked orientation consistency loss is formulated as

Ldir =
∑x,y Mvalid(x, y) · CE(P(x, y), D(x, y))

∑x,y Mvalid(x, y) + ϵ
, (13)

where CE(·) represents the standard cross-entropy loss and ϵ = 10−6 is a small constant
to prevent division by zero. The overall optimization objective of the GMSR module is
therefore given by

LGMSR = λgLgmm + λdLdir, (14)

where λg and λd denote the balancing coefficients of the Gaussian mixture supervision and
orientation consistency supervision, respectively.

Through the above processing, the model can perceive the ship area, and use the
Gaussian mixture to model the target area, learn the structural fine-grained features of
different types of ships, improve the fine-grained discrimination ability of the model ship
and provide ship type prior for the subsequent model positioning features.

3.2. Re-Parameterized Selective Dynamic Kernels

After obtaining the prior and structural features of the ship type, the model also needs
to be able to extract the ship features in the target area. Conventional convolutions use
fixed kernels and cannot adapt to different ship structures. Existing attention mechanisms
highlight important regions but do not change the feature extraction process. Dynamic
convolution methods improve adaptability, but they often generate kernels without ex-
plicit structural guidance. To address these challenges, we propose the Re-Parameterized
Selective Dynamic Kernels (RSDKs), as illustrated in Figure 4.

Instead of using standard static convolutions, RSDKs adaptively generates a selec-
tive dynamic kernel for each image. The shape and orientation of this generated kernel
are guided by the ship’s anisotropic Gaussian, allowing the model to select appropri-
ate structural features and remove background noise. Furthermore, we use structural
re-parameterization to keep the inference computationally efficient.

Let X ∈ RC×H×W be the input feature map, where H, W, and C define the height,
width, and channel dimensions. The processing flow is formulated as follows:

First, we prioritize informative channels using a squeeze-and-excitation mechanism.
The channel-enhanced feature Xca is processed to obtain the baseline representation Xmc:

Xmc = Fmc(Xca) = Fmc(X ⊙ σ(MLP(AvgPool(X)))), (15)
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where ⊙ represents channel-wise multiplication, σ(·) is the sigmoid activation function,
and MLP(·) captures cross-channel interactions.
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Figure 4. The architecture of the proposed RSDKs. The strategy consists of three stages: (1) channel
attention for feature calibration; (2) re-parameterized convolutions which simplify to a single 3 × 3
convolution during inference; and (3) dynamic spatial attention, where a dynamic kernel is generated
under the guidance of the anisotropic Gaussian shape to capture ship-specific structures. The residual
connection preserves the original information.

During inference, these convolutions are simplified into a single 3 × 3 convolutional
layer through structural re-parameterization to keep the model fast:

W e f f =
n

∑
i=1

pad(W i ⊗ γi), be f f =
n

∑
i=1

(βi −
µiγi
σi

), (16)

where W e f f and be f f denote the effective weight kernel and bias vector for inference,
respectively. Consequently, the inference-time output is computed as

Xmc = W e f f ∗ Xca + be f f , (17)

where ∗ denotes the standard 3 × 3 convolution operator.
Unlike standard spatial attention mechanisms that use fixed, isotropic kernels, RSDKs

focuses on generating a sample-specific dynamic kernel Kdyn that adapts to the ship’s
geometric shape. To achieve this, the kernel generator is optimized under the guidance of
the anisotropic Gaussian mixture target (Gmix) from the previous module.

We first fuse the global average-pooled and max-pooled features of Xmc to capture the
scale and orientation of the target:

Kdyn = G([AvgPool(Xmc); MaxPool(Xmc)]), (18)

where [·] represents concatenation along the channel dimension. The generator G(·) (im-
plemented as a convolution layer) projects these pooled features to generate the weights of
the dynamic kernel Kdyn.
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The spatial attention map Ms is then generated by convolving the channel-averaged
feature map with the dynamic kernel Kdyn:

Ms = σ

((
1
C

C

∑
c=1

Xc
mc

)
⊛ Kdyn

)
, (19)

where Ms ∈ R1×H×W is the spatial attention map, and the symbol ⊛ denotes the dynamic
convolution using Kdyn.

Because Ms is supervised by the Gaussian mixture target Gmix during training, the
generator G(·) is forced to shape Kdyn to match the ship’s physical geometry. Specifically,
the generated kernel Kdyn stretches along the ship’s long axis to aggregate structural
features, while shrinking along the short axis to block background noise.

Finally, the output feature Y is obtained via a residual connection:

Y = X + (Xmc ⊙ Ms), (20)

where Y ∈ RC×H×W is the final refined feature map. This strategy enables the network to
focus on key spatial regions using the Gaussian-aligned dynamic kernel while preserving
original details.

3.3. Diffusion-Supervised Wavelet Refinement Strategy

After accurately extracting the features of the ship, the features include high-frequency
features such as ship edges and detailed textures, as well as high-frequency noise. Tradi-
tional denoising methods weaken the edge details while filtering the noise. To separately
enhance low-frequency structural features and high-frequency detailed textures, we intro-
duce the Diffusion-Supervised Wavelet Refinement mechanism, as illustrated in Figure 5.
Let X ∈ RB×C×H×W denote the input feature map, where B is the batch size, C represents
the channel dimension, and H and W represent the spatial height and width, respec-
tively. We first apply the Haar Discrete Wavelet Transform (DWT) to decompose X into its
low-frequency subband XLL and high-frequency subbands X HF:

(XLL, XHF) = DWT(X) (21)

where XLL ∈ RB×C× H
2 ×W

2 preserves the structural outline, and X HF ∈ RB×3C× H
2 ×W

2 con-
tains the concatenated high-frequency details.

For the low-frequency component XLL, we apply a lightweight residual block using
depthwise separable convolutions to refine the structural features:

X ′
LL = XLL + σ

(
PWConv(DWConv(XLL))

)
(22)

where X ′
LL is the refined low-frequency feature, DWConv is a depthwise convolution with

a 3 × 3 kernel, PWConv is a pointwise convolution with a 1 × 1 kernel, and σ denotes the
SiLU activation function. The weights of PWConv are initialized to zero, which preserves
the original features at the beginning of training.

Meanwhile, we employ a diffusion-based denoiser to reconstruct clean detail features
from the high-frequency component XHF. Unlike conventional generative diffusion models,
the denoiser is inspired by diffusion models and is designed to predict noise through a
noise-adding and denoising process. Let T be the total diffusion timesteps. We establish a
noise schedule with cumulative variance parameters ᾱt for t ∈ [0, T − 1]. During training,
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we randomly sample a timestep t ∼ Uniform(0, T − 1) and generate a noisy high-frequency
subband X t

HF by adding Gaussian noise ϵ ∼ N (0, 1):

X t
HF =

√
ᾱtX HF +

√
1 − ᾱtϵ (23)
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Figure 5. The architecture of the proposed DSWR. The strategy consists of: (1) 2D discrete wavelet
decomposition and reconstruction; (2) diffusion-based detail restoration and enhancement.

The timestep t is mapped to a continuous embedding et ∈ Rd using a sinusoidal
function followed by a multi-layer perceptron (MLP), such that et = MLP(Sinusoidal(t)).
A high-frequency denoiser network fθ is then trained to predict the injected noise:

ϵθ = fθ(X t
HF, et) (24)

where fθ represents the denoiser network, and ϵθ is the predicted noise. The output layer
of fθ is initialized to zero to guarantee stable training trajectories.

During inference or forward denoising, model has already learned adaptive denoising
and its parameters are fixed, additional iterative denoising provides no substantial benefit
but increases inference time. Therefore, we reconstruct the refined high-frequency features
X ′

HF using a single-step denoising formulation:

X ′
HF =

X t
HF −

√
1 − ᾱtϵθ√

ᾱt
(25)

In our implementation, we set a fixed step t = tinfer (by default, tinfer = 0) during
evaluation to directly refine the clean high-frequency input features without iterative loops.

Following the refinement of both subbands, we reconstruct the spatial feature maps
using the Haar Inverse Wavelet Transform (IWT). To maintain strict feature consistency, we
compute a baseline feature map Xbase and a refined feature map Xrefined. The final output
feature map Y ∈ RB×C×H×W is formulated as a scaled residual modification added to the
original input X:

Y = X + α · (IWT(X ′
LL, X ′

HF)− IWT(XLL, X HF)) (26)

where α is a learnable scalar parameter initialized to zero. This formulation mathematically
guarantees that the module acts as an identity mapping at the start of training.
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To train the entire framework end-to-end, the auxiliary diffusion loss Ldiff is calculated
as the mean squared error (MSE) of the noise prediction:

Ldiff =
1

B · 3C · H
2 · W

2
∑ ∥ϵ − ϵθ∥2 (27)

The total loss objective Ltotal of the network combines the primary task loss Ltask and
the auxiliary diffusion loss:

Ltotal = Ltask + λLdiff (28)

where λ represents a scaling hyperparameter that balances the contribution of the diffusion
loss. This module can filters the noise while recovering the high-frequency features by
fitting the learning noise through a diffusion model.

Specifically, GMSR learns fine-grained structural features of ships and captures ge-
ometric information through Gaussian mixture. Furthermore, RSDKs uses the extracted
geometric prior to dynamically adjust the receptive field to capture features. Finally, DSWR
uses the diffusion model to further refine the extracted features from the frequency domain
perspective. Thus, the fine-grained feature extraction ability of SPDR-Net is enhanced, and
the accuracy of ship detection and recognition is improved.

4. Experiment and Discussion
In this section, extensive experiments are conducted on several datasets to evaluate the

performance of SPDR-Net comprehensively. First, the experimental conditions, including
datasets, evaluation metrics, implementation details, etc., are introduced. Then, ablation
experiments are designed to validate the effectiveness of each component of the SPDR-Net
model and to evaluate their performance quantitatively. We discuss in detail the key issues
in ship detection. Based on this, we compare the proposed model with several represen-
tative object detection methods proposed in recent years and provide a comprehensive
evaluation. Finally, we further evaluate the generalization capability of the proposed model
on the public datasets.

4.1. Experimental Conditions

(1) Experimental platforms. The experiments are performed on a server with four
NVIDIA GeForce RTX 4090 GPU (24 GB). We used an Auto optimizer with learning rate set
to 8.6 × 10−4 and weight decay set to 0.01 via grid search. The maximum training epoch is
100 to accommodate the full convergence potential of models. To ensure fairness, identical
hyperparameters were applied to all baseline methods and eliminated tuning biases.

(2) Datasets. To evaluate the performance of the SPDR-Net model more comprehen-
sively, several public datasets are used, which cover different scenes, different shapes and
categories of objects, and different data sources.

• The DOSR [35] dataset provides a widely used benchmark to evaluate the performance
of ship object detection methods in remote sensing scenes. It has more than 6127 ship
objects covering 20 categories in 1066 images.

• HRSC2016 [36] is a ship detection dataset consisting of 436 training images, 181 vali-
dation images, and 444 testing images from 300 × 300 pixels to 1500 × 900 pixels.

• SSDD [37] is a Synthetic Aperture Radar (SAR) remote sensing image dataset. It
contains a total of 1160 SAR images of ships under various sea conditions, acquired
by RadarSat-2, TerraSAR-X, and Sentinel-1 sensors, with a total of 2456 annotated
ship targets.

• The DOTAv1.0 [38] dataset has more than 188,000 objects covering 15 categories in
2806 images from 800 × 800 pixels to 4000 × 4000 pixels. Due to the huge size of remote
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sensing images, they are usually cropped into sub-images of 800 × 800 pixels with an
overlap of 200 pixels on each dimension after being scaled to different sizes with the
ratios of 0.5, 1.0, and 1.5.

• The FAIR1M [39] dataset provides a large-scale benchmark for fine-grained object
detection and recognition in high-resolution remote sensing imagery. It contains
more than 1.02 million object instances covering 37 fine-grained categories (under five
coarse categories) in 15,266 images with widths ranging from 1000 to 10,000 pixels.
The dataset is divided into three subsets, where 1/2 of the images are used for training,
1/6 are used for validation, and 1/3 are used for testing.

(3) Evaluation metrics. The mean Average Precision (mAP) is adopted to evaluate the
detection accuracy. The mAP with an IoU threshold of 50% is represented as mAP50. The
mAP50:95 means calculating the mAP when the IoU threshold is 50% to 95% at every 5%
interval and then taking their mean as mAP50:95. The speed is evaluated by frames per
second (fps).

4.2. Ablation Experiments

The study uses YOLO v8 as the baseline model. To systematically evaluate the contri-
bution of each component, a series of ablation experiments were conducted. The results
of these experiments for different modules of SPDR-Net are summarized in Table 1. The
proposed RSDKs, GMSR, and DSWR improved the model’s mAP50. The complete SPDR-
Net model achieved gains of 9.9% in mAP50 compared to the baseline, demonstrating
consistently strong performance. Furthermore, we compared the Gaussian Guided Struc-
tural Representation module (GGSR) with GMSR, Diffusion Wavelet Guided Refinement
module (DWGR) with DSWR, and our own module with the single component, respec-
tively. Unlike DSWR, DWGR is not supervised by Ldiff loss. GMSR achieved superior
performance over GGSR with mAP50 increased by 2.3%. Similarly, DSWR outperformed
DWGR with mAP50 by 2.71%, which shows that Ldiff provides effective auxiliary supervi-
sion for adaptive feature denoising, enabling the model to suppress high-frequency noise
while preserving discriminative boundary and texture details. SPDR-Net improves the
mAP50 by 6.57%, 4.5%, and 6.09% compared with RSDKs, GMSR, and DSWR, respectively.
Table 1 also reports the parameters, GFLOPs, and inference speed of each configuration.
The complete SPDR-Net contains 89.6 M parameters and requires 247.5 GFLOPs, while
achieving an inference speed of 83.6 fps. Although the multi-orientation feature extraction
and shape-guided refinement modules increase the theoretical computational complexity,
RSDKs merge their multi-branch structure into a single convolutional branch through
structural re-parameterization during inference. In addition, Ldiff is used only during
training, and DSWR adopts fixed single-step denoising during inference, avoiding the
overhead of iterative reverse diffusion. Therefore, SPDR-Net maintains real-time inference
performance while substantially improving detection accuracy, demonstrating a favorable
balance between accuracy and computational efficiency.

The proposed modules significantly enhance the model’s capabilities for ship detection.
Specifically, the GMSR uses Gaussian mixture to model the hull and edge structural features,
which effectively improves the learning ability of the model for the fine-grained structural
features of the ship. Further, the RSDKs uses the Gaussian mixture geometric prior learned
by the model to accurately locate the ship area and capture the ship characteristics through
a selective dynamic kernel. Finally, DSWR uses the diffusion model to refine the high-
frequency part of the extracted features. Finally, through the synergy of these three modules,
the proposed SPDR-Net achieves superior detection performance in ship target detection
in remote sensing scenes (69.4% vs. 79.3%), which improves the classification performance
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of the model and eliminates false alarms. Next, we further analyze the GMSR, RSDKs
and DSWR.

Table 1. Ablation study of each component on the DOSR dataset.

Methods RSDKs GGSR GMSR DWGR DSWR Ldiff mAP50 (%) Parameters (M) FLOPs Speed (fps)

Baseline 69.40 41.3 153.4 41.06

Single
Component

✓ 72.73 65.8 228.8 67.34
✓ 72.50 53.5 197.3 49.08

✓ 74.80 45.3 171.2 46.40
✓ 70.50 44.3 163.4 43.65

✓ ✓ 73.21 47.7 183.4 48.32

Component
Combination

✓ ✓ 71.20 66.8 203.5 44.39
✓ ✓ 73.25 76.5 214.8 43.92

✓ ✓ 73.83 78.9 212.6 45.77
✓ ✓ 74.80 83.2 224.5 50.34
✓ ✓ ✓ 75.70 85.3 235.6 55.67

Ours ✓ ✓ ✓ ✓ 79.30 89.6 247.5 83.6

Note: Bold indicates the best result. “✓” indicates using this component.

(1) Analysis of the GMSR. The GMSR mechanism predicts the direction of the ship
through the strip convolution group and uses the Gaussian mixture to model along the main
axis of the ship, and supervised by Groud Truth to make the model learn the fine-grained
structural features of the ship. To further verify the effectiveness of the GMSR, we present a
comparative visualization of feature maps with and without its integration, as illustrated in
Figure 6. “Single” stands for using only one Gaussian for fitting ship structure features, and
“GMM” stands for using mixture Gaussians for fitting. We compute the single Gaussian
and mixed Gaussian target ROI, target ROI represents the overlap ratio between the region
of interest and the target region. It can be clearly found that using mixture Gaussian can
focus on more detailed features such as the bow and stern of the ship. Furthermore, we
compare the differences between “single” and “gmm”, which can reflect that GMSR can
learn more detailed and complete structural features by using Gaussian mixture model
than the traditional single Gaussian model. GMSR makes the model pay attention to the
details such as the masts on the ship, and enhances the ability of the network to capture the
characteristics of the ship and learn the characteristics of fine-grained structural differences.
It not only prevents the model from misdetection caused by similar characteristic buildings
on the shore, but also enhances the integrity of the representation of the ship structure,
which effectively alleviates the problem of classification ambiguity of different ships.

(2) Analysis of the RSDKs. The RSDKs use the geometric prior of the hull structure
learned by the GMSR module as a guide, use the multi-branch convolution architecture to
capture the context features, and localize the ship target by dynamic denoising to enhance
the ability of the model to extract cross-scale features. To further validate the efficacy of
the RSDKs, we present a comparative visualization of feature maps with and without its
integration, as illustrated in Figure 7. The results demonstrate that the RSDKs enhances the
adaptive feature extraction ability of the target ship under the guidance of ship geometry
prior. It not only improves the detection ability of small and medium-sized ships in complex
environments, but also enhances the ability to dynamically capture features, and effectively
reduces the positioning error of the model.

(3) Analysis of the DSWR. The DSWR strategy decomposes the located ship features
into frequency domain for feature refinement by discrete wavelet transform. The diffusion
model is used to add noise and denoise high-frequency features while retaining low-
frequency features of the ship body, so that the network can further learn to predict
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noise. Then, the fine frequency domain features are reconstructed. The model can filter
high-frequency noise while retaining high-frequency features such as ship edges and
corners, which improves the feature expression ability. To evaluate the efficacy of the
DSWR, we compare the feature maps before and after its integration, as illustrated in
Figure 8. We can clearly find that by adding noise and denoising, the model focuses more
on the refined features of the ship, and by calculating the interpolation of the refined
features and the denoised features, the red represents the enhanced area of the model,
and the black represents the suppressed area of the model. Obviously, DWSR suppresses
noise interference and enhances fine-grained features when reconstructing features, which
improves the recognition ability of the model.

Figure 6. Visualization of the feature maps. “GMSR gain” represents the fine-grained features that
the GMSR module emphasizes for model learning.

Image w/o. RSDK w. RSDK

Figure 7. Visualization of the RSDKs feature maps. The red circles mark some key feature regions
for comparison.
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Figure 8. Visualization of the feature maps. “∆refine − ∆denoise” shows DWSR refined features (red
region) and suppressed noise (black region). “rec” indicates that this area should be reconstructed,
“sup” indicates that this area should be suppression.

4.3. Comparison Experiments

To evaluate the effectiveness of the proposed SPDR-Net, we compared it with the
popular methods on several public datasets, including DOSR, HRSC2016, SSDD, DIOR,
DOTA and FAIR1M.

(1) Comparison experiments of ship detection. The performance comparison of
DOSR is shown in Table 2. We compare the performance of the proposed SPDR-Net
with the eight existing approaches, including R2CNN (+19.3%) [40], RRPN (+14.3%) [41],
SCRDet (+10.6%) [42], RetinaNet-O (+28.2%) [43], R3Det (+12.2%) [44], RSDet (+19.7%) [45],
SCRDet++ (+8.6%) [46], and ReDet (+7.6%) [47]. Among them, FR-FPN-O [48], R2CNN [40],
RRPN [41], and RetinaNet-O [43] are general-oriented object recognition networks, and
the rest five approaches, i.e., SCRDet [42], R3Det [44], RSDet [45], SCRDet++ [46], and Re-
Det [47], are all designed for remote sensing object recognition. In more detail, R2CNN [40],
RRPN [41], SCRDet [42], and ReDet [47] adopt the two-stage strategy, and the single-
stage networks involve RetinaNet-O [43], R3Det [44], RSDet [45], and SCRDet++ [46]. It
is obvious that our SPDR-Net achieves the superior performance on the DOSR dataset.
For example, it demonstrates high detection accuracy across various vessel categories,
including nearshore vessels (such as warships and deck ships), small-target vessels (such
as fishing boats and yachts), and various cargo ships.

Furthermore, we compared the performance of the proposed method with existing
advanced methods using the HRSC2016 and SSDD datasets, which are shown in Tables 3
and 4. HRSC2016 is a visible-light remote sensing image dataset, while SSDD is a Synthetic
Aperture Radar (SAR) dataset. Experiments conducted on datasets of different modalities
demonstrate that the proposed method outperforms latest methods. On the HRSC2016
dataset, SPDR-Net achieved mAP50, mAP75, and mAP50:95 scores of 98.1%, 88.1%, and
79.0%, respectively, improving of 6.7%, 15.6%, and 17.5% over the latest method CM-
YOLO [14]. Compared to existing detectors, SPDR-Net outperformed DDQ, Deformable
DETR, and FCOS by 7.3%, 8.0%, and 9.6% at mAP50. The significant gains in mAP75 and
mAP50:95 demonstrate that RSDKs and DSWR not only improved recall but also optimized
localization accuracy under stricter IoU criteria (such as mAP75 and mAP50:95). It is crucial
to distinguish between densely moored ships and those with extreme orientations. On
the SAR-based SSDD dataset, SPDR-Net achieved an mAP50 of 97.7%, outperforming
YOLOv3 (+2.7%), CenterNet (+4.2%), DAPN (+7.6%), and CLAFANet (+6.4%). These
results indicate that DSWR’s frequency-aware denoising mechanism effectively suppressed
SAR speckle noise and sea clutter interference, while RSDKs’s dynamic receptive field
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enhanced responsiveness to small and low-contrast ships. These progresses on optical and
SAR benchmarks shown in Figure 9. It confirms that SPDR-Net generalizes well to detect
objects on different modalities, which remains robust under complex backgrounds and
scale variations.

Table 2. Comparison of performance (AP) on DOSR.

Category R2CNN RRPN SCRDet Retina-O R3Det SCRDet++ RSDet ReDet SPDR-Net
[40] [41] [42] [43] [44] [46] [45] [47] (Ours)

BCV. 56.5 62.9 65.2 49.5 65.6 61.2 55.3 64.3 85.7
Fis. 36.9 42.8 54.3 26.2 44.8 44.5 10.8 43.2 61.3
DeB. 38.8 33.2 44.0 36.9 28.5 36.1 22.8 27.9 57.2
Yac. 57.1 47.2 53.3 50.6 64.2 67.6 59.8 75.7 84.0
FTS. 26.2 43.7 49.5 27.1 49.1 62.8 52.6 65.1 88.2
Mul. 54.6 52.5 38.3 35.0 53.0 61.6 47.3 41.6 78.4
Tug 59.0 74.6 66.7 70.5 68.2 81.1 58.8 80.1 91.7
Com. 32.0 27.3 40.7 49.7 38.8 66.1 63.6 37.7 80.7
Spe. 39.3 31.2 32.2 33.7 36.0 63.5 57.2 68.0 85.8
Car. 76.7 83.3 86.7 68.7 84.2 76.3 75.3 85.1 91.3
Cru. 53.0 57.5 61.5 35.9 63.4 66.1 39.6 62.4 71.2
Flo. 5.9 33.1 22.0 11.9 34.4 13.9 16.9 37.5 50.2
Tan. 50.9 64.9 87.7 38.1 71.6 77.0 33.1 83.4 89.9
DeS. 42.4 20.6 32.8 2.0 26.7 59.0 14.2 36.6 62.8
Sub. 13.6 54.6 54.6 0.0 57.6 32.7 45.7 34.9 91.2
Con. 75.6 78.6 80.6 56.0 74.8 70.0 68.8 76.6 78.3
Bar. 46.1 53.0 49.9 12.2 42.7 18.8 26.2 44.3 89.6
Tra. 66.9 78.3 73.7 66.3 74.0 76.8 75.3 86.0 95.9
Aux. 43.5 36.1 42.8 29.7 27.2 47.3 34.0 38.6 62.8
Mil. 36.9 36.6 49.5 34.1 48.5 44.2 45.6 57.5 89.4

mAP50 (%) 45.6 50.6 54.3 36.7 52.7 56.3 45.2 57.3 79.3
FPS 2.84 2.71 3.84 3.71 4.90 2.83 2.77 12.04 9.83

Note: Bold indicates the best result. Ship category abbreviations follow the DOSR dataset [35]: BCV., bulk cargo
vessel; Fis., fishing boat; DeB., deckbarge; Yac., yacht; FTS., flat traffic ship; Mul., multihull; Tug, tug; Com.,
communication ship; Spe., speedboat; Car., cargo; Cru., cruise; Flo., floating crane; Tan., tanker; DeS., deckship;
Sub., submarine; Con., container; Bar., barge; Tra., transport; Aux., auxiliary ship; Mil., military ship. FPS, frames
per second.
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Figure 9. Detection results of fine-grained ships.

In addition, to conduct a more in-depth comparative analysis of the proposed method’s
fine-grained detection performance, we performed additional comparative experiments
on FAIR1M, a larger remote sensing dataset with broader category coverage as shown
in Figure 10, with the results presented in Table 5. Overall, SPDR-Net achieved the best
mAP of 47.97% with a 3.61% improvement over the latest method PFA-C2FI (44.36%).
Regarding fine-grained ship categories, SPDR-Net demonstrated superior performance
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across most sub-categories, securing the best AP results for speedboats (73.37%), fishing
boats (17.48%), liquid cargo ships (31.47%), and warships (44.61%). Notably, compared to
the second-best methods, SPDR-Net improved detection performance for speedboats and
warships by +10.06% and +9.45%, respectively. It indicates that our method has robustness
in fine-grained ship recognition within complex offshore and near-shore environments.
GMSR uses Gaussian mixture to learn the structural details such as the bow, mast, corner
of the warship and the fuselage, craft, tail of the aircraft. Then RSDKs takes advantage
of the different structural features obtained and adjusts the receptive field to better fit the
target shape.

Beyond ships, SPDR-Net also achieved leading or highly competitive detection accu-
racy across other coarse-grained categories, including aircraft (e.g., B777 at 55.39%, B787
at 62.61%, A350 at 78.59%), vehicles (e.g., buses at 43.11%, vans at 67.39%), sports venues
(tennis courts at 90.60%), and road infrastructure (intersections at 65.65%). These cross-
category performance gains demonstrate that the proposed method is not limited to ships
but effectively enhance discriminative feature learning and detail texture preservation for
various fine-grained objects, which validates the general effectiveness of the proposed
method in fine-grained detection tasks.

Table 3. Comparison of performance (AP) on HRSC2016.

Method Year Backbone mAP50 (%) mAP75 (%) mAP50:95 (%)

Faster R-CNN [48] 2017 R50-FPN 84.3 50.2 48.1
Libra R-CNN [49] 2019 R50-FPN 79.4 43.2 43.6

SSD [50] 2016 VGG-16 79.5 42.1 42.7
YOLOv3 [51] 2018 DarkNet-53 80.1 51.5 47.7
YOLOv5 [51] 2018 CSPDarknet 87.7 71.7 60.4
YOLOv9 [52] 2024 GELAN 73.5 46.8 43.0

YOLOv10 [53] 2024 CSPDarknet 89.3 68.8 58.4
FCOS [54] 2020 R101-FPN 88.5 61.0 55.3

YOLOX [55] 2021 CSPDarknet 85.7 63.5 55.0
DAB-DETR [56] 2022 R50-FPN 89.9 70.7 59.0

Deformable DETR [57] 2021 R50-FPN 90.1 60.5 53.1
DDQ [58] 2023 R50-FPN 90.8 60.3 54.8
DINO [59] 2022 R50-FPN 74.0 48.6 44.4

CM-YOLO [14] 2025 CSPDarknet 91.4 72.5 61.5

SPDR-Net (ours) 2026 CSPDarknet 98.1 88.1 79.0
Note: Bold indicates the best result.

Table 4. Comparison of performance (AP) on SSDD.

Methods Year Backbone mAP50 (%)

RetinaNet-O [43] 2017 R50-FPN 89.6
Faster RCNN-O [48] 2017 R50-FPN 88.3

FCOS [54] 2020 R50-FPN 88.7
YOLOv3 [51] 2018 DarkNet-53 95.0

Cascade R-CNN [60] 2021 R50-FPN 89.5
Libra R-CNN [49] 2019 R50-FPN 89.9

SSD [50] 2016 VGG-16 94.0
CenterNet [61] 2019 HG-104 93.5

DAPN [62] 2019 R101-FPN 90.1
ARPN [63] 2020 R50-FPN 89.9

YOLOv7 [64] 2022 ELAN 93.7
OrientedFormer [65] 2024 R50-FPN 91.2

CLAFANet [66] 2025 R50-FPN 91.3

SPDR-Net (ours) 2026 CSPDarkNet 97.7
Note: Bold indicates the best result.
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Table 5. Comparison of performance (AP) on FAIR1Mv1.0 dataset.

Methods Retina Faster RoI Casc. Glid. CHOD PCL PET SFR DR SRCNN MSC-TF PFA SPDR-Net
[43] [48] [67] [60] [68] [69] [70] [71] [72] [22] [73] [74] [75] (Ours)

Sh
ip

Pass. 9.57 9.81 14.31 12.10 9.12 12.34 17.43 13.29 17.44 16.74 19.68 19.38 21.01 19.17
Mot. 22.55 28.78 28.07 28.84 23.34 29.34 56.85 61.94 60.61 58.30 62.21 62.11 63.31 73.37
Fis. 1.33 1.77 1.03 0.71 1.23 1.71 7.88 8.90 8.50 8.08 12.44 12.69 12.90 17.48
Tug. 16.37 17.65 14.32 15.35 15.67 17.77 36.70 37.88 34.87 32.52 34.97 39.23 39.55 35.45
Eng. 19.11 16.47 15.97 18.53 15.43 17.72 10.97 10.93 12.55 11.97 13.76 11.62 15.41 14.65
LCS 14.26 16.19 18.04 14.63 15.32 16.78 19.91 22.05 19.71 22.07 24.68 23.76 24.96 31.47
DCS 24.70 27.06 26.02 25.15 25.43 27.51 40.05 36.82 38.25 37.74 39.20 41.10 41.31 28.70
War. 15.37 13.16 12.97 14.53 13.56 13.67 23.80 23.98 22.00 24.79 34.16 35.16 35.16 44.61

A
ir

pl
an

e

B737 38.46 36.43 39.58 40.42 35.43 40.23 35.96 41.05 39.70 39.05 41.17 43.41 43.05 43.00
B747 55.36 50.68 73.56 52.86 47.88 53.39 85.50 82.23 84.44 84.91 85.81 86.68 86.57 85.54
B777 24.75 22.50 18.32 29.07 15.67 29.65 15.15 22.04 17.79 16.42 21.37 20.89 23.15 55.39
B787 51.81 51.86 56.43 52.47 48.32 54.04 47.97 51.21 48.96 49.13 49.99 52.18 52.76 62.61
C919 0.81 0.01 0.00 0.00 0.01 0.02 16.97 25.66 21.18 52.50 24.27 20.38 22.45 48.76
A220 40.50 47.87 47.67 44.37 40.11 46.26 45.64 51.83 48.38 68.26 53.58 52.96 52.80 54.07
A321 41.06 43.83 49.91 38.35 39.31 43.12 69.14 69.53 71.25 66.98 69.77 70.45 69.09 66.29
A330 18.02 17.66 27.64 26.55 16.54 27.61 71.54 70.86 72.06 39.05 65.57 68.84 71.84 69.16
A350 19.94 19.95 31.79 17.54 16.56 20.89 71.50 73.70 74.16 70.27 72.57 71.87 74.06 78.59
ARJ21 1.70 0.13 0.00 0.00 0.01 0.00 38.68 36.90 31.47 45.45 33.61 31.72 34.34 49.41

Ve
hi

cl
e

SCar 65.20 68.42 68.80 68.19 66.23 70.12 56.78 68.81 57.73 58.39 60.99 62.35 61.96 67.96
Bus 22.42 28.37 37.41 28.25 23.43 28.38 35.10 18.33 32.37 35.51 32.65 28.00 33.83 43.11
CTrk 44.17 51.24 53.96 48.62 46.78 49.11 42.19 42.17 41.01 42.90 44.36 46.40 46.46 50.27
DTrk 35.37 43.60 45.68 40.40 36.56 44.02 45.83 47.15 46.69 47.23 50.32 51.04 51.24 57.30
Van 52.44 57.51 58.39 58.00 53.78 60.78 52.01 65.48 54.08 53.59 56.68 57.47 57.55 67.39
Tra. 19.17 15.03 16.22 13.66 14.32 14.48 16.34 11.93 15.75 15.80 15.75 21.50 16.32 13.51
Trac. 1.28 3.04 5.13 0.91 16.39 4.96 6.43 2.09 7.09 4.26 4.42 5.24 5.96 0.44
Exc. 17.03 17.99 22.17 16.45 16.92 17.60 18.08 8.51 15.97 17.42 19.16 19.49 20.00 22.90
TTrk 28.98 29.36 46.71 30.27 28.91 30.09 0.61 0.41 0.37 1.05 1.99 2.12 4.71 2.28

C
ou

rt

Bkb. 50.58 58.26 54.84 38.81 48.41 47.91 48.45 42.64 49.43 50.43 57.21 57.81 58.25 56.91
Ten. 81.09 82.67 80.35 80.29 80.31 82.11 78.13 78.60 79.17 82.25 83.08 82.20 81.40 90.60
Fbl. 52.50 54.50 56.68 48.21 53.46 54.10 62.55 63.51 59.90 60.53 69.04 68.84 68.41 65.26
Bsb. 66.76 71.71 69.07 67.90 66.93 69.97 88.23 87.40 87.90 86.96 89.97 90.13 89.42 86.21

R
oa

d Int. 17.41 16.92 18.58 20.35 16.25 19.57 59.01 57.48 59.48 58.51 60.98 61.61 61.76 65.65
Rnd. 60.13 59.86 58.44 55.67 59.41 59.91 20.21 20.82 22.05 24.29 25.80 24.75 26.28 31.73
Brg. 12.58 11.87 31.81 12.62 10.39 14.38 31.67 22.57 32.76 26.58 37.42 39.75 40.07 31.87

mAP50 (%) 30.67 32.12 35.29 31.18 29.92 33.00 40.39 40.55 40.74 40.87 43.20 43.63 44.36 47.97

Note: Bold indicates the best result. Fine-grained abbreviations in the “Fine” column follow the FAIR1M v1.0
dataset [39]. Airplane: B737, Boeing737; B747, Boeing747; B777, Boeing777; B787, Boeing787; C919, C919; A220,
A220; A321, A321; A330, A330; A350, A350; ARJ21, ARJ21. Ship: Pass., passenger ship; Mot., motorboat; Fis.,
fishing boat; Tug., tugboat; Eng., engineering ship; LCS, liquid cargo ship; DCS, dry cargo ship; War., warship.
Vehicle: SCar, small car; Bus, bus; CTrk, cargo truck; DTrk, dump truck; Van, van; Tra., trailer; Trac., tractor; Exc.,
excavator; TTrk, truck tractor. Court: Bkb., basketball court; Ten., tennis court; Fbl., football field; Bsb., baseball
field. Road: Int., intersection; Rnd., roundabout; Brg., bridge.

(2) Comparison experiments on other remote sensing scenarios. To further verify
the generality of the proposed method, we conducted comparative experiments on large
public remote sensing datasets that contain richer scenes and target categories. The per-
formance of our method on the DIOR dataset is listed in Table 6. The proposed SPDR-Net
achieves the highest mAP50 of 85.04% on the DIOR dataset, significantly outperforming
all other advanced methods, e.g., YOLO-PKFF [76], GLEF-YOLO [77], CI-DERT [78] and
EMS-Net [79]. Table 7 provides a detailed quantitative comparison on the most widely
used dataset DOTAv1.0. Experimental results demonstrate that the proposed SPDR-Net
surpasses the most of existing object detection methods, e.g., Oriented RepPoints [80],
KFIoU [81], etc., in both accuracy and inference speed. Although our mAP is marginally
lower than that of Oriented R-CNN [82], our approach surpasses all other methods in
terms of inference speed and detection performance. As shown in Figure 10, SPDR-Net
shows good fine-grained classification performance on Airplane category, for example,
Boeing787 shows higher confidence and Boeing737 is correctly identified and identified to
the intersection, which proves its effectiveness in other remote sensing scenarios.
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Table 6. Comparison of performance (AP) on DIOR.

Methods Year Backbone mAP50 (%)

RetinaNet-O [43] 2017 R50-FPN 57.55
Faster RCNN-O [48] 2017 R50-FPN 59.54
Gliding Vertex [68] 2021 R50-FPN 60.06

RoI-Transformer [67] 2018 R50-FPN 63.87
AOPG [83] 2022 R50-FPN 64.14

Oriented RepPoints [80] 2022 R50 67.71
YOLOv5 [51] 2018 CSPDarknet 70.63

YOLOv11 [84] 2024 CSPDarknet 77.71
CI-DETR [78] 2023 R50 69.52

YOLO-DA [85] 2023 CSPDarknet 71.21
GLEF-YOLOX [77] 2024 CSPDarknet 78.91

EMS-Net [79] 2025 CSPDarknet 77.23
YOLO-PKFF [76] 2025 CSPDarknet 80.15

SPDR-Net (ours) 2026 CSPDarknet 85.04
Note: Bold indicates the best result.

Table 7. Comparison of performance (AP) on DOTAv1.0.

Method PL. BD. BR. GTF. SV. LV. SH. TC. BC. ST. SBF. RA. HA. SP. HC. mAP50 (%) Speed (fps)

ROI Trans. [67] 88.53 77.91 37.63 74.08 66.53 62.97 66.57 90.50 79.46 76.75 59.04 56.73 62.54 61.29 55.56 67.74 7.80
SCRDet [42] 89.98 80.65 52.09 68.36 68.36 60.32 72.41 90.85 87.94 86.86 65.02 66.68 66.25 68.24 65.21 72.61 9.51
RSDet [45] 89.80 82.90 48.60 65.20 69.50 70.10 70.20 90.50 85.60 83.40 62.50 69.30 65.60 67.20 68.00 72.20 -

Gliding Vertex [68] 89.64 85.00 52.26 77.34 73.01 73.14 86.82 90.74 79.02 86.81 59.55 70.91 72.94 70.86 57.32 75.02 13.10
CSL [86] 90.25 85.53 54.64 75.31 70.44 73.51 77.62 90.84 86.15 86.69 69.60 68.04 73.83 71.10 68.93 76.17 8.89

Oriented R-CNN [82] 89.84 85.43 61.09 79.82 79.71 85.35 88.82 90.88 86.68 87.73 72.21 70.80 82.42 78.18 74.11 80.87 8.10
CGCDet [87] 88.93 84.45 53.93 78.56 78.54 82.46 87.90 90.87 87.46 84.79 65.56 63.45 76.15 71.58 65.32 77.34 7.80
DODet [88] 89.34 84.31 51.39 71.04 79.04 82.86 88.15 90.90 86.88 84.91 62.69 67.63 75.47 72.22 45.54 75.49 7.98

PolarDet [89] 89.65 87.07 48.14 70.97 78.53 80.34 87.45 90.76 85.63 86.87 61.64 70.32 71.92 73.09 67.15 76.64 25.00
KFIoU [81] 89.46 85.72 54.94 80.37 77.16 69.23 80.90 90.79 87.79 86.13 73.32 68.11 75.23 71.61 69.49 77.35 13.79
R3Det [44] 89.80 83.77 48.11 66.77 78.76 83.27 87.84 90.82 85.38 85.51 65.67 62.68 67.53 78.56 72.62 76.47 12.39

Oriented RepPoints [80] 88.72 80.56 55.69 75.07 81.84 82.40 87.97 90.80 84.33 87.64 62.80 67.91 77.69 82.94 65.46 78.12 -
GWD [90] 86.96 83.88 54.36 77.53 74.41 68.48 80.34 86.62 83.41 85.55 73.47 67.77 72.57 75.76 73.40 76.30 13.86

SPDR-Net (ours) 88.56 85.63 56.34 76.91 78.94 84.26 88.98 90.82 87.84 88.37 66.78 67.67 76.38 82.56 72.67 79.51 45.24

Note: Bold indicates the best result.
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Figure 10. Detection results of other category objects.

5. Conclusions
This paper proposes SPDR-Net for fine-grained ship detection in remote sensing im-

ages. Addressing the challenges of diverse ship shapes and subtle fine-grained differences,
the proposed SPDR-Net utilizes GMSR to provide explicit shape and texture distribution
priors for different ship categories. Furthermore, it develops RSDKs, in which the receptive
field is dynamically adjusted with the help of GMSR shape prior, to achieve precise focusing
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of the object region in the spatial domain. To address the issues of high-frequency dis-
crimination information loss and interference from background noise during up-sampling
and down-sampling, DSWR is designed to recover edge and texture details in the fre-
quency domain through diffusion-supervised wavelet reconstruction. Specifically, GMSR
models distinctive shape distributions, RSDK adaptively enhances discriminative regions,
and DSWR preserves subtle boundary and texture details, jointly reducing ambiguity
among visually similar ship categories. Through this collaborative design in the spatial and
frequency domains, SPDR-Net effectively improves fine-grained detection accuracy and
robustness under complex sea conditions. Experimental results on several public datasets
show that the proposed SPDR-Net outperforms current mainstream object detection models
in both detection accuracy and speed, achieving an mAP50 of 79.3% on the DOSR dataset,
9.9% higher than existing methods. It also achieves state-of-the-art performance on datasets
with various scenes and modalities, validating its versatility.

Nevertheless, the current method offers limited improvement in fine-grained classi-
fication and requires optimization for lightweight deployment. Future work will focus
on improving efficiency and generalization capabilities to achieve more refined ship cate-
gory recognition.
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