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ShipGen: Improving Remote Sensing Ship Detection
via Layout-Conditioned Diffusion-Based
Data Augmentation
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Abstract—Synthetic aperture radar ship detection plays a key
role in the field of remote sensing. Data augmentation is fre-
quently used to enhance detector performance due to the common
challenge of limited annotated data. However, most augmented
methods are limited to geometric transformations, ‘“copy—paste,”’
or image inpainting, which are guided by strict constraints and
suffer limited target and background diversity. To address this,
we propose a novel multiphase transfer-learned framework with
layout-conditioned diffusion model. It incorporates sparse target
layouts as relaxed conditions into the latent diffusion model, where
the conditions take the form of bounding boxes that specify target
positions and sizes. This leaves other ship attributes (e.g., orienta-
tion and scattering characteristics) and backgrounds to be freely
generated and enhance target and background diversity. For en-
hancing the model’s convergence on small datasets, we first pretrain
it on large-scale datasets, and then, fine-tune it on small-scale ones
for transfer learning. This enables precise layout-guided target
generation even when using small datasets. For subsequent data
augmentation, we adopt the widely used grounded-language-to-
image generation model for practical use, and based on the transfer-
learned model, we further develop a new automatic augmentation
pipeline with a filtering mechanism. This pipeline integrates multi-
ple foundation models and tools, including layout augmentation,
segment-anything-model-based annotation correction, and data
filtering, and can automatically adjust inappropriate annotations
and screen high-quality data to serve as augmented data for down-
stream detection tasks. Experiments on SSDD and HRSID datasets
validate that the pipeline improves multiple detectors’ performance
across in-shore and off-shore scenarios, and qualitative analyses
confirm high diversity and quality of generated images.

Index Terms—Data augmentation, latent diffusion model
(LDM), synthetic aperture radar (SAR), ship detection.

I. INTRODUCTION

YNTHETIC aperture radar (SAR) is an advanced active
microwave imaging technology capable of all-weather,
day—night Earth observation. By synthesizing antenna motion, it
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achieves high-resolution remote sensing independent of illumi-
nation and meteorological conditions, while exhibiting unique
penetration capabilities through certain surface obstructions.
These characteristics have positioned SAR ship detection at the
forefront of remote sensing research [1], [2].

The application of deep learning (DL) in SAR ship detection
has significantly advanced remote sensing capabilities, achiev-
ing state-of-the-art performance in multitarget localization and
classification under complex oceanic conditions [3], [4], [5].
However, these achievements critically depend on supervised
learning paradigms requiring large-scale annotated datasets—a
major limitation due to the complexities of the SAR imaging
process and the prohibitive labor-intensive annotation costs, col-
lectively posing obstacles to advancement of SAR ship detection
technology.

Data augmentation serves as an effective strategy to mitigate
SAR data scarcity constraints. While conventional geometry-
based methods (e.g., rotation, cropping, and scaling) expand
dataset volume, they inherently provide limited feature-space
diversity enhancement. To address this, advanced augmentation
techniques, such as BoxPaste [6], [7] and Mosaic [8], have
been adopted in SAR ship detection. Although these approaches
enhance target diversity and yield modest performance improve-
ments in detectors, a persistent domain gap exists between the
distribution of augmented data and that of the original dataset.
This distribution misalignment fundamentally constrains further
detector performance gains.

To bridge this distribution gap, generative-model-based aug-
mentation demonstrates superior capability in learning and repli-
cating underlying data distributions. With rapid advances in
generative artificial intelligence, techniques such as generative
adversarial networks (GANSs) [9] and diffusion models [10] have
been adapted for SAR data synthesis. Yangetal. [11] employed a
Pix2Pix framework to generate SAR images from edge maps, but
the absence of texture details in input representations increased
generation complexity, yielding outputs with suboptimal fidelity
compared to authentic SAR data. Sun et al. [12] developed style-
embedded ship sample augmentation that composites synthetic
ship patches onto background imagery. While enhancing sam-
ple diversity and realism, this approach inherited background
constraints from the original dataset, neglecting environmen-
tal diversity essential for clutter rejection learning of detec-
tors. Ship-Go [13] addressed this limitation through denoising
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diffusion probabilistic models (DDPM) conditioned on ship
instances and trainable environmental prompts. It successfully
expanded background variability for both in-shore and off-
shore scenarios. However, Ship-Go [13] is an image inpainting
method, and the targets in the images generated by Ship-Go
are derived from the targets in existing datasets, resulting in
limited diversity of its generated targets. And the lack of an
automatic filtering mechanism may affect the augmentation ef-
fect. SVDDD [14] established a comprehensive diffusion-driven
framework integrating a fine-tuned stable diffusion model, Con-
trolNet [15], and multistage image filtering. This architecture
significantly enhanced background diversity and demonstrated
measurable improvements in downstream detector performance.

Nevertheless, the target diversity in the aforementioned
diffusion-based works remains limited, leaving room for further
improvement. This limitation is closely tied to the conditional
inputs these methods employ. For instance, SVDDD [14] adopts
segmentation masks as diffusion model conditions, while Ship-
Go [13] uses visual instances. Both the conditions fall under
the category of dense conditions with strict constrains. These
constraints lie in the strict restriction of the target’s orientation,
shape, and even scattering characteristics, which in turn lim-
its the diversity of targets generated through image inpainting
guided by such strict constraints. Notably, this lack of target
diversity will restrict improvement of detectors’ performance,
because sufficient target diversity is essential for effectively
training detectors’ localization modules and improving their
target identification ability. In addition, sufficient background
diversity is equally critical for enhancing detectors’ ability to re-
jectnontargets (e.g., large ground targets and small islands) [13].
Given the dual significance of target and background diversity,
this article focuses on enhancing the diversity of target and
background generation.

Therefore, we provide the latent diffusion model (LDM) with
sparse conditional inputs in the form of target layouts. These
target layouts are represented as a series of bounding boxes,
and they specify the positions and relative sizes of targets,
which are a kind of relaxed constrains for image generation.
Thus, other ship attributes (such as orientation and scattering
characteristics) as well as the background are left to the LDM
for free generation. This helps improve diversity of target and
background. However, we found that training on small datasets
makes it hard for the LDM to generate diverse targets at the
positions specified by the given layouts. This issue makes layout
conditions unsuitable to be used as labels for target detection
in subsequent augmented data. It may also require substan-
tial resources or effort to reannotate the generated images. To
avoid this problem, we propose a multiphase transfer learning
framework for layout-conditioned diffusion model. We first
pretrain the model on large-scale datasets, and then, fine-tune
it on small-scale datasets. This enables the LDM to generate
targets with precise control based on given layouts, even when
using small-scale datasets. For practical implementation of this
framework, we selected the widely used grounded-language-to-
image generation (GLIGEN) model. In addition, building on
the transfer-learned GLIGEN model, we further developed an
automatic end-to-end augmentation pipeline equipped with a
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filtering mechanism. This pipeline integrates multiple founda-
tion models and tools, including layout augmentation, segment
anything model (SAM)-based annotation correction, and data
filtering. It can automatically adjust inappropriate annotations
and screen high-quality data to serve as augmented data for
downstream detection tasks.

The contributions of this article are as follows.

1) Layout conditions are adopted to guide the LDM in gener-
ating SAR ship images, and these conditions impose more
relaxed constraints than existing augmentation methods.
This lays a solid foundation for improving object and
background diversity in data augmentation. Furthermore,
through a novel multiphase transfer learning framework,
the model can generate targets accurately according to
given layouts even for small-scale datasets.

2) Based on the transfer-learned model, a new automatic
end-to-end data augmentation pipeline with a filtering
mechanism is developed. This pipeline integrates multiple
foundation models and tools, including layout augmenta-
tion, SAM-based annotation correction, and data filtering.
It can automatically adjust inappropriate annotations and
screen high-quality data, providing usable augmented data
for downstream target detection tasks.

3) We validate the quality and diversity of generated data us-
ing the benchmark SAR ship detection datasets including
SSDD and HRSID. Through quantitative experiments, we
demonstrate that our method consistently boosts the per-
formance of diverse deep detection models by augmenting
datasets across in-shore and off-shore scenarios. Comple-
mentary qualitative analyses further affirm the method’s
effectiveness, highlighting the rich diversity of generated
images.

The rest of this article is organized as follows. Section II
reviews related work, while Section III introduces the proposed
methodology. Experimental results are analyzed in Section IV,
and finally, Section V concludes this article.

II. RELATED WORK
A. Generative-Model-Based SAR Data Augmentation

Generative models play a pivotal role in enhancing data
diversity and balancing distribution, particularly in SAR
applications. In the realm of SAR, GANs [9] have demonstrated
remarkable efficacy in data augmentation for tasks such as target
recognition and detection. Cui et al. [16] introduced a WGAN-
GP-based method with sample selection filters, generating
azimuth-specific high-quality samples that significantly elevate
SAR target recognition rates in small-sample scenarios, outper-
forming traditional linear generation techniques. Kong et al. [17]
leveraged GAN-based augmentation to address dataset
limitations in CNN-driven SAR target recognition, achieving
promising accuracy improvements on MSTAR datasets. To
tackle challenges such as sample scarcity and speckle noise,
Mao et al. [18] integrated CN-GAN (blending LSGAN and
Pix2Pix) with a shallow CNN, generating high signal-to-
clutter-noise ratio (SCNR) data that outperform original and
other enhanced datasets in recognition tasks. Du et al. [19]
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enhanced SAR data augmentation with an improved WGAN-GP
model, utilizing an encoder and pretrained classifier to stably
produce high-quality images that bolster classification accuracy.
Kwon et al. [20] proposed a cGAN-based approach for SAR
ship detection, generating synthetic images to train detection
networks, which proved effective in experimental evaluations.
For high-resolution SAR ship detection with limited samples,
Zou et al. [21] developed MW-ACGAN to generate multiscale,
multiclass ship images, with Yolo v3 trained on composite
datasets achieving 94% accuracy, far surpassing models trained
solely on original data. Guo et al. [22] introduced RAGAN, a
residual and attention-based GAN, which employs directional
bounding boxes and residual-attention blocks to enhance gener-
ator performance, demonstrating efficacy in ship detection tasks.

Diffusion models [10], a newer class of generative models,
have shown superiority over GANs in producing diverse and
realistic images. Qosja et al. [23] pioneered the application of
DDPMs to SAR, achieving better image generation quality than
GANSs and further improving performance through pretraining
on large clutter datasets. Zhang et al. [13] proposed Ship-Go,
a multicondition DDPM-based model that generates SAR im-
ages with instance annotations by constraining ship placement,
supporting both in-domain and out-of-domain augmentation to
enhance detector performance and dataset diversity. To address
data scarcity in SAR vehicle detection, Sun et al. [24] combined
diffusion models with scattering information, using DDPM for
sample augmentation, extracting scattering features for similar-
ity calculation, and integrating recognition networks to improve
target recognition under limited samples. Ying et al. [25] intro-
duced a lightweight frequency domain-aware diffusion model
with a fast Fourier-transform-based frequency adjustment mod-
ule, which stabilizes high-frequency component generation, re-
sulting in realistic SAR images.

In summary, while SAR image generation has advanced data
augmentation for recognition, detection-specific challenges—
including the need for both target and background diver-
sity, annotation reliability validation, and annotation automatic
correction—are inadequately addressed by existing methods.

B. Diffusion Models

Diffusion models [10], [26], [27], celebrated for their stable
training dynamics and superior generative performance, are
progressively overtaking GANs to become the leading frame-
work in generative tasks. Text-guided diffusion models excel
at producing lifelike images, yet the inherent brevity of textual
descriptions often hinders precise control over the generation
process, thereby constraining their capacity for personalized
content creation.

To tackle this limitation, researchers have begun integrat-
ing supplementary control conditions alongside text guidance,
dramatically broadening the application landscape of diffusion
models. Such extensions span a diverse range of tasks: layout-
guided generation [28], [29], [30] for structured content cre-
ation, style transfer [31], [32] for aesthetic adaptation, image
restoration tasks such as denoising and superresolution [33],
and even video generation [34]. These applications underscore
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the immense versatility of diffusion models in handling complex
generative challenges.

Notably, the LDM [27] has emerged as a foundational frame-
work in this domain. By confining the diffusion process to a
low-dimensional latent space, the LDM not only retains the
high fidelity of generated images but also achieves a substantial
reduction in computational overhead, laying the groundwork for
countless subsequent advancements in generative modeling.

Building on these advancements in diffusion models, par-
ticularly their shift toward enhanced controllability through
multicondition guidance and the efficiency gains of latent space
operations, our work extends this paradigm to address a critical
gap in data augmentation for SAR ship detection. This approach
not only aligns with the broader trend of refining diffusion-based
controllability but also tailors it to the unique demands of
detection-oriented data augmentation.

III. METHODOLOGY

A. Preliminaries

1) Denoising Diffusion Probabilistic Models (DDPM):
DDPM [35] is a class of generative models that learns data
distributions through iterative noise injection and denoising. The
process consists of the following two Markov chains.

Forward diffusion process: Gradually corrupts data x¢ with
Gaussian noise over 1" steps

Q($t|mt71) =N (IUt; V1= Bz, 5:&1) (D

where 3, € (0, 1) is a predefined noise schedule, and I denotes
the identity matrix. The direct transition from x( to x; is given
by

2 = Ve + V1 — age, €~ N(0,1)

. — t
withay =1—frand a = [, .

Reverse denoising process: Learns to reconstruct data from
noise

2

po(i1|we) = N (T-15 po (24, 1), Do (2,1)) . ()
The mean is parameterized as

1 Bt
—— |2y — ————e€g (a4, 4
LT ( K \/1—64t66( ‘ )> @
where ¢y is a neural network predicting the noise component.

The training objective minimizes the variational lower bound,
simplified to

Loppm = Ei zg e [[l€ — €o(Varzo + V1 —awe, t)[’]  (5)

typically implemented with U-Net architectures conditioned on
timestep embeddings.

2) Latent Diffusion: Latent Diffusion [27] extends DDPM
by operating in a latent space to reduce computational cost.
It employs a pretrained variational autoencoder (VAE) with
encoder Encyag and decoder Decyag as follows:

z = Encyag(x) (6)
X = DCCVAE(Z). (7)

/W(xt» t) =
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The diffusion process occurs in latent space with modified loss

Lipm = Eg(x),e.t [”6 — €9(z4, L, T(?/))H2] 3)

where 7(y) projects text/image conditions.
Conditional generation integrates prompts via cross-attention

T
Attention(Q, K, V') = softmax <QZ ) Vv 9)
Q=Wqo(z), K=Wkr(y), V=Wyr(y). (10

This enables high-resolution image synthesis with 5x fewer
computations than pixel-space DDPM.

Stable diffusion (SD) is a text-to-image model built on latent
diffusion technology. It generates high-quality images from
user-provided text descriptions. To achieve this, the text de-
scriptions are first encoded using CLIP [36] into representations
that align with the latent space of images. These text represen-
tations are then incorporated into the diffusion process using
cross-attention mechanisms.

3) Grounded-Language-to-Image Generation (GLIGEN):
GLIGEN [28] enhances pretrained text-to-image diffusion mod-
els (e.g., SD) with spatial grounding capabilities without catas-
trophic forgetting. Given

1) text prompts C' = {¢; }7*, with token embeddings c;;

2) grounding entities ¥ = {e;}”_, with spatial coordinates

bj = [xmina Ymin, Tmax, ymax]~

The model processes grounding tokens via

(1)

where @ denotes concatenation and Fourier(-) computes posi-
tional embeddings.
The core innovation is the gated self-attention mechanism

g; = MLP (Encx(e;) @ Fourier(b,))

T
Attng,(Q, K, V) = Softmax (?/{% > \%4 (12)
Qu Ky
+ A tanh(y) - Softmax ( V. Vy
(13)

where (), and K, are queries/keys from grounded features. The
gating parameter 7y (initialized at 0) controls the gradual infusion
of spatial information while freezing original diffusion weights.

The training loss extends standard diffusion loss with ground-
ing conditioning

Leoucen = Etecp [|l€e — €o(2e,t,C, B)|?] .

Inference uses a two-stage strategy: activate grounding for initial
k steps (7 = 1) then disable (v = 0) to preserve output quality.

4) Segment Anything Model (SAM): SAM [37] is a prompt-
able segmentation foundation model supporting zero-shot gen-
eralization. Its architecture comprises

Mask = fdecoder (fimage (I), fprompt(P))

(14)

15)

where
®  fimage: MAE-pretrained ViT encoder generating image em-
beddings with input image [;
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® foromp: Encoder for sparse (points/boxes/text) or dense

(masks) prompts P;
®  fiecoder: Transformer-based mask decoder combining em-
beddings.
Point prompts are encoded by
p; = MLP(PE(z;, y;)). (16)
And box prompts are encoded by
p_l; = MLP (PE(xmina ymin) S PE($maxa ymax)) (17)

with PE denoting positional encoding. SAM predicts multiple
masks for ambiguous prompts using intersection over union
(IoU)-based ranking.

SAM was trained on the SA-1B dataset, the largest segmenta-
tion dataset with 1 billion masks, enabling unprecedented gen-
eralization across domains including medical imaging, remote
sensing without fine-tuning.

B. Our Method

Based on the aforementioned technique, we propose our
diffusion-model-based SAR ship detection dataset enhancement
pipeline, as illustrated in Fig. 1, is divided into four stages: layout
augmentation, image generation, annotation correction, and data
filtering.

1) Layout Augmentation: Layout is defined as a series of
bounding box annotations of targets, which specifies targets’
positions and relative sizes. It can be regarded as a kind of
relaxed constrains for data augmentation when comparing it
with segmentation masks in [14] and visual instances in [13],
which are more strict constrains. Layout-conditioned data aug-
mentation has already delivered greater target diversity than
other diffusion-model-based methods [13], [14]. To further
boost this diversity, the synthetic layout augmentation process
transforms raw bounding box annotations By = {b; } Y 1, b; =
[%:, yi, w;, h;] into geometrically diversified synthetic layouts
By = {Ei}ijil, b; = (%1, i, Wy, El] through stochastic spatial
transformations. The parameters of each transformation are
provided as follows:

Scale: s ~ U(Smin, Smax) (18)
1 with probability 0.
Horizontal flip: fj, = e pr'o ability 0.5 (19)
0 otherwise
1 with probability 0.5
Vertical flip:  f, = { . pr.o by (20)
0 otherwise
Ax =U(— .
Translation: v=U(=rr)-W (21)
Ay =U(-r,r)- H.
Then. each transformation applies
lf}i:S'wi, }ALZ:Shl (22)
Tip=s-mi+Ax, gi=s-yi+Ay (23)
- Ai Al' 3 =1
R N (24)
L, fh =0
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2) Transfer Learning for Enhanced Condition Control in
GLIGEN-Based Image Generation: Synthetic SAR images are
generated conditioned on synthetic layouts By, via spatially
grounded diffusion model GLIGEN. The GLIGEN model G
takes inputs
1) textprompt: T" = “A synthetic aperture radar image of the
sea”;
2) target grounding: Entity description 73 = “ship” and spa-
tial layout By, which has been converted into the form
of [xminy Ymin, Tmax; ymax] .
In latent space, the denoising process integrates grounding
conditions through gated self-attention

. _{H_(gi+ili)a Jo=1

z¢ = €9 (Ze41, 4, O7(T), Attng (Qz, Kz, V) (26)
where ¢ is text encoder of CLIP [36], and
Kg = Wy, - (PE + g(T%, Byn)) 27
Vi =W, - (PE +g(T}, Byn)) (28)
where PE is a trainable position embedding, and
g(T%, Beyn) = MLP (¢ (T;) @ Fourier(Bgyn)) - (29)
The generated image Zy., is decoded by the VAE decoder
Toen = Decyag(zo). (30)

However, we identify a critical limitation in training GLIGEN’s
gated attention layers on small-scale datasets

N
1 . . N
Lalign = v E [|[Position(b5") — Position(b5>™)) ||z (31)

i=1

Pipeline of layout-conditioned diffusion-based SAR ship detection dataset augmentation.

TABLE I
ALIGNMENT PERFORMANCE UNDER DIFFERENT TRAINING STRATEGIES

Training Strategy Dataset Laign (px)  ToU
Baseline (scratch) SSDD 283 £4.1 040
Baseline (scratch) HRSID 267 £32 042
Proposed transfer SSDD 63 +09 084
Proposed transfer HRSID 6.5+ 08 0.81
Pretrain only SARDet-100K 7.8 + 1.1 0.78

where Position(b™") denotes generated object coordinates and
Position(b5°™!) denotes condition coordinates. As shown in
Table I, small datasets (e.g., SSDD and HRSID) yield Lyjign >
25 pixels, indicating significant misalignment between gener-
ated objects and condition boxes. This is because the small
variance of the conditional input leads to insufficient diversity
of the gradient during the optimization process, which is not
conducive to effective parameter convergence.

To address this, as shown in Fig. 2, we propose a multiphase
transfer learning framework.

Large-scale pretraining: In Phase 1, we conduct warm-start
training by initializing a VAE with weights from SD 1.4 and
training it on the SARDet-100 K dataset [38]. This primes the
model with SAR-specific features while leveraging pretrained
generative capabilities.

Subsequently, in Phase 2, we perform cold-start training—
optimizing GLIGEN’s gated attention layers directly on
SARDet-100 K from scratch

> Loucen

(xt ,C) € Dsurder

¢, = argmin (32)

b4

where 9; is trained from scratch, with ~ initialized as 0.
This approach enables the model to directly learn SAR ship
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Pre-train with SARDet_ship
transfer the ability to control the object’s locatlon
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<l
diffusion
Supervised finetune training with customized SAR dataset
Fig. 2. Framework of transfer learning for enhanced condition control in GLIGEN-based image generation.

distributions and conditional controls from scratch. Through
training on large-scale datasets, the model achieves thorough fit-
ting of conditional control capabilities while maintaining strong
generalization performance, ensuring effective adaptation to
diverse SAR scenarios and detection tasks.

Domain-specific transfer: In Phase 3, we initialize the VAE
with the weights of SD 1.4 and train it on a customized dataset
to align the latent space with domain-specific features. Concur-
rently, for the target domain Deysiom, We initialize the GLIGEN
generator parameters ¢/, with pretrained weights 67 and fine-tune
them using the customized dataset.

>

(xt 70) E’Dcus(om

0;* = argmin ACGLIGEN~ (33)

by

This approach facilitates the precise transfer of spatial control
capabilities to novel target domains, ensuring adaptive data
generation with diverse spatial conditions.

3) SAM-Based Annotation Correction: There may be devi-
ations between the synthetic spatial grounding Bgy, and the
actual annotations of the targets in the generated images. Large
deviations can lead to a decline in the localization ability of
the detector, so it is necessary to correct the annotations of the
targets in the generated images. We feed generated images Zge,
and corresponding spatial grounding By, to SAM for annotation
refinement. The mask of object area is predicted by

Mi = fdecoder (fimage (Igen)7 fprompt(Bsyn>) . (34)

Then, the annotation of objects can be derived by converting

the mask
Bam = [, 7,1, h]. (35)

4) Detection-Oriented Data Filtering: Given the critical im-
portance of image quality and annotation precision in detection-
oriented data augmentation, integrating augmented data that
preserves object fidelity comparable to the source imagery with
accurate annotations can substantially improve detection model
accuracy.

To eliminate samples exhibiting suboptimal target fidelity
or erroneous annotations, we implement a ResNet-34-based
filtration framework.

F(Zgen, Bsam) = ResNet34(Resize(Crop(Zgen, Beam ), 224)

(36)
where Zye, is cropped using bounding box Bgum, resized to 224 x
224 pixels, and subsequently, processed as input to a ResNet34
architecture.

Treating image filtering as a binary classification problem,
we replace the final layer of ResNet with a fully connected
layer for binary classification. The training data comprises two
categories: high-quality data (cropping original images using
ground-truth annotations) and low-quality data (applying ran-
dom shifts and resizing to ground-truth annotations, and crop-
ping images) with quality label of {0 : low, 1 : high}.

The filtering decision uses classification result and confidence
thresholding, the retention condition combines classification
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quality and confidence

)1 if F(Zgen, Bsam) = land s; > 7
]Iretam (Igena Bsam) - {0 0therw1se
(37
where s; is the probability (confidence) that the classifier outputs
1, and 7 is its threshold for decision.

Then, filter generated data samples classified as high-quality
with confidence scores exceeding a threshold, retaining them in
the augmented dataset; discard data below the threshold. And,
the augmented dataset is updated by

Dfnﬁ;l) = D;(lflé U {(Igena Bsam) | ]Irelain(Igena Bsam) = 1} .
(38)
Discarded samples form the set

Ddiscard = {(Igena Bsam) | ]Iretain (Igena Bsam) = 0} . (39)

IV. EXPERIMENTS

A. Data Description

1) SARDet-100K: The SARDet-100K dataset [38] repre-
sents the first COCO-scale benchmark for large-scale SAR
object detection, comprising 116 598 images and 245 653 an-
notated instances across six object categories: Ship, Aircraft,
Bridge, Tank, Car, and Harbor. Data are collected from ten het-
erogeneous SAR datasets acquired by multiple satellites and air-
borne platforms including GF-3 (C-band), Sentinel-1 (C-band),
TerraSAR-X (X-band), RadarSat-2 (C/X-band), and airborne
Ka/Ku/X-band sensors. Spatial resolution spans 0.1-25 m with
multipolarization modes (HH, HV, VH, VV). We used all ship
images (60 792 in total) for the pretraining of the GLIGEN
model.

2) SSDD: The SAR images included in the SSDD
dataset [39] were acquired by RadarSat-2, TerraSAR-X, and
Sentinel-1 sensors, with spatial resolutions spanning 1-15 m.
This dataset encompasses four polarization modes: HH, VV, VH,
and HYV, and provides two forms of instance-level annotations,
specifically masks and bounding boxes. The training and testing
subsets comprise 928 and 232 patches, respectively. Observa-
tional analysis reveals that the background environments in
SSDD can be categorized into two types: off-shore and in-shore.
Within the training set, there are 746 - patches and 182 in-shore
patches.

3) HRSID: The SAR images included in the HRSID
dataset [40] were acquired by Sentinel-1 and TerraSAR-X sen-
sors, featuring multiple polarization modes (HH, HV, and VV)
and spatial resolutions spanning 1-5 m. This dataset provides
two forms of instance-level annotations: masks and bounding
boxes. The training and testing subsets comprise 3 642 and 1 962
patches, respectively. Observational analysis indicates that the
background environments in HRSID can be categorized into
three types: in-shore, near-island, and off-shore. The training
set includes 404 in-shore patches, 201 near-island patches, and
3 037 off-shore patches.
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B. Experiments Setting

The training sets of SSDD and HRSID were used for the
transfer training of the GLIGEN model. In the detection dataset
generation phase, the original bounding box annotations were
also selected only from the training sets. To analyze the SAR ship
detection performance, the detection model was trained on the
training set (or the augmented training set containing generated
samples) and evaluated on the test set accordingly.

To compare our method with Ship-Go [13], we adopted a
similar experimental setup with it. And, we have also designed
two scenarios that are augmentation with in-domain and cross-
domain conditions. Suppose there are two datasets, D; and Ds,
with different data distributions, the slight difference of our
method lies in the following conditions.

1) Augmentation with in-domain conditions: The GLIGEN
model is trained on D; to generate images under condition
of bounding boxes in D;. Subsequently, the generated
images are merged into D; to form the final augmented
dataset, which is used for training detectors.

2) Augmentation with cross-domain conditions: The GLI-
GEN model undergoes training on D1, tasked with gen-
erating images under condition of bounding boxes in Ds.
These generated images are then merged into D1, thereby
forming the final augmented dataset that serves for training
detectors.

It is worth noting that due to the different conditions between
our method and Ship-Go, our method is conditioned on a set
of annotations that constitute the target layout, while Ship-Go
is conditioned on visual instances. When Ship-Go performs
augmentation with cross-domain conditions, the distribution of
generated targets (such as frequency bands, wavelength, and
polarization mode) differs from that of D;, introducing the di-
versity of cross-domain D5 targets. However, when our method
conducts augmentation with cross-domain conditions, it focuses
on changing the distribution of target layout. Since the generative
model is trained on D, the distribution of generated targets is
similar to that of Dy, but the diversity of layouts is increased
(with the layouts derived from D). More detailed analysis is
illustrated in Section IV-F2.

In addition, five classical deep-learning-based object detec-
tors are selected to quantify the quality and diversity of the
generated samples.

1) YOLOF: A single-stage anchor-based detector that utilizes
only single-scale feature maps for prediction. As a result,
the model has a relatively small capacity and achieves
faster inference speeds.

2) RetinaNet: A single-stage anchor-based detector. In con-
trast to YOLOF, it employs multiscale feature maps for
prediction. Moreover, due to the network architecture, the
classification and localization prediction tasks are decou-
pled.

3) FCOS: A single-stage anchor-free detector that improves
upon the regression branch of RetinaNet. This model elim-
inates the need for presetting anchors (proposal regions)
and is well-suited for detection scenarios where targets
exhibit variable aspect ratios.
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4) Faster R-CNN: A two-stage detector. Compared with
single-stage detectors, it addresses the issue of imbalance
between positive and negative samples. Its coarse-to-fine
localization regression approach results in higher detec-
tion accuracy than single-stage detectors.

5) Cascade R-CNN: A multistage detector developed based
on Faster R-CNN. This method raises the quality require-
ments for proposals during the label assignment stage,
thereby enhancing the accuracy of detection results.

For the quantitative analysis of our method, the five afore-
mentioned detectors are trained on the new dataset supplemented
with generated samples. Detection performance metrics are then
used to evaluate the quality of the generated samples. And we
adopt average precision (AP) and average recall (AR) as metrics,
which are defined as follows:

TP
Precision = ———, Recall = TP
TP + FP TP 4 FN

1 1
AP = / P(R)dR, AR = / R(P)dP  (40)
0 0

where P and R correspond to precision and recall. TP, FP, and
FN stand for true positives, false positives, and false negatives,
respectively. Note that the mentioned AP specifically refers to
AP50, i.e., the AP calculated with the IoU threshold set to 0.5.

C. Implementation Details

Our implementation leverages PyTorch 1.13.1 with CUDA
12.4, and the experiments were conducted on a server cluster
running a 64-bit Linux operating system. The hardware config-
uration comprises a NVIDIA A800 GPU (80-GB memory) and
an Intel(R) Xeon(R) Gold 6348 CPU at 2.60 GHz.

In the implementation of our method, for pretraining and
fine-tune GLIGEN model, the AdamW optimizer [41] is em-
ployed with a base learning rate of 5 x 105 and 10 000 warmup
iterations. Batch sizes are configured to 2 for autoencoder train-
ing and 16 for diffusion model optimization. Random hori-
zontal/vertical flips and random crops are applied during data
preprocessing for augmentation purposes.

For training ResNet34 for data filtering, a ResNet-34 model is
initialized with weights pretrained on ImageNet [42]. All convo-
lutional layers are frozen, except that the final fully connected
layer is replaced with one outputting two channels for binary
classification. And the final fully connected layer is optimized
by AdamW optimizer [41] with a learning rate of 0.001. And
the learning rate is decayed by 0.1 every five epochs during a
total training process of ten epochs.

In the implementation of object detection experiments, the
open-source framework MMDetection [43] served as the foun-
dational codebase. Prior to model input, all images underwent
resizing to a resolution of 512 x 512 pixels. For backbone net-
work initialization, each detector employed pretrained weights
derived from the ImageNet dataset [42], ensuring consistency in
initial parameter states. To maintain experimental rigor across
comparative trials, hyperparameters were standardized across
all groups, adhering to the configuration protocols outlined
in [44]. Training for each model spanned 12 epochs, with a
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batch size of 4 utilized throughout the process. Although we
adopted these parameter settings for training detectors publicly
disclosed by Ship-Go, discrepancies in the AP and AR of our
implemented baseline models may arise due to differences in
versions of software packages such as PyTorch. Therefore, in
our experimental analysis, we focus more on comparing the
advantages and disadvantages of the performance improvement
margins between our method and Ship-Go.

D. Ablation Study

Ablation studies on the SSDD and HRSID datasets (see
Tables II and III) systematically validate the effectiveness of
three core pipeline components (layout augmentation, anno-
tation correction, and data filtering) across two models with
distinct complexity: the lightweight YOLOF-ResNet-50 and the
nonlightweight Cascade R-CNN-ResNet-101, evaluated in both
off-shore and in-shore maritime scenes. The results consistently
confirm that integrating all three components yields the optimal
AP/AR values for both models—removing any single module
leads to performance degradation, verifying the pipeline’s ratio-
nal design and synergistic effect of components.

For the lightweight YOLOF-ResNet-50, the full pipeline
delivers remarkable gains, especially in challenging in-shore
scenes: SSDD in-shore AP surges from 32.8% (baseline) to
46.0% HRSID in-shore AP rises from 16.5% to 25.3%, while
off-shore AP also improves significantly, effectively compen-
sating for the lightweight model’s accuracy deficit without
sacrificing its speed advantages. The nonlightweight Cascade
R-CNN-ResNet-101, with a higher baseline, still achieves con-
sistent gains, confirming the components’ universal adaptability
across model complexities.

Each component plays an irreplaceable, scene-specific role.
When layout augmentation is removed (while retaining an-
notation correction and data filtering), a mild but noticeable
performance drop occurs in both scenarios. Given the complex,
irregular object arrangements and diverse coastal background
interferences in near-shore areas, layout augmentation boosts
dataset diversity for targets and backgrounds, thus improving the
detector’s generalization ability. Dropping annotation correction
(with layout augmentation and data filtering kept) causes a
consistent performance decline across both off-shore and in-
shore scenarios, emphasizing its essential role in ensuring high-
quality, accurate training labels; even with some tolerance for
minor annotation errors, overall precision and recall decrease,
underscoring the need for precise labels in augmentation. Re-
moving data filtering (while preserving the other two strategies)
inflicts the most severe performance degradation in the in-shore
scenario, as unfiltered in-shore data contains a large share of low-
quality or nonship samples that disrupt model training, whereas
the off-shore scenario sees a smaller performance drop, owing to
simpler backgrounds, more easily generated ship samples, and
the more prominent effect of annotation correction.

Notably, the components deliver far higher relative gains
for the lightweight YOLOF-ResNet-50, narrowing the per-
formance gap with the heavy Cascade R-CNN-ResNet-101.
This makes the lightweight model a cost-effective choice for
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TABLE II
ABLATION STUDY ON SSDD DATASET

YOLOF-ResNet-50

Cascade R-CNN-ResNet-101

Layout Annotation Data
augmentation  correction filtering Off-shore In-shore Off-shore In-shore
AP(%) AR(%) AP(%) AR(%) AP(%) AR(%) AP(%) AR(%)
v v v 80.2 85.0 46.0 59.3 97.9 98.4 82.1 86.0
v v 78.5 83.2 43.1 56.7 97.9 97.8 79.8 83.7
v v 79.1 84.0 44.2 57.5 97.8 98.1 80.5 84.5
v v 773 82.5 41.8 552 97.9 97.8 78.3 82.3
v 76.5 83.5 36.0 51.0 97.8 96.5 77.7 822
v 77.0 83.0 37.2 52.3 97.8 96.8 77.4 82.5
v 76.8 83.2 36.5 51.5 97.8 97.0 77.5 82.8
75.5 82.9 32.8 49.6 97.8 95.7 71.3 82.1

v’ indicates that the corresponding component is used in the experiment.

TABLE III
ABLATION STUDY ON HRSID DATASET

YOLOF-ResNet-50

Cascade R-CNN-ResNet-101

Layout Annotation Data
augmentation  correction filtering Off-shore In-shore Off-shore In-shore
AP(%) AR(%) AP(%) AR(%) AP(%) AR(%) AP(%) AR(%)
v v v 84.6 86.9 25.3 32.6 94.9 95.2 44.0 50.0
v v 80.1 83.3 22.1 29.8 94.5 95.1 43.8 49.7
v v 82.3 85.1 23.5 30.9 94.8 95.2 43.9 49.8
v v 78.6 81.9 20.8 28.4 94.7 95.2 437 49.7
v 78.4 79.3 18.2 26.1 94.0 95.2 43.7 49.7
v 77.2 81.1 19.5 27.3 94.1 95.1 43.8 49.6
v 76.9 80.7 18.9 26.7 94.0 95.1 43.6 49.6
76.8 80.2 16.5 243 93.9 95.1 435 49.5

v indicates that the corresponding component is used in the experiment.

resource-constrained maritime surveillance, balancing speed
and accuracy, while in-shore scenes consistently benefit more
from the pipeline than off-shore scenes, aligning with the com-
ponents’ design goal of solving complex maritime detection pain
points.

E. Qualitative Analysis

In this section, we turn to qualitative assessment to unpack two
key aspects: first, the role of ShipGen in enhancing data diversity
through augmentation, and second, the practical efficacy of our
proposed module. To substantiate these analyses, we present
a series of visualizations showcasing the images generated by
the respective methods, allowing for direct observation of their
performance characteristics.

1) Visual Analysis on Augmentation With In-Domain Condi-
tions: Figs. 3 and 4 illustrate the visual performance of augmen-
tation with in-domain conditions via ShipGen, respectively, on
the HRSID and SSDD datasets. In these figures, odd columns
present images from the original dataset, while even columns
display generated counterparts, with instance-level annotations
marked by green boxes. To more clearly highlight the object and
background diversity of generated images, ShipGen adopts the
same object layout as the original dataset in image synthesis.
Its primary function is to replace the objects in the original
images with new in-domain objects at the same object positions,
while simultaneously replacing the backgrounds of images in
the original dataset with new in-domain backgrounds, thereby
increasing the diversity of both objects and backgrounds.

As observed in Fig. 3, ShipGen introduces islands around
ships sailing at sea. It can also transform a moving ship into one
docked at the shore (such as the image in the third row, fourth
column). For near-shore ships, for example, in the fourth row,
second column, ShipGen preserves the mooring state of near-
shore ships while appropriately adding surrounding background
elements (including islands and ports), thereby providing the
detection model with more diverse training samples in terms of
background. In addition, ShipGen alters the ship’s orientation
and scattering characteristics while maintaining the object layout
(e.g., the fourth column), thereby providing the detection model
with more diverse training samples in terms of object.

Fig. 4 further validates ShipGen’s creative generation capa-
bility in the SSDD experiment. The generated images inherit
the object distribution of the original images but generate ship
targets with different orientations and even different scattering
characteristics at the same positions. For example, in the fourth
row, the third and fourth columns show different manifesta-
tions of the cross side-lobe effect and different distributions of
scattering centers. In addition, ShipGen generates contextually
appropriate backgrounds around the targets. For instance, in the
image of the fourth row and second column, a dock is generated
between two ships berthed side by side.

2) Visual Analysis on Augmentation With Cross-Domain
Conditions: Fig. 5 presents the visualization results of aug-
mentation with cross-domain conditions on the HRSID dataset.
In this figure, odd columns display images from the original
SSDD dataset, while even columns show the generated images
using HRSID-trained model. Consistently, sample generation
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Fig. 3.
rectangles represent the annotations of object layout.

leverages the same object layouts as those in the cross-domain
dataset images, increasing the diversity of ship sizes and po-
sitional distributions, thereby enhancing both foreground and
background diversity for the original dataset.

As shown in Fig. 5, since ShipGen is trained on the HRSID
dataset, it has learned the distribution patterns of objects and
backgrounds based on the object layout control of this dataset.
This section focuses on generating objects and backgrounds in
the style of the HRSID dataset by controlling the object layout
from the SSDD dataset. Even when the layout distribution and
imaging size of cross-domain objects differ from those in the
current domain, ShipGen can generate reasonable objects and
backgrounds according to the cross-domain object layout. For
example, in the third row and sixth column, based on the ship
layout from the SSDD dataset, near-shore ships and surrounding
coastal backgrounds are generated at the same positions. By
introducing more instance layouts from out-of-domain datasets
into the original dataset for training, the diversity of object
layouts in the generated data is enhanced, which in turn helps
improve the generalization performance of the detection model
in SAR ship detection.

3) Visual Analysis on Samples Diversity With Different Lay-
outs: Figs. 6 and 7 further analyze sample diversity with differ-
ent layouts on the HRSID and SSDD datasets. In these figures,
the odd columns present layout diagrams processed by layout
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Augmentation results with in-domain conditions on HRSID. Odd columns: Images from the original dataset; Even columns: Generated images. The green

augmentation (see Section III-B1), while the even columns dis-
play the corresponding generated images. The layouts undergo
operations such as translation and resizing, which enable the
targets to have more diverse positions and imaging sizes, thereby
introducing greater diversity to the targets in the generated
images.

As shown in Fig. 6, under the constraints of different object
layouts, the generated SAR images produce ship targets at
corresponding positions while generating backgrounds around
these targets. For instance, in the third column, the targets exhibit
significant differences in positional distribution and size, and the
generated images in the fourth column feature both near-shore
and open-sea backgrounds, with diverse islands or coastlines in
the backgrounds.

As shown in Fig. 7, under the constraints of varied object
layouts, the generated SAR images accurately place ship targets
at the specified positions and generate contextually coherent
backgrounds around them. For example, in the fifth column,
where the targets differ noticeably in their spatial arrangement
and scale, the corresponding generated images in the sixth
column display arange of background settings, including coastal
regions with intricate port structures and off-shore areas with
scattered small islands, all of which are consistent with the
positional characteristics of the targets in the layout. This further
demonstrates that the model can flexibly adjust background
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Fig. 4.
rectangles represent the annotations of object layout.

generation based on different object layout constraints, thereby
enhancing the diversity of both targets and backgrounds in the
generated samples.

4) Visual Analysis on Samples Diversity With the Same Lay-
out: As shown in Figs. 8 and 9, experiments on sample diversity
analysis based on the same layout were conducted on the HRSID
and SSDD datasets. Images within the same column correspond
to multiple SAR images generated under the constraint of the
same object layout (first row).

As shown by comparing images in each column, under the
constraints of the same object layout, the diversity of samples is
manifested in two aspects: on one hand, it is the target-related
diversity, including the diversity in the orientation of generated
ships (see the second column in Fig. 8) and the diversity in the
scattering characteristics of ships (refer to the first column in Fig.
8); on the other hand, it is the background-related diversity—the
backgrounds around the ships can be either open-sea or near-
shore (e.g., the last three columns in Fig. 8).

Similar phenomena are observed in the experiments on the
HRSID dataset. For example, the targets’ orientations and scat-
tering characteristics vary significantly (see the last column in
Fig. 9), and the positions of coasts and islands surrounding the
ships are altered (see the seventh column in Fig. 9).

In summary, ShipGen inherently possesses randomness in
image generation based on the LDM. This intrinsic randomness
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Augmentation results with in-domain conditions on SSDD. Odd columns: Images from the original dataset; Even columns: Generated images. The green

ensures the diversity of both targets and backgrounds in the
generated data. On one hand, it provides the ship detector with a
sufficient number of false alarm training samples (such as ocean
waves, islands, and partial features of other vessels), helping the
detection model more accurately exclude nontarget information
and reduce misjudgments. On the other hand, it offers the
detector a sufficiently diverse set of positive samples (covering
appearance variations under different ship types, angles, lighting
conditions, and sea states), enabling the detection model to
learn more comprehensive target features. As a result, the model
maintains high recognition reliability for various types of ships
during actual detection. Ultimately, through the optimization
of these two aspects, the prediction confidence of the model is
enhanced.

5) Visual Analysis on Detection Performance: In this sec-
tion, we visualize the detection performance of detectors in
complex scenes, with Faster R-CNN and FCOS employed as
baseline models. As illustrated in Figs. 10 and 11, false alarms
(false positives) and missed alarms (false negatives) are marked
with red and green circles, respectively. It is apparent that the
baseline models generate false alarms for ground targets along
the shore and miss alarms for ships in near-shore areas.

However, after training on the augmented dataset, the en-
hanced background diversity equips the detector to mitigate
the negative interferences introduced by complex scenes. Data
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Fig. 5.

augmentation yields more robust representations of both back-
grounds and targets, thereby enabling accurate recognition of
both.

F. Quantitative Analysis

In this subsection, detection experiments are performed to
evaluate the quality of generated images, covering augmentation
scenarios with in-domain conditions and cross-domain condi-
tions. For each detector type, two convolution-based backbone
networks of varying scales—ResNet-50 and ResNet-101—are
employed. This experimental design ensures comprehensive
data quality assessment by accounting for both the diversity of
detection network architectures and variations in model capacity.

1) Main Results on Augmentation With In-Domain Condi-
tions: Following the augmentation protocol outlined in Ship-
Go, we added 800 generated samples (200 off-shore and 600
in-shore images) to the original SSDD and HRSID datasets.
Table IV evaluates the in-domain augmentation performance of
our method against Ship-Go on the SSDD dataset, with bolded
results indicating where our method outperforms Ship-Go. No-
tably, our method achieves higher AP than Ship-Go across all
cases and superior AR in most scenarios. Furthermore, the AP
improvement of our detection models relative to their baseline
counterparts is significantly greater than that of Ship-Go. This

Augmentation results with cross-domain conditions on HRSID. Odd columns: Images from the original SSDD dataset; Even columns: Generated images
with annotations of SSDD dataset using Ship-Gen trained on the HRSID dataset. The green rectangles represent the instance-level annotations.

advantage is particularly pronounced for lightweight models
such as YOLOF: in the in-shore scene, our method boosts
YOLOF-ResNet-50 by 10.7% in AP, surpassing Ship-Go’s 5.5%
gain. For larger models such as RetinaNet-ResNet-101, our
method still delivers a substantial 29.8% AP improvement in
the in-shore scenario, outperforming Ship-Go’s 13.5Even as
model size increases, the performance advantage of our method
remains evident. For example, Cascade R-CNN-ResNet-101
achieves 82.1% AP with our augmentation (up from its base-
line of 76.7%), representing a 5.4% improvement that exceeds
Ship-Go’s 3.9% gain in the in-shore scenario.

The HRSID dataset serves as a supplementary validation
to further assess the superiority of our method in in-domain
augmentation, as shown in Table V, particularly within com-
plex background scenarios. For off-shore scenes—where ship
backgrounds are relatively simple—even as model fitting ca-
pabilities improve, the performance gains from augmentation
remain modest across all detectors. This is likely due to the lower
complexity of off-shore environments, which reduces the need
for additional data to enhance detection accuracy. In contrast,
within in-shore scenes—characterized by intricate and varied
backgrounds—our augmentation method delivers substantial
performance improvements across all detectors. By enriching
background diversity through high-quality generated samples,
our approach effectively addresses the challenges posed by
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TABLE IV
EVALUATION OF AUGMENTATION WITH IN-DOMAIN CONDITIONS ON SSDD

Off-shore In-shore
Method Backbone GFLOPs Ours ShipGo Ours ShipGo
AP(%) AR(%) AP(%) AR(%) AP(%) AR(%) AP(%) AR(%)

YOLOF ResNet-50 25.13 71.4 79.9 71.4 80.2 25.3 47.1 28.2 44.8
YOLOF* ResNet-50 25.13 80.2 85.0 78.7 85.3 46.0 59.3 33.7 50.0
YOLOF ResNet-101 44.6 79.8 86.1 73.8 82.9 36.5 56.4 32.5 50.6
YOLOF* ResNet-101 44.6 83.1 88.0 79.6 84.8 49.9 62.8 44.1 54.1
RetinaNet ResNet-50 52.28 86.0 97.9 86.4 95.7 28.5 72.1 51.5 73.8
RetinaNet* ResNet-50 52.28 95.0 97.6 89.0 98.4 63.2 80.8 56.5 81.4
RetinaNet ResNet-101 71.76 87.4 96.3 86.7 95.5 38.1 70.9 51.4 75.0
RetinaNet* ResNet-101 71.76 96.1 99.2 90.3 98.4 67.9 85.5 64.9 84.9
RetinaNet Swin Transformer-T 54.67 92.0 97.6 88.8 98.7 58.4 84.9 59.6 85.5
RetinaNet? Swin Transformer-T 54.67 96.0 98.7 90.3 99.5 73.3 90.3 71.1 92.4
FCOS ResNet-50 50.32 96.3 97.6 90.7 99.5 67.1 79.1 67.4 84.9
FCOS* ResNet-50 50.32 96.7 99.2 90.7 99.7 75.0 85.5 72.9 86.0
FCOS ResNet-101 69.8 97.8 96.8 90.5 99.2 67.3 81.4 71.2 83.7
FCOS* ResNet-101 69.8 97.8 99.2 90.6 99.7 87.6 85.5 76.6 87.2
Faster R-CNN ResNet-50 63.25 94.8 94.9 90.8 94.9 74.9 76.2 74.7 80.8
Faster R-CNN* ResNet-50 63.25 95.8 94.7 90.8 94.1 78.4 83.7 77.4 82.0
Faster R-CNN ResNet-101 82.72 95.8 93.9 90.8 94.9 75.5 78.5 76.1 81.9
Faster R-CNN* ResNet-101 82.72 96.9 98.4 90.8 96.8 79.4 84.3 77.9 86.0
Cascade R-CNN ResNet-50 91.05 97.9 98.4 90.8 97.1 77.9 82.0 78.1 83.7
Cascade R-CNN*  ResNet-50 91.05 97.8 98.7 90.8 98.1 80.1 85.5 79.7 87.2
Cascade R-CNN ResNet-101 110.52 97.9 98.4 90.7 97.3 76.7 82.0 77.3 83.1
Cascade R-CNN*  ResNet-101 110.52 97.9 98.4 90.8 98.3 82.1 86.0 80.2 83.7

%indicates that the detector is trained on augmented dataset that includes generated images by different methods.
We bold the results where our augmentation method outperforms ShipGo.

TABLE V
EVALUATION OF AUGMENTATION WITH IN-DOMAIN CONDITIONS ON HRSID

Off-shore In-shore
Method Backbone GFLOPs Ours ShipGo Ours ShipGo
AP(%) AR(%) AP(%) AR(%) AP(%) AR(%) AP(%) AR(%)

YOLOF ResNet-50 25.13 76.6 80.0 70.6 78.2 11.7 24.0 10.0 16.8
YOLOF* ResNet-50 25.13 84.6 86.9 80.1 83.3 253 32.6 22.2 29.0
YOLOF ResNet-101 44.6 80.4 82.9 79.3 84.7 14.8 25.5 18.9 26.7
YOLOF* ResNet-101 44.6 84.5 86.7 80.4 85.5 25.6 329 23.9 31.3
RetinaNet ResNet-50 52.28 95.7 97.4 90.0 96.4 30.0 54.7 28.5 48.9
RetinaNet* ResNet-50 52.28 96.2 98.0 90.2 96.6 36.3 60.3 32.5 54.4
RetinaNet ResNet-101 71.76 95.8 97.7 90.1 96.3 30.7 54.2 29.3 49.3
RetinaNet* ResNet-101 71.76 96.2 98.0 90.1 96.9 34.7 58.4 32.9 54.2
RetinaNet Swin Transformer-T 54.67 95.6 97.4 89.7 96.9 29.6 54.2 25.8 50.5
RetinaNet? Swin Transformer-T 54.67 96.0 98.0 89.9 97.2 30.5 59.9 28.6 54.2
FCOS ResNet-50 50.32 96.5 97.2 90.5 96.6 51.1 65.4 453 62.1
FCOS? ResNet-50 50.32 96.6 97.4 90.5 96.8 52.2 67.0 51.8 68.9
FCOS ResNet-101 69.8 95.4 96.9 90.5 96.8 51.9 64.2 47.3 63.7
FCOS* ResNet-101 69.8 95.7 97.2 90.6 96.9 52.2 65.2 524 69.6
Faster R-CNN ResNet-50 63.25 91.9 93.1 90.5 91.4 39.0 454 40.5 443
Faster R-CNN? ResNet-50 63.25 94.7 92.9 90.6 91.7 43.4 47.0 41.9 46.4
Faster R-CNN ResNet-101 82.72 92.0 92.6 90.5 91.5 39.0 45.5 40.6 43.7
Faster R-CNN# ResNet-101 82.72 94.7 92.7 90.5 92.4 43.8 45.7 42.0 45.4
Cascade R-CNN ResNet-50 91.05 93.9 95.5 90.2 93.7 434 51.1 40.9 48.2
Cascade R-CNN*  ResNet-50 91.05 94.9 95.6 90.7 94.9 43.8 514 42.8 49.5
Cascade R-CNN ResNet-101 110.52 93.9 95.0 90.7 94.8 43.4 49.4 40.7 47.5
Cascade R-CNN*  ResNet-101 110.52 94.9 95.2 90.7 95.1 44.0 50.0 42.3 48.9

%indicates that the detector is trained on augmented dataset that includes generated images by different methods.
We bold the results where our augmentation method outperforms ShipGo.
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Fig. 6.
images.

complex in-shore environments. As evidenced in Table V, every
detector exhibits noticeable enhancements in both AP and AR
after training with our augmented dataset. In in-shore scene, our
method outperforms Ship-Go across most detectors, with larger
gaps than in off-shore. YOLOF benefits most: YOLOF-ResNet-
50 with our method reaches 25.3%AP and 13.6% improvement,
exceeding Ship-Go’s 22.2% AP and 12.2% improvement. As
the model size increases, since the baseline we implemented
operates at a higher level compared to Ship-Go’s baseline, our
method has less room for improvement and faces greater diffi-
culty in achieving gains. This results in a small number of cases
where the improvement margin is smaller than that of Ship-Go.
However, the AP of our augmented models remains consistently
higher than that of Ship-Go. In other words, even when the
baseline detection model has already reached a relatively high
level on HRSID dataset, our method can still further improve
the AP to some extent.

Fig. 12(a) and (b) presents an analysis of how object and
background diversity from in-domain augmentation impacts
in-shore ship detection performance. Augmented samples with
rich, nonredundant background variations and diverse object
layouts significantly enhance both precision and recall across
detectors of varying sizes. Specifically, on the SSDD dataset,
detectors achieve an average 14.18% improvement in AP and
7.32% in AR. For the HRSID dataset, the average gains in

Visual analysis of sample diversity caused by layout diversity on SSDD. Odd columns: The annotations of object layout; Even columns: Generated

AP and AR reach 3.11% and 2.30%, respectively. These re-
sults underscore two key insights: first, our method generates
high-quality in-shore ship images with contextually relevant
backgrounds and objects within diverse layouts; second, it is
validated that augmentation with in-domain conditions, by en-
riching background diversity, effectively boosts in-shore detec-
tion performance. The diverse yet task-aligned backgrounds in
our augmented samples provide meaningful contextual cues,
enabling detectors to better distinguish ships from complex
in-shore environments and generalize more robustly across
scenarios.

2) Main Results on Augmentation With Cross-Domain Con-
ditions: Following the augmentation protocol outlined in Ship-
Go, a total of 400 generated images are added to the SSDD
dataset. Table VI assesses cross-domain augmentation perfor-
mance of our method versus Ship-Go on the SSDD dataset,
with bolded results indicating our outperformance. Notably, our
method achieves higher AP across all cases and superior AR in
most scenarios, with more substantial AP improvements over
baselines than Ship-Go.

This advantage is striking for lightweight models: YOLOF-
ResNet-50 sees 14.3% in-shore AP gain (from 25.3% to 39.6%)
with our method, dwarfing Ship-Go’s 1.3% (from 28.2% to
29.5%). Even with ResNet-101, our 10.2% improvement (from
36.5% to 46.7%) far exceeds Ship-Go’s 3.9% (from 32.5% to
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36.4%), highlighting our data’s ability to boost models with
limited capacity.

For larger models, our superiority persists. RetinaNet-
ResNet-101 gains 28.4% in-shore AP (from 38.1% to 66.5%)
with us, versus Ship-Go’s 5.8% (from 51.4% to 57.2%). Oft-
shore, RetinaNet-ResNet-50 improves 9.9% (from 86.0% to
95.9%) with our method, outperforming Ship-Go’s 3.4% (from
86.4% to 89.8%), showing our data enhances precision even in
simpler environments.

Even for high-capacity models, our edge holds. Cascade
R-CNN-ResNet-101, with a strong 76.7% baseline, gains 4.4%
AP (to 81.1%) with us, versus Ship-Go’s 1.0% (from 77.3%
to 78.3%). This confirms our method provides high-quality
data that benefit all model scales, particularly in complex in-
shore scenarios, outperforming Ship-Go consistently. Notably,
in ShipGo’s experimental results, the AP of cross-domain aug-
mentation is higher than that of in-domain augmentation. In
contrast, the AP of cross-domain augmentation in our method
is slightly lower than that of in-domain augmentation. This is
because ShipGo’s cross-domain augmentation directly intro-
duces targets from HRSID, which is a direct strong-constraint
condition, while our method can only introduce the layout of
HRSID targets, which is an indirect weak-constraint condition.
In addition, the number of cross-domain augmented samples

(400) is less than that of in-domain augmented samples (800),
which also contributes to the slightly lower AP of cross-domain
augmentation in our method compared to in-domain augmen-
tation. Even so, the AP of cross-domain augmentation in our
method is still higher than that in ShipGo’s cross-domain aug-
mentation. This indicates that the data generated by our method
is of higher quality and its distribution is closer to the original
dataset.

3) Quantitative Analysis on Sample Numbers: We evaluated
the impact of varying quantities of augmented data on AP for
ship detection in in-shore (see Table VII) and off-shore (see
Table VIII) scenarios using the SSDD dataset. The highest AP
values for each detector are highlighted in bold. As shown in
Table VII, within the in-shore scenario, introducing generated
off-shore images to the original SSDD dataset yields a lim-
ited increase in AP (see the first three rows). This is because
while off-shore images fail to enhance the diversity of in-shore
backgrounds, they do contribute moderately to improving target
diversity. In contrast, AP exhibits a general upward trend as
more generated in-shore images are incorporated into the orig-
inal dataset. This consistent improvement can be attributed to
the enhanced diversity of both targets and backgrounds in the
in-shore images generated by our method, which better aligns
with the complexity of in-shore detection tasks.
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TABLE VI
EVALUATION OF AUGMENTATION WITH CROSS-DOMAIN CONDITIONS ON SSDD

Off-shore In-shore
Method Backbone GFLOPs Ours ShipGo Ours ShipGo
AP(%) AR(%) AP(%) AR(%) AP(%) AR(%) AP(%) AR(%)

YOLOF ResNet-50 25.13 71.4 79.9 71.4 80.2 25.3 47.1 28.2 44.8
YOLOF* ResNet-50 25.13 81.0 89.5 79.3 88.0 39.6 55.7 29.5 51.2
YOLOF ResNet-101 44.6 79.8 86.1 73.8 82.9 36.5 56.4 32.5 50.6
YOLOF* ResNet-101 44.6 82.9 88.0 77.8 85.6 46.7 60.0 36.4 52.3
RetinaNet ResNet-50 52.28 86.0 97.9 86.4 95.7 28.5 72.1 51.5 73.8
RetinaNet* ResNet-50 52.28 95.9 98.1 89.8 97.9 62.5 81.9 60.1 80.8
RetinaNet ResNet-101 71.76 87.4 96.3 86.7 95.5 38.1 70.9 514 75.0
RetinaNet® ResNet-101 71.76 96.7 99.5 90.1 98.7 66.5 84.9 57.2 79.1
RetinaNet Swin Transformer-T 54.67 934 97.8 88.8 98.7 58.0 84.9 59.6 85.5
RetinaNet? Swin Transformer-T 54.67 95.6 99.7 91.7 100 71.2 89.5 69.2 90.7
FCOS ResNet-50 50.32 96.3 97.6 90.7 99.5 67.1 79.1 67.4 84.9
FCOS? ResNet-50 50.32 96.8 99.7 94.9 100 75.5 87.2 69.0 86.6
FCOS ResNet-101 69.8 97.8 96.8 90.5 99.2 67.3 81.4 71.2 83.7
FCOS? ResNet-101 69.8 97.7 99.7 96.6 100 75.0 87.0 72.8 89.5
Faster R-CNN ResNet-50 63.25 94.8 94.9 90.8 94.9 74.9 76.2 74.7 80.8
Faster R-CNN# ResNet-50 63.25 96.8 99.7 90.8 96.3 76.6 83.0 75.2 82.6
Faster R-CNN ResNet-101 82.72 95.8 93.9 90.8 94.9 75.5 78.5 76.1 81.9
Faster R-CNN* ResNet-101 82.72 96.7 98.4 90.8 95.7 79.6 84.9 71.5 84.3
Cascade R-CNN ResNet-50 91.05 97.9 98.4 90.8 97.1 77.9 82.0 87.1 83.7
Cascade R-CNN*  ResNet-50 91.05 96.8 98.7 90.9 98.7 79.5 87.2 78.8 84.9
Cascade R-CNN ResNet-101 110.52 97.9 98.4 90.7 97.3 76.7 82.0 71.3 83.1
Cascade R-CNN?  ResNet-101 110.52 96.9 98.7 90.8 98.4 81.1 85.5 78.3 84.3

4indicates that the detector is trained on augmented dataset that includes generated images by different methods.
We bold the results where our augmentation method outperforms ShipGo.

TABLE VII
AP(%) OF DIFFERENT DETECTORS AS DIFFERENT QUANTITIES OF SAMPLES WERE ADDED INTO SSDD WHEN TESTING ON IN-SHORE SAMPLES

YOLOF RetinaNet FCOS Faster R-CNN Cascade R-CNN
Numinshore Numoffshnre
Res50  Resl01  Res50 Resl01  Res50  ReslO01  Res50 ReslO1  Res50  ReslO01
0 0 25.3 36.5 28.5 38.1 67.1 67.3 74.9 75.5 77.9 76.7
0 100 29.4 44.0 53.3 52.7 67.4 62.1 73.6 75.9 77.1 75.7
0 200 30.5 38.1 49.1 55.1 64.7 69.1 75.4 76.1 76.6 74.9
100 0 34.6 41.0 58.4 53.5 70.4 70.1 77.2 76.0 78.4 77.3
200 0 35.0 41.6 58.2 58.9 72.6 71.5 74.7 74.0 79.4 78.0
300 0 38.8 44.4 55.4 58.7 70.1 62.5 77.6 76.9 79.0 80.2
400 0 39.9 432 60.4 62.5 72.1 71.6 76.9 78.0 78.5 78.9
500 0 41.0 50.2 353 59.5 69.5 73.4 76.3 76.6 78.8 76.3
600 0 43.6 46.2 66.6 62.3 74.6 75.2 76.0 78.4 79.5 80.2

We bold the results where our augmentation method outperforms ShipGo.

TABLE VIII
AP(%) OF DIFFERENT DETECTORS AS DIFFERENT QUANTITIES OF SAMPLES WERE ADDED INTO SSDD WHEN TESTING ON OFF-SHORE SAMPLE

YOLOF RetinaNet FCOS Faster R-CNN Cascade R-CNN
Numinshore Numoffshore
Res50 ReslOl  Res50 ReslOl  Res50 ReslOl  Res50 ReslOl  Res50  Resl01
0 0 71.4 79.8 86.0 87.4 96.3 97.8 94.8 95.8 97.9 97.9
0 100 74.5 81.7 93.8 93.3 96.8 96.9 97.6 95.9 97.9 97.9
0 200 73.9 78.3 93.8 94.5 95.2 96.9 96.8 95.0 97.9 97.8
100 0 73.3 76.3 94.7 93.0 97.0 96.3 96.7 95.9 97.8 97.9
200 0 77.0 79.6 96.1 95.3 97.6 96.9 95.8 95.9 97.8 97.9
300 0 73.8 78.2 93.5 94.6 96.2 94.8 96.6 95.9 96.9 97.9
400 0 80.5 79.7 94.2 92.7 96.7 95.9 95.8 95.9 96.8 97.9
500 0 78.2 81.4 71.4 95.1 96.8 97.8 96.7 94.9 96.9 97.9
600 0 75.1 80.5 95.8 94.6 96.8 96.6 94.8 95.9 96.8 97.9

We bold the results where our augmentation method outperforms ShipGo.
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Fig. 8.
the generated results given the same layout condition.

As observed in Table VIII, within the off-shore scenario,
distinct trends emerge when augmenting the original SSDD
dataset: For detectors with stronger fitting capabilities (e.g.,
Faster R-CNN and FCOS-ResNet-101), adding increasing num-
bers of generated off-shore images leads to a progressive boost
in AP for off-shore detection. In contrast, detectors with fewer
parameters (YOLOF, RetinaNet, and FCOS-ResNet-50) achieve
larger AP gains in off-shore detection when augmented with
generated in-shore images. This observation indicates that en-
hanced background diversity, even from in-shore contexts, can
effectively improve the accuracy of off-shore ship detection,
particularly for models with limited parameter capacities. Such
findings underscore that background variation, when strategi-
cally incorporated, serves as a valuable supplement to target di-
versity, enabling smaller models to better generalize to off-shore
environments despite their constrained architectural complexity.

G. Computational Overhead Analysis

We analyze the computational overhead of the proposed
pipeline on an NVIDIA A800 GPU (see Table IX). Layout

Visual analysis of sample diversity given the same layout input on SSDD. The first row is the input layout, and the images in the same column represent

TABLE IX
COMPUTATIONAL OVERHEAD ANALYSIS OF THE PROPOSED PIPELINE

Stage GPU Memory Usage (GB)  Time Consumption (seconds)
Layout Augmentation 0 0.047
Image Generation 7.85 11.235
Annotation Correction 9.01 5.143
Data Filtering 1.16 0.054
Full Pipeline 18.02 16.479

Note: GPU memory usage is measured as the peak memory consumption on NVIDIA A800 GPU;
time consumption represents the average processing time per single sample.

augmentation (0 GB, 0.047 s/sample) is a lightweight stage
with negligible GPU memory and time costs, as it only in-
volves CPU-based geometric calculations. In contrast, im-
age generation (7.85 GB, 11.235 s/sample) and annotation
correction (9.01 GB, 5.143 s/sample) dominate the resource
consumption: the former relies on generative models with
high memory and iterative sampling overhead, while the lat-
ter involves SAM’s forward inference on high-resolution im-
ages. The full pipeline consumes 18.02-GB peak GPU mem-
ory (compatible with NVIDIA A800) and 16.479 s/sample,
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Fig. 9.

with over 99% of time cost concentrated in deep-learning-
based generation and correction steps—validating hard-
ware feasibility and identifying lightweight generative mod-
els/SAM prompt optimization as key directions for efficiency
improvement.

V. DISCUSSION

This study presents ShipGen, a layout-conditioned diffusion-
based framework addressing limited target and background di-
versity in SAR ship detection data augmentation. Experimental
results on SSDD and HRSID datasets validate its effective-
ness, and key insights, comparisons, limitations, and future
directions are discussed as follows. The core advantage of
ShipGen lies in relaxed constraint generation and end-to-end
high-quality pipeline design. By adopting bounding box lay-
outs as sparse constraints, it breaks the limitations of dense
constraints (e.g., segmentation masks and visual instances) in
existing methods, enabling free generation of ship orientations,
scattering characteristics, and backgrounds while maintaining

Visual analysis of sample diversity given the same layout condition on HRSID. The first row is the input layout, and the images in the same column
represent the generated results given the same layout condition.

positional control—this is the fundamental reason for enhanced
diversity. The multiphase transfer learning framework resolves
the alignment issue between generated targets and layouts in
small datasets, reducing alignment error from over 26 pixels
to around 6 pixels and eliminating additional annotation costs.
Notably, ShipGen delivers more significant relative gains for the
lightweight YOLOF-ResNet-50 compared to the nonlightweight
Cascade R-CNN-ResNet-101, effectively narrowing the perfor-
mance gap between lightweight and heavyweight models and
demonstrating practical value in resource-constrained scenarios.

Compared with related work, ShipGen outperforms in three
aspects: it generates more diverse targets and backgrounds than
Ship-Go [13] (which relies on instance inpainting), integrates
SAM-based annotation correction and ResNet-34-based filter-
ing to ensure data quality, and achieves consistent improvements
across five detectors and multiple scenes, showing stronger
generalization.

Despite promising results, ShipGen has limitations: the aver-
age generation time of 16.479 s/sample limits large-scale rapid
expansion; cross-domain augmentation performance slightly
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e

Visualization of the detection results using Faster R-CNN. Top: Ground Truth; Middle: Trained on the augmented datasets; and Bottom: Baseline. The

green circle represents the missing alarm. The blue circle represents the false alarm.

Fig. 11.
circle represents the missing alarm. The blue circle represents the false alarm.

lags behind in-domain due to indirect layout constraints; layout
augmentation only includes basic geometric transformations;
and generated ship type diversity is constrained by the pretrain-
ing dataset.

Future work will focus on optimizing generation efficiency via
lightweight diffusion models and batch processing; enhancing

Visualization of the detection results using FCOS. Top: Ground Truth; Middle: Trained on the augmented datasets; and Bottom: Baseline. The green

cross-domain augmentation by integrating domain adaptation
modules; extending layout transformations to include rotation
and aspect ratio adjustment; broadening application to other
SAR target detection tasks; and designing dynamic constraint
adjustment mechanisms to balance diversity and alignment
accuracy.
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Quantitative analysis of background and object diversity. (a) and (b) In-domain augmentation experiment on the SSDD dataset in the in-shore scenario,

(c) and (d) in-domain augmentation experiment on the HRSID dataset in the in-shore scenario, and (e) and (f) out-of-domain augmentation experiment in the
off-shore scenario. Gray numbers represent the metric axis (%) related to detection performance, and black numbers represent the model size axis (GFLOPS).

VI. CONCLUSION

This study addresses the key challenge in using data augmen-
tation to improve SAR ship detection, which are limited target
and background diversity in existing strict constraint-guided
data augmentation methods. To solve these, we propose a mul-
tiphase transfer-learned framework with a layout-conditioned
diffusion model and an automatic augmentation pipeline. The
diffusion model uses sparse bounding box layouts as relaxed
conditions, enabling free generation of ship attributes (e.g.,
orientation and scatter characteristics) and backgrounds to boost
diversity; multiphase transfer learning ensures precise genera-
tion with limited data. The pipeline integrates layout augmenta-
tion, GLIGEN-based image generation, SAM-based annotation
correction, and filtering to produce high-quality augmented data.
Experiments on SSDD and HRSID datasets show the pipeline
improves detector performance in in-shore and off-shore sce-
narios, while qualitative analyses confirm the generated images’
high diversity and quality. This work provides a robust solution
for enhancing SAR ship detection via data augmentation.
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