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Abstract—Ship detection in remote sensing imagery is a
critical task with wide-ranging applications, such as maritime
activity monitoring, shipping logistics, and environmental studies.
However, existing methods often struggle to capture fine-grained
semantic information, limiting their effectiveness in complex
scenarios. To address these challenges, we propose a novel
detection framework that combines Vision-Language Models
(VLMs) with a multi-scale adaptive sliding window strategy. To
facilitate Semantic-Aware Ship Detection (SASD), we introduce
ShipSem-VL, a specialized Vision-Language dataset designed to
capture fine-grained ship attributes. We evaluate our framework
through three well-defined tasks, providing a comprehensive
analysis of its performance and demonstrating its effectiveness
in advancing SASD from multiple perspectives.

Index Terms—Ship Detection, Semantic-Aware, Vision-
Language Model, Remote Sensing

I. INTRODUCTION

Ship detection in remote sensing imagery is a critical task
in the field of Earth sciences, playing an essential role in
monitoring maritime activities, analyzing carbon emissions
from sea traffic, managing shipping logistics, and supporting
meteorological studies [1]. Currently, mainstream approaches
for ship detection typically rely on object detection frame-
works, such as Faster R-CNN, YOLO, and U-Net, which are
trained on annotated datasets [2, 3]. While existing datasets
account for different ship types, such as fishing vessels and
cargo ships, they often lack sufficient focus on the finer details
of ships [1]. In many practical scenarios, the need to track
specific ships—such as identifying vessels based on their hull
numbers, colors, or unique markers—requires a high level of
detail and precision. This has led to the formulation of a new
task, Semantic-Aware Ship Detection (SASD), which focuses
on leveraging semantic descriptions to characterize specific
ship attributes and enable precise detection.

The development of Vision-Language models offers new
approaches for SASD task. By leveraging detailed semantic
descriptions, it is possible to perform specific ship detection
and tracking, elevating the task of ship detection to a more
advanced level.

We propose an advanced ship detection method that lever-
ages VLMs in combination with an adaptive sliding window
strategy, supported by a dedicated Vision-Language dataset,
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Fig. 1: Grounding models in remote sensing still have gaps in
understanding the details of ships.

ShipSem-VL. To comprehensively evaluate the accuracy and
robustness of our method, we further subdivided the SASD
task into three detailed perspectives, designing 45 specific
tasks that encompass diverse ship types and varying scene
complexities, ensuring a thorough assessment across multiple
dimensions.

In conclusion, the contributions of this paper are summa-
rized as follows.

1) We constructed a Vision-Language dataset specifically
designed for SASD, ShipSem-VL. ShipSem-VL encom-
passes a wide range of ship types across the globe and
includes detailed semantic annotations;

2) We propose an innovative semantic-aware ship detection
framework that integrates an adaptive sliding window
mechanism with text-image contrastive learning. Trained
on the ShipSem-VL dataset, this approach effectively ad-
dresses the SASD task by enabling precise ship detection
through semantic representation;

3) We further divided the SASD task into three detailed
perspectives to comprehensively evaluate the effective-
ness of the dataset and method, providing a deeper
understanding of their performance and potential areas
for improvement in Vision-Language remote sensing
detection.

II. RELATED WORKS

CLIP, through contrastive learning on large-scale image-text
pairs, has demonstrated exceptional generalization and transfer
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Fig. 2: Sample distribution of the ShipSem-VL dataset.

capabilities in open-domain scenarios [4, 5]. The core idea of
CLIP is to learn a joint representation of images and text, en-
abling the model to identify relevant objects in unseen images
based on semantic descriptions. Building on the foundational
concept and architecture of CLIP, the remote sensing field
has developed a series of models such as RemoteCLIP [6],
RS-CLIP [7], PIR-CLIP [8, 9], and GeoRSCLIP [10]. These
models, trained on multimodal remote sensing datasets, have
shown promising results. However, their primary focus lies
in the semantic understanding [11] of the overall scene,
with limited attention to fine-grained detection of specific
categories, such as ships.

Grounding tasks in the remote sensing domain share some
similarities with our objectives, as they aim to locate regions in
an entire image corresponding to a given semantic description.
Methods like GLIP [12], RegionCLIP [13], and RSVG [14]
provide valuable insights for our research. Moreover, large lan-
guage models (LLMs) fine-tuned on remote sensing datasets,
such as RSGPT [15] and H2RSVLM [16], also exhibit the
ability to interpret remote sensing imagery. However, these
models predominantly focus on holistic scene understanding
and lack the capability to detect and localize fine-grained
targets like ships.

We conducted experiments using the most advanced remote
sensing grounding models available. As shown in Fig.1, these
models, trained on datasets for overall remote sensing imagery,
often prioritize the spatial relationships between ships and their
surrounding environment. However, an overemphasis on ship-
related semantic descriptions frequently leads to confusion
within the model. Therefore, grounding tasks in the remote
sensing domain cannot be directly equated with object detec-
tion tasks. Object detection focuses on the intrinsic charac-
teristics of the target itself, while grounding emphasizes the
spatial relationships within the entire remote sensing scene.
This distinction highlights the importance of constructing a
specialized Vision-Language dataset for ship detection as a
crucial step toward advancing fine-grained detection research.

While advancements in grounding and related fields have
provided valuable ideas for ship detection, the core focus of
object detection differs significantly from grounding [17, 18].

Fig. 3: Examples of the ShipSem-VL dataset.

Unlike grounding tasks, detecting specific targets requires a
detailed understanding of the target’s fine-grained features and
the ability to locate the target accurately in complex remote
sensing imagery [19]. Existing remote sensing grounding mod-
els [20–22] are primarily trained on datasets representing the
overall scene and lack fine-grained data specific to certain cat-
egories. As a result, the grounding process tends to emphasize
spatial relationships between objects [23], often overlooking
the detailed characteristics of fine-grained targets [24]. In
SASD task, current Vision-Language grounding methods are
more inclined to focus on the spatial distribution of targets,
while failing to adequately capture essential features such as
color, shape, or distinctive markings.

III. METHODOLOGY

A. ShipSem-VL Dateset

Currently, Vision-Language datasets in the remote sensing
field primarily focus on the semantic description of overall
scenes. Such datasets enhance models’ ability to understand
the general context of scenes and facilitate the interpretation of
spatial relationships within remote sensing imagery. However,
these datasets are relatively limited when it comes to capturing
fine-grained details of specific categories. In SASD task, more
attention is required on the detailed characteristics of ship
targets. To address this issue, we constructed a specialized
semantic-image remote sensing dataset, ShipSem-VL, which
provides detailed semantic descriptions of ships and their
structural components across various scales.

The dataset was developed using imagery collected via
Google Earth from 23 different types of ports and their
surrounding sea areas worldwide (Fig.2), increasing the di-
versity of ship backgrounds while covering a wide range of
ship types. All collected images underwent manual visual
interpretation, followed by the addition of detailed semantic
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Fig. 4: Framework for Semantic-Aware Ship Detection.

annotations, as shown in Fig.3. Unlike conventional datasets
with precise location annotations, we aim to develop a method
that relies solely on vision-language training, thereby reducing
the workload associated with annotation. Our dataset does not
include manually labeled bounding boxes for ship locations
but instead consists of detailed textual descriptions of the
ships. The final ShipSem-VL dataset contains 2,611 samples,
offering a valuable resource for fine-grained ship detection
tasks in remote sensing.

B. Advanced Framework for Semantic-Aware Ship Detection

Based on the ShipSem-VL dataset, we propose an inno-
vative method for ship detection, as shown in Fig.4. Due
to the need for higher descriptive detail in advanced ship
detection, our approach differs from traditional object detec-
tion methods that rely on training with annotated bounding
boxes. Specifically, we introduce a Vision-Language-based
approach to achieve a deeper understanding of ship details.
Our proposed method leverages a multi-scale sliding window
strategy combined with a Vision-Language model, enabling
fine-grained and precise detection of specific ship targets in
remote sensing images.

Remote sensing images often exhibit targets with uneven
resolution distribution, where the size and shape of ships
can vary significantly due to imaging conditions. To address
this challenge, we designed a multi-scale sliding window
strategy. Initially, a Multi-scale Adaptive Sliding Window scan
is applied to the entire image to identify high-confidence

regions with high semantic similarity to the target description.
These Regions of Interest (ROIs) are then further analyzed to
refine detection accuracy.

For the underlying framework, we leverage the CLIP model
as the foundation for remote sensing image-text comparison.
We use the ViT-B-32 model as the initial pre-trained weights
for fine-tuning on the ShipSem-VL dataset. The trained model
is then utilized as the Image-Text Similarity Calculation
module within our overall framework, significantly enhancing
the performance of SASD task. The training process were
conducted on 4 Sugon DCU (Deep Computing Unit), each
featuring 16GB of memory. The batch size was set to 128
for each process. The training employed an initial learning
rate of 1×10−4, with a weight decay of 0.1 to regularize
the model. A warmup phase consisting of 10,000 steps was
applied to gradually increase the learning rate, stabilizing the
optimization process in its early stages. These settings ensured
efficient utilization of computational resources and facilitated
stable convergence of the model during training.

IV. RESULTS

To comprehensively evaluate the performance of our dataset
and proposed method on the SASD task, we further divided the
SASD task into three distinct perspectives and designed open
experiments for each perspective. Following the experimental
practices commonly adopted in VLMs research, we established
an open ship semantic detection task and conducted manual
evaluations of the experimental results.
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Fig. 5: Specific examples and experimental results of task
A.B.C.

We designed 45 specialized tasks, categorized into three
types. Examples of the three task types are illustrated in the
accompanying Fig.5.

1) Task A: Detection of ships in complex backgrounds,
designed to evaluate the model’s ability to identify ships
from remote sensing images.

2) Task B: Detection of specific ship types based on
complex semantic descriptions, designed to assess the
model’s understanding of ship-related semantic descrip-
tions.

3) Task C: Detection of visually similar ship types, where
a single remote sensing image contains multiple targets
that closely match the semantic description.

The recall and precision results for the three task were
shown in Table I. The results show that ViT-ShipSemVL main-
tains a more stable balance between precision and recall across
varying thresholds, indicating its robustness and adaptability
in complex scenarios. The model achieves the most significant
improvements in precision, particularly for Task B, where pre-
cision gains are essential due to the greater complexity of ship
detection in challenging conditions. Interestingly, in Task C, a
notable phenomenon was observed: as the threshold decreased,
the recall rate also declined. Through a detailed breakdown
and analysis of each step in our method, we discovered that
this decline in recall was caused by misjudgments in regions
adjacent to ships. Lowering the threshold led to the merging
of neighboring ships with similar semantics into a single
ROI during the sliding window process, ultimately reducing
the total number of detected ship targets. While adopting a
two-stage approach, such as using object detection algorithms
like YOLO to extract ships first and then applying a vision-
language model for semantic judgment, could potentially
address this issue. However, a two-stage detection approach
could introduce omissions due to missed detections in the

first stage. Additionally, our primary objective is to develop
a method that does not rely on annotated bounding boxes
for training, thereby reducing labeling costs. Therefore, our
proposed approach was carefully designed as a comprehensive
solution to balance these considerations. The results of Task C
suggest that careful selection of the threshold is crucial when
applying our method.

TABLE I: Recall and Precision results for three tasks.

Task A Task B Task C

Recall Precision Recall Precision Recall Precision

Threshold 0.8

ViT-B-32 76.62 80.00 80.00 63.16 87.09 77.14

ViT-ShipSemVL 84.61 88.00 73.33 84.62 90.32 84.85

Threshold 0.7

ViT-B-32 80.77 68.97 93.33 44.83 83.87 68.42

ViT-ShipSemVL 88.46 79.31 80.00 75.00 83.87 74.29

Threshold 0.5

ViT-B-32 88.46 58.33 93.33 37.14 67.74 52.50

ViT-ShipSemVL 88.46 69.70 86.67 52.17 70.97 57.89

V. DISCUSSION

We constructed a Vision-Language dataset, ShipSem-VL,
and proposed an innovative framework for Semantic-Aware
Ship Detection (SASD) by integrating Vision-Language Mod-
els (VLMs) with an adaptive multi-scale sliding window strat-
egy. The construction of the ShipSem-VL dataset, with its fine-
grained semantic annotations, marks a significant advancement
in SASD by enabling precise detection of ship attributes in
complex scenarios. Additionally, our dataset also provides a
foundation for related fields, such as remote sensing image
generation for specific categories.

The experimental results demonstrate the effectiveness of
the proposed approach across multiple tasks in SASD. No-
tably, the framework exhibits significant improvements in
precision, particularly for tasks involving detailed semantic
descriptions. However, challenges remain, such as reduced
recall in visually dense scenes due to overlapping ROIs. These
findings highlight both the potential and the limitations of
text-driven detection frameworks in complex remote sens-
ing contexts. In the future, we aim to further explore the
potential of semantic target detection for specific objectives
using specialized datasets. The scalability of this approach
can be expanded through self-supervised or weakly supervised
learning techniques to reduce reliance on manual annotations.
Moreover, we plan to optimize our method and framework to
extend its application to a broader range of categories.
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