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Abstract

Ship association in satellite imagery is important for maritime surveillance, but existing
methods are generally limited to images with similar resolutions. This paper proposes
a multi-resolution ship association framework that combines high-resolution object de-
tection with low-resolution template matching. In the high-resolution stage, ship targets
are detected and their positions and patches are recorded. In the low-resolution stage, the
detected positions are used to define candidate search regions, within which template
matching is performed to locate the corresponding ships. Experiments on three satellite
scenes with different spatial resolutions show that the proposed method consistently out-
performs the baseline methods. The association accuracy, defined as the proportion of
correctly associated ship pairs, reaches 0.933, 0.870 and 0.862. These results demonstrate
the effectiveness of the proposed framework for multi-resolution ship association in the
tested GF-1 scenes and its potential for practical maritime monitoring.

Keywords: multi-resolution; remote sensing imagery; ship association; ship detection;
template matching

1. Introduction

With the development of multi-satellite collaborative observation, remote sensing im-
agery has made maritime surveillance increasingly feasible. Ship association aims to detect
and match the same vessel across different satellite images, thereby enabling reconstruction
of ship trajectories and supporting applications such as navigation safety, maritime traffic
monitoring, accident rescue, and law enforcement [1-3]. In practice, satellite remote sensing
data may come from different imaging modalities and acquisition conditions, including
optical, SAR, and infrared imagery [4-14]. Among these, optical images are widely used
because of their intuitive appearance and rich visual details. However, optical satellite
images often vary significantly in spatial resolution, coverage and revisit time, which makes
reliable ship association particularly challenging.

Existing ship association methods are generally designed for image pairs with com-
parable resolutions. A common strategy is to first detect ships in each image and then
associate them according to similarity between the detected targets [9]. Such methods
work well when the two images have comparable spatial resolutions, because the detected
targets are similar in scale and appearance [11,15,16]. When the resolution gap is large,
however, the detection results may become inconsistent: ships in the high-resolution im-
age may be clearly visible, whereas the same targets in the low-resolution image may be
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blurred, partially occluded, or even missed. This imbalance can significantly reduce the
accuracy of downstream association [17]. In addition, acquiring two images of the same
sea area at a suitable time interval is difficult due to the fixed orbital parameters and revisit
cycles of satellites [18]. As a result, practical maritime monitoring often has to deal with
multi-resolution image pairs rather than ideal same-resolution pairs.

Ship detection methods can be broadly divided into traditional handcrafted feature-based
approaches and deep learning-based approaches. Traditional methods rely on handcrafted
descriptors such as histogram of oriented gradients (HOG), scale-invariant feature transform
(SIFT), and color histograms [19-22]. With the development of deep learning, CNN-based
detectors such as Faster R-CNN, SSD, YOLO, and DETR have become the dominant choice
for ship detection in remote sensing imagery [23-27]. Nevertheless, as shown in Figure 1a,
detector performance is still strongly affected by image resolution. As spatial resolution
decreases, missed detections and false positives increase, which in turn affect ship association
and may further lead to incorrect matching or incomplete association results.
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Figure 1. Comparison of traditional and proposed ship association workflows under multi-
resolution scenarios.

For the ship association task, existing methods mainly rely on similarity computation
between ship patches. Representative similarity measures include perceptual hash (pHash),
structural similarity (SSIM), and normalized cross-correlation (NCC) [28-30]. Template
matching is another common strategy, in which a target patch is compared with a candi-
date region to identify the best match [31]. Deep learning-based matching methods have
also been explored, where learned features are used for association [32]. However, most
existing association methods assume that the targets in the two images have similar scale
and appearance. They are therefore not well suited for multi-resolution satellite imagery,
especially when the image pair contains a large resolution difference.

As illustrated in Figure 1b, the proposed workflow addresses this limitation by using
high-resolution detection results as auxiliary information to guide template matching in
low-resolution images. Specifically, ship targets are first detected in the high-resolution
image, and their positions, azimuths, and patches are recorded. These detections are then
used to define candidate regions in the low-resolution image, where localized template
matching is performed to locate the corresponding ships. In this sense, the proposed
framework is a practical cross-resolution association pipeline rather than a new detector
or similarity metric, thereby mitigating the adverse impact of resolution differences on
association performance.

To quantitatively evaluate the proposed method, paired remote sensing images from
the GaoFen-1 (GF-1) satellite over the same sea area were collected for experiments.
The dataset contains two imaging modalities with different spatial resolutions: the 8 m
multispectral (MS) image and the 16 m wide field (WF) image. These paired images provide
a practical test case for multi-resolution ship association. We first analyzed the impact
of resolution differences on ship detection performance and then conducted comparative
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experiments with other association methods. The results show that the proposed method
outperforms the baselines in multi-resolution ship association.
The main contributions of this study are summarized as follows:

e  We propose a multi-resolution ship association framework that combines high-
resolution object detection with low-resolution template matching.

*  We design an association strategy that leverages high-resolution detection results
to constrain the search space in low-resolution images, improving the robustness of
matching under resolution differences.

*  We validate the proposed framework on GF1 satellite datasets and demonstrate clear
performance gains over representative baseline methods under different detector settings.

The remainder of this paper is organized as follows. Section 2 reviews related work on
ship detection and ship association. Section 3 presents the proposed multi-resolution ship
association framework. Section 4 describes the dataset, experimental settings, and results.
Section 5 concludes the paper and discusses future work.

2. Related Work
2.1. Ship Detection in Remote Sensing Imagery

Ship detection methods in remote sensing imagery have evolved from handcrafted
feature-based approaches to deep learning-based detectors. Early methods mainly relied
on manually designed features such as HOG, SIFT, and texture or intensity descriptors to
distinguish ships from the background [19-21]. Recently, deep learning detectors, including
Faster R-CNN, SSD, YOLO, and DETR, have achieved superior performance by learning
discriminative representations directly from data [23-26]. Despite these advances, detection
accuracy remains sensitive to spatial resolution, especially for small or blurred ship targets
in low-resolution imagery.

2.2. Ship Association Methods

Existing ship association methods generally follow a detect-then-associate paradigm.
After detecting ships independently in each image, correspondence is established using
similarity measures such as perceptual hash (Phash), structural similarity (SSIM), and nor-
malized cross-correlation (NCC) [28-30]. Template matching has also been widely adopted
because of its simplicity and computational efficiency [31]. In addition, learning-based
matching methods have been explored to improve robustness under appearance varia-
tion [32]. However, existing ship detection and association methods mainly provide the
basic components for this task; they are not explicitly designed to exploit high-resolution
detections to constrain association in low-resolution images. Conventional detect-then-
associate pipelines typically assume comparable scale and appearance across image pairs,
while learning-based matching methods usually require more extensive cross-resolution
supervision. As a result, their effectiveness is limited in multi-resolution scenarios.

2.3. Motivation

In practical satellite observation, images of the same sea area are often acquired at
different spatial resolutions. Under such conditions, conventional association methods may
become unreliable because target appearance, scale, and detection quality vary significantly
across images. To address this issue, this study proposes a multi-resolution ship association
framework that uses high-resolution detection results to guide target localization in low-
resolution imagery.
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3. Proposed Method

The schematic diagram of the proposed multi-resolution ship association framework
is shown in Figure 2. The framework consists of two stages: high-resolution ship detection
and low-resolution ship association. Its core idea is not to redesign the detector or the
similarity metric, but to couple a high-resolution detector with a constrained low-resolution
matching stage.

Detect the
targets using
a detector

(=)

Seq. 1: Detected
patches

High-resolution image Ship detection results

Angles and Patches

Extract the 1 Downsampling
surrounding
regions

Rotate regions
and
Template match
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- jon i Potential target regions Template matching results
Low-resolution image getreg) p g Seq. 2: Matched |

Step2: Low-resolution image ship detection patches |

Figure 2. Framework of the proposed multi-resolution ship association method. The numbered boxes
denote ship patches in Seq. 1 (detected patches) and Seq. 2 (matched patches).

In the high-resolution stage, an object detector is applied to the high-resolution im-
age, and the detected ships are recorded as Sequence 1. In the low-resolution stage, prior
information derived from Sequence 1 is used to locate the corresponding targets. Since the
positional changes of ships within a short time interval are relatively small, candidate
regions around the detected positions are extracted from the low-resolution image. The de-
tection patches from the high-resolution image are then used as templates for template
matching within these candidate regions, yielding the ship detections in the low-resolution
image, which are recorded as Sequence 2. The overall workflow of the proposed method is
summarized in Algorithm 1.

Algorithm 1 Multi-resolution Ship Association Method.

Input: High-resolution image I, low-resolution image I;
Output: Two associated ship sequences, S; and S,
1: Detect ships in I, and record each ship’s position (x;, y;), azimuth 6;, and patch Lopj; to
51 as in Equation (1)
2: for each ((Xi, yi), 0;, Iobji) in 51 do
Extract the region of interest ROI, centered at (x/,y!) from I; as in Equation (2)
Rotate ROI; by angle 0; to obtain I, as in Equation (6)
Downsample L), to obtain T; as in Equation (3)
Perform template matching between T; and I, to determine the associated ship
location (x/,y%) as in Equations (5) and (8)

7. Extract the ship patch I/, , from (x},y!) and add it to Sp

8: end for
9: return S1,S,
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3.1. High-Resolution Image Ship Detection

In the high-resolution stage, a representative object detector, such as Faster R-CNN,
SSD, YOLO, or DETR, is first applied to detect ships in the high-resolution image [23-25,33].
The detected ships, including their positions, azimuths, and patches, are then extracted
and stored in Sequence 1. These results are subsequently used to guide detection and
association in the low-resolution image. Sequence 1 is defined as

S1 = {((xi,y1), 0, Tonj) | ((xi,yi), 03, Lopj,) € D(Iy)} 1)

where 51 denotes Sequence 1, D represents the detector, I, denotes the high-resolution image,
and ((x;, i), 0;, Lopj;) represents the position, azimuth, and ship patch of the i-th ship.

3.2. Low-Resolution Image Ship Detection

Since the high-resolution and low-resolution images cover the same area within a short
time interval, the same targets are likely to appear in both images at nearby locations.
Therefore, the detection results from the high-resolution image can be used as auxiliary
information to facilitate target detection in the low-resolution image. The low-resolution
detection process consists of two steps: extracting regions of interest (ROls) from the low-
resolution image based on Sequence 1, and then applying template matching within these
ROIs to detect ships.

3.2.1. Extracting Regions of Interest

Using the target positions in Sequence 1 as the center, a candidate region is extracted
from the low-resolution image as the ROL This process is defined as

ROI=I(x—r:x+ry—r:y+r) ()

where ROI denotes the region of interest, I; represents the low-resolution image, and (x, y)
denotes the ship positions stored in Sequence 1. The variable r is the radius of the region
in image pixels, with the constraint r > v - /R, where v is the ship speed, ¢ is the time
interval between satellite acquisitions, and R is the spatial resolution of the WF image
(16 m spatial resolution). To determine v, we analyzed Automatic Identification System
(AIS) data from approximately 20,000 ships [34], as summarized in Table 1. The AIS dataset
covers 20,513 ships from 65 ship categories, with a mean speed of 1.3 m/s and a maximum
speed of 19.0 m/s. In our experimental setting, the time interval ¢ does not exceed 30 s,
yielding v - t/R = 35.6. Considering ocean currents and variations in viewing geometry,
we set ¥ = 200 to improve robustness.

Table 1. Statistics of Automatic Identification System (AIS) vessel data used to estimate the ROI radius.

Number of Number of Speed (m/s)
Ships Ship Categories Mean Maximum
20,513 65 1.3 19.0

3.2.2. Downsampling

Downsampling is performed to ensure that the target patch in the high-resolution
image is resized to match the pixel dimensions of the corresponding target in the low-
resolution image. Bicubic interpolation, which is simple and effective, is commonly used
for reconstructing remote sensing images at different resolutions [35]. The downsampling
process for patches is defined as follows:
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T(x',y') = T 1 L w(m)w(n) oy, (x + m,y + n) (3)
=3 y=1 (4)

where I,y (x,y) denotes the pixel value at (x,y) in the original high-resolution patch,
T(x',y") denotes the pixel value in the downsampled patch, and d denotes the down-
sampling factor. w(m) and w(n) are weighting coefficients determined by the bicubic
interpolation function, and m and n denote distances between pixels.

3.2.3. Rotate and Template Matching

Template matching searches for a target template within an image by sliding the
template across the test image and computing the similarity between the template and each
candidate region. In this work, normalized cross-correlation (NCC) is used to measure
similarity. NCC normalizes the intensity values and therefore reduces the influence of
brightness and contrast variations.

In the high-resolution detection stage, a directional detector is used to generate bounding
boxes at different azimuths, which reduces background interference compared with horizontal
bounding boxes. However, during template matching, the template patch is horizontally
oriented, which may cause angular misalignment with the target in the ROL To address this
issue, the ROl is rotated so that the target is aligned horizontally before matching.

The rotation and template matching process is defined by

Clx,y) =
?7:701 E?;(}(T(i/j)*T)(lrot(x +iy+ ]')*irotx,y) (5)

VIS0 I 2 0 (TN -T) TP g I — § (Leot(x + iy + )—Trotyy )2

I.o = ROI-R(6) (6)
cosf) —sinf
R(9) = (sin() cos ) @

where C(x,y) denotes the similarity at position (x,y). T(i,j) denotes the pixel value
at position (7,j) in the template, and T is the mean intensity of the template. w and h
denote the width and height of the template, respectively. ILiot(x + i,y + j) denotes the
pixel value at position (x + i, + j) in the rotated ROI, and Iy, , denotes the mean value
of the corresponding local region. The terms (T(i,j) — T) and (Irot(x + i,y + ) — Trot, )
suppress local brightness variations, emphasize relative intensity changes, and improve
the robustness of matching. R is the rotation matrix, and 6 is the azimuth angle.
The final matching position (x’,') of the target patch Igbj is obtained by

(«",y') = argmax(y,,) C(x,y) ®)

where (¥, ') denotes the optimal matching position at which C(x, y) reaches its maximum
value. After performing region extraction and association for all targets in Sequence 1,
the corresponding targets form Sequence 2.

4. Experiments
4.1. Data Description

Figure 3 provides detailed information about the experimental dataset GF1-Bohai used
in our study. This dataset was acquired from the GF1 satellite and contains images of the
Bohai Sea, China, captured by both the 8-meter-resolution multispectral camera (MS) and

https:/ /doi.org/10.3390/app16136730


https://doi.org/10.3390/app16136730

Appl. Sci. 2026, 16, 6730

7 of 14

the 16-meter-resolution wide-field camera (WF). The dataset comprises three paired scenes,
namely Scene 1, Scene 2 and Scene 3. Each scene contains one high-resolution image and
one low-resolution image of the same region.

Scenes Scene 1 Scene 2 Scene 3

Image
Data source GF1 MS/WF
2020-12-17 2020-04-06 2020-04-14
Shooting time 02:45:21 02:49:07 02:44:17
02:45:25 02:48:54 02:44:15
122.284E 119.123E 120.920E
Latitude and 122.587E 119.432E 121.228E
longitude range 37.769N 38.883N 39.514N
37.453N 38.562N 39.196N
Resolution 8m/16m

Figure 3. Introduction of the GF1-Bohai experimental dataset. MS denotes the 8 m image acquired by
the multispectral camera, and WF denotes the 16 m image acquired by the wide-field camera.

4.2. Experiment Setup
4.2.1. Detector

Before conducting the main ship association experiments, we first evaluated the
detection performance of different models on images with two spatial resolutions. To this
end, three representative object detectors were selected: Faster R-CNN, DETR, and YOLOVS5.
Horizontal comparisons were used to examine the performance differences among the
detectors, while vertical comparisons were used to assess the detection effectiveness of
each detector under different resolutions.

To avoid overfitting, additional GF1 images with 8 m and 16 m spatial resolutions
were used for training, while GF1-Bohai was reserved exclusively for testing. For Faster
R-CNN, the main training settings were a learning rate of 0.005, and inference thresholds
of 0.05 for confidence and 0.5 for non-maximum suppression. For DETR, the learning
rate was set to 1 x 107%, and the same random crop and resize augmentation was applied
during training; DETR does not use non-maximum suppression. For YOLOVS5, the learning
rate was set to 0.01, and the inference thresholds were 0.25 for confidence and 0.45 for
intersection-over-union. The same random crop and resize augmentation was used for
all detectors.
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As shown in Table 2, DETR achieved the best overall recall and precision, followed
by YOLOvVS5, whereas Faster R-CNN performed the worst. For each detector, performance
also varied noticeably across resolutions, with both recall and precision generally higher
on the high-resolution MS images than on the low-resolution WF images. These detection
errors, including false positives and missed detections, are mainly caused by resolution
differences and may reduce the accuracy of subsequent association.

Table 2. Performance of different detection models on MS and WF images.

Ground Faster R-CNN DETR YOLOvV5
Scenes
Truth TP FP Recall Precision TP FP Recall Precision TP FP Recall Precision
Seene 1 MS 45 45 5 1.000 0.900 45 3 1.000 0.938 4 3 0.978 0.936
cenel wr 51 46 21 0902 0687 49 18  0.961 0.731 47 22 0922 0.681
Seenen  MS 23 23 1 1.000 0.958 23 0  1.000 1.000 23 1 1.000 0.958
cene€ < Wwr 26 2 5 0846 0.815 26 3 1.000 0.897 24 6 0.923 0.800
Seenes  MS 29 28 4 0966 0.875 29 2 1.000 0.935 27 2 0.931 0.931
WE 37 32 9 0865 0.780 34 6 0920 0.850 34 8 0.920 0.802

4.2.2. Comparison

To demonstrate the effectiveness of the proposed method, we compared it with rep-
resentative ship association methods. In a typical association pipeline, objects are first
detected independently in the two images, and then image similarity is computed to
establish correspondences between matched targets.

For the detection stage, Faster R-CNN, DETR, and YOLOv5 were employed. For sim-
ilarity computation, Phash, SSIM, and NCC were adopted. Phash generates a compact
numerical fingerprint for an image through operations such as discrete cosine transform,
feature selection, and hash encoding, and measures similarity by comparing the Ham-
ming distance between fingerprints [28]. SSIM evaluates image similarity by comparing
luminance, contrast, and structural information, producing a scalar value that reflects
perceived visual similarity [29]. In addition, ResNet-50 with cross-entropy and hard triplet
loss was used as a learning-based matching baseline [36]. Given ship patches extracted
from the two images, the network outputs feature embeddings, and the final associations
are obtained by matching feature similarities between embeddings. In the association stage,
the Kuhn-Munkres (KM) algorithm was used to obtain one-to-one correspondences while
maximizing the overall similarity score. Phash, SSIM, NCC, and the KM algorithm were
implemented using standard off-the-shelf functions or solvers.

4.3. Experiments Results
4.3.1. Intermediate Steps in Low-Resolution Image Ship Detection

The intermediate process and results of low-resolution ship detection are illustrated
in Figure 4. Panel (a) shows the detection results on the high-resolution image. Panel (b)
presents the candidate regions extracted from the low-resolution image based on the
positional information in (a). Panel (c) displays the red-blue heatmaps obtained after
rotation and template matching on the regions in (b), where warmer colors indicate higher
similarity. Panel (d) shows the final ship detections in the low-resolution image, highlighted
with green boxes.
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(2)

Figure 4. Intermediate process of the proposed multi-resolution ship association method. (a) Ship

detection results in the high-resolution image. (b) Candidate regions extracted from the low-resolution
image based on the detected ship positions. (¢) NCC similarity heatmaps after ROI rotation and
template matching, where warmer colors indicate higher similarity. (d) Final ship association results
in the low-resolution image.

4.3.2. Association Results of Different Methods

Table 3 compares the ship association results of the proposed method with those of
the baseline methods. The association accuracy is defined as

Ncorrect (9)

Accuracy =
Niotal

where Neorrect denotes the number of correctly associated sample pairs and Ny, denotes
the total number of sample pairs.

Overall, detectors with higher recall and precision tend to yield better association
accuracy, although the improvement is limited. Under the same detector setting, the
learning-based ResNet baseline performs better than the traditional similarity-based meth-
ods, while the proposed method consistently achieves the highest association accuracy.
For completeness, Table 4 lists, for each scene, the total number of ground-truth ship pairs
and the number of correctly associated ship pairs obtained by the proposed method under
the YOLOV5 detector setting. This provides an intuitive complement to the accuracy values
reported in Table 3.
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Table 3. Comparison of association accuracy among different methods.

Faster R-CNN+

Scenes

Phash+ KM SSIM+KM NCC+KM ResNet+KM Ours
Scene 1 0.222 0.356 0.444 0.511 0.867
Scene 2 0.174 0.304 0.348 0.478 0.826
Scene 3 0.103 0.207 0.241 0.448 0.621

DETR+

Scene

Phash+ KM SSIM+KM NCC+KM ResNet+ KM Ours
Scene 1 0.333 0.511 0.644 0.800 0.933
Scene 2 0.304 0.434 0.478 0.609 0.870
Scene 3 0.172 0.276 0.414 0.586 0.862

YOLOvV5+

Scene

Phash+ KM SSIM+KM NCC+KM ResNet+ KM Ours
Scene 1 0.266 0.511 0.600 0.733 0.933
Scene 2 0.261 0.435 0.478 0.609 0.870
Scene 3 0.137 0.276 0.310 0.586 0.828

Table 4. Numbers of ground-truth ship pairs and correctly associated pairs achieved by the pro-

posed method.
Scene Niotal Neorrect Accuracy
Scene 1 45 42 0.933
Scene 2 23 20 0.870
Scene 3 29 25 0.862

Figure 5 provides a more detailed comparison of the experimental results on GF1-
Bohai-Scene 1. Using Faster R-CNN as the detector, we compare NCC + KM with the
proposed method. GF1-Bohai-Scene 1 contains 45 associable ship pairs. NCC + KM correctly
associates 20 pairs, achieving an accuracy of 44.4%. In contrast, the proposed method
correctly associates 39 pairs, achieving an accuracy of 86.7%. The superior performance of
the proposed method is mainly attributed to the use of high-resolution detection results as
matching templates, which alleviates the mismatch caused by resolution differences. These
results demonstrate that the proposed framework is effective for ship association under
multi-resolution conditions.

4.4. Error Analysis and Discussion

To further analyze the effectiveness of the proposed method, we conduct an error
analysis by examining false positives (FPs) and false negatives (FNs) under different scene
characteristics, including vessel scale, scene density, and imaging resolution.

Overall, most FNs are caused by missed detections in the low-resolution WF images,
particularly for small vessels with weak visual saliency. This issue is more pronounced in
dense scenes (e.g., Scene 1), where overlapping wakes and clutter increase detection ambiguity.
In contrast, FPs mainly arise from incorrect template matches in homogeneous background
regions, especially when multiple candidate regions exhibit similar texture patterns.

Compared with NCC + KM, the proposed method does not directly reduce FN rates,
but mitigates their impact by leveraging high-resolution detections as spatial priors, which
effectively constrains the search space and prevents missed detections from propagating to
the association stage. Meanwhile, FP cases are also reduced due to ROI-based filtering and
rotation alignment, which improves structural consistency during matching.

https:/ /doi.org/10.3390/app16136730
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Figure 5. Pairwise comparison of association results between NCC + KM and our method on GF1-
Bohai Scene 1. T/F columns indicate whether the association is correct, where “v” denotes a correct
match and “x” denotes an incorrect match.

These observations indicate that the proposed framework is particularly robust in
scenarios with moderate to high vessel density, while performance degradation is mainly
associated with extreme low-resolution conditions where initial detections are incomplete.

4.5. Ablation Study on ROI Radius

To investigate the impact of the ROI radius r on association performance, a sensitivity
analysis is conducted by varying r while keeping all other components fixed on Scene 1
under YOLOVS. The ROI defines the spatial search range in the low-resolution image and
directly affects both matching robustness and computational cost.

As reported in Table 5, a small radius (r = 40) leads to performance degradation due to
insufficient coverage of target displacement caused by vessel motion and geo-registration
uncertainty. Increasing r to 120 significantly improves accuracy, indicating that most true
correspondences can be captured within a moderate search region. When r is further
increased to 200, the performance saturates, suggesting that the effective displacement
range is already sufficiently covered. However, an overly large radius (r = 300) introduces
additional background interference, which degrades matching reliability.

Table 5. Sensitivity analysis of ROI radius on Scene 1 under YOLOV5.

ROI Radius r (Pixels) Accuracy Runtime (ms)
40 0.266 0.5
120 0.933 3
200 0.933 8
300 0.800 18
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In terms of efficiency, runtime increases with r due to the enlarged search space.
Overall, r € [120,200] provides a good trade-off between accuracy and efficiency and is
adopted in all experiments.

5. Conclusions

This study addresses the problem of ship association in multi-resolution satellite im-
agery. Conventional detect-then-associate methods often become unreliable in this setting
because ships may appear with different scales and detection quality in high-resolution
and low-resolution images. To alleviate this issue, we propose a multi-resolution ship
association framework that uses ship detections from the high-resolution image as auxil-
iary information to guide template matching in the low-resolution image. The framework
combines high-resolution ship detection, low-resolution ROI extraction, rotation alignment,
downsampling, and NCC-based template matching to locate corresponding ships across
images with different spatial resolutions.

Experiments on the GF1-Bohai dataset show that the proposed framework consistently
outperforms representative baseline methods under different detector settings. The results
indicate that using high-resolution detections as templates can effectively improve ship
association accuracy under multi-resolution conditions and reduce the impact of missed
detections and false detections caused by resolution differences.

The current evaluation is limited to paired MS and WF images from the GF1 satellite
over the Bohai Sea. Future work will extend the proposed framework to additional geo-
graphic regions, larger resolution gaps, and heterogeneous sensors to further examine its
generalization capability.
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