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Highlights

What are the main findings?

• A Sentinel-2-based coastal vessel detection framework is developed, with YOLO26m
achieving robust performance (F1: 0.8461 and mAP50: 0.8979) on atmospherically
corrected surface reflectance (L2R) data.

• A high-quality dataset containing 8123 vessels from 14 scenes is constructed, proving
that the ACOLITE algorithm nearly doubles target edge sharpness.

What is the implication of the main finding?

• It offers a scalable, cost-effective solution for macro maritime governance, effectively
filling traditional AIS data blind spots caused by small or non-cooperative vessels.

• The generated 1 × 1 km traffic heatmaps capture seasonal dynamics from fish-
ing bans and logistics, providing critical data for marine spatial planning and
ecological assessments.

Abstract

Accurate, large-scale maritime traffic monitoring supports marine spatial planning, fishery
regulation, and ecological conservation. Medium-resolution optical satellite imagery, such
as Sentinel-2A/B, provides a cost-effective complement to incomplete Automatic Identifi-
cation System (AIS) data. Detecting small vessels in coastal waters remains challenging
due to target size, complex backgrounds, and class imbalance. This study presents a robust
end-to-end framework for small vessel detection and traffic density mapping using optical
remote sensing imagery. A high-quality dataset of 8123 manually annotated vessels was
constructed from 14 Sentinel-2 scenes across three marine environments in Fujian, China.
An overlapping sliding-window cropping strategy, area truncation filtering, and negative
sample preservation improved training efficiency and balance. Experiments compared top-
of-atmosphere reflectance with surface reflectance (L2R) from the ACOLITE atmospheric
correction (AC) algorithm, showing L2R mitigates aerosol scattering and nearly doubles
vessel edge sharpness. YOLO-based detectors were evaluated, with YOLO26m achieving
the best localization: F1-score 0.8461, mAP50 0.8979, mAP50–95 0.5536. Using this frame-
work, 1 × 1 km traffic heatmaps for the Fujian coast in 2025 captured seasonal variations
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influenced by logistics and fishery moratoriums. Results demonstrate that integrating atmo-
spherically corrected imagery with optimized deep learning strategies enhances sub-pixel
ship detection, offering a scalable solution for intelligent maritime governance.

Keywords: ship traffic monitoring; deep learning; Fujian coastal waters; atmospheric
correction; Sentinel-2 imagery

1. Introduction
Increasing human activities in marine environments have exerted growing pressures

on coastal ecosystems and ocean resources [1]. According to recent estimates, global
maritime transport accounts for over 80% of international trade by volume, with mil-
lions of vessels operating across coastal and open-ocean regions each year [2]. Accurate
characterization of the spatiotemporal distribution of maritime vessels is therefore essen-
tial for marine spatial planning, fishery regulation, and ecological impact assessment [3].
Although large commercial ships are typically equipped with Automatic Identification
Systems (AIS), these data remain inherently incomplete. A considerable proportion of
small and medium-sized vessels, including fishing boats and recreational crafts, operate
without AIS transponders, and this proportion can exceed 50% in many coastal fishing
regions [4–6]. This may lead to great observational gaps and limits the effectiveness of
traditional monitoring approaches. Therefore, developing complementary techniques to
capture comprehensive maritime activity has become an essential challenge.

With the rapid advancement of satellite remote sensing technologies, vessel detection
based on optical and Synthetic Aperture Radar (SAR) imagery has emerged as an effective
alternative [7]. In the radar domain, spaceborne spotlight and sliding spotlight SAR
systems enable reliable all-weather ship detection [8,9], yet they suffer from the absence of
multispectral color information and narrow imaging swath coverage. Very high-resolution
(VHR) commercial satellites provide submeter to few-meter imagery that enhances the
detectability of small maritime targets, yet the high tasking cost and relatively narrow swath
widths limit their large-scale and long-term operational applications. In contrast, freely
available optical data from Sentinel-2 satellites, with a swath width of approximately 290 km
and a revisit time of 5 days, offer consistent and large-sale observations that are well-suited
for periodic maritime activity monitoring [10]. Despite this advantage, the moderate spatial
resolution of Sentinel-2 imagery, typically 10 m for visible bands, poses inherent challenges
for detecting small vessels, especially in complex coastal environments [11]. At 10 m
resolution, a typical small fishing boat may occupy merely a few pixels, making it highly
susceptible to being obscured by background noise [12]. Nevertheless, the frequent revisit
cycle of Sentinel-2 provides a unique opportunity for systematic macroscopic assessments,
as long as the challenges in algorithmic detection are effectively addressed.

Recent advances in deep learning (DL) have improved object detection performance
in remote sensing imagery [13–15]. In particular, single-stage detectors represented by
the You Only Look Once (YOLO) model have demonstrated strong capability in efficient
and end-to-end target detection [16,17]. However, applying DL–based detectors directly
to medium-resolution optical satellite imagery for vessel detection remains challenging,
as atmospheric effects such as molecular scattering and aerosol interactions introduce
radiometric distortions that reduce image contrast and obscure spectral signatures, thereby
degrading detection performance [18,19]. Complex coastal backgrounds, including islands,
reefs, and turbid waters with suspended sediments, introduce obvious spectral and struc-
tural variability. These features often resemble vessel targets visually or generate strong
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clutter, which increases false positives and reduces model robustness in nearshore regions,
ultimately misleading classification and localization algorithms [20,21]. For instance, sea
surface sun glint and breaking waves can create high-reflectance anomalies that closely re-
semble the appearance of vessel hulls or their wakes. Overcoming these spectral and spatial
ambiguities is crucial for operationalizing DL models in real-world coastal monitoring.

Recent studies have demonstrated the effectiveness of remote-sensing imagery and
YOLO-family detectors for ship or boat detection [16,17,22,23]. However, existing works
have primarily focused on detector architecture design, vessel extraction from relatively
clear imagery, or general maritime traffic mapping, while small-vessel detection in com-
plex, nearshore, and turbid waters remain less thoroughly investigated. In contrast, this
study emphasizes high-accuracy vessel detection under challenging coastal background
conditions and further extends image-level detections to monthly vessel-count statistics
and 1 km × 1 km maritime traffic density maps for regional-scale monitoring.

To address these technical and operational challenges, this study focuses on the Fujian
coastal region, a vital center for international shipping and domestic fisheries, characterized
by complex features such as estuaries, reefs, and turbid waters [24,25]. Despite its immense
economic and ecological significance, systematic monitoring of the extensive local fishing
fleets remains insufficient, limiting the effectiveness of regional marine governance. To
bridge this gap, it is critical to move beyond the detection of individual vessels and
translate initial detection outputs into macroscopic spatial intelligence. To address this
gap, it is critical to move beyond the detection of individual vessels and transform initial
detection outputs into large-scale spatial patterns, thereby supporting the development of
comprehensive ship traffic monitoring strategies.

Therefore, this study proposes an end-to-end framework to reliably detect vessels
and map maritime traffic density based on Sentinel-2 imagery. A high-quality dataset
is constructed from 14 scenes, comprising 8123 manually annotated vessels, to support
model training and validation. To improve data efficiency and alleviate class imbalance, a
sliding-window cropping strategy with overlapping strides, area truncation filtering, and
negative sample retention is employed. In addition, atmospherically corrected surface
reflectance products are derived using the ACOLITE algorithm to reduce radiometric
distortions caused by aerosol and molecular scattering [26,27]. The performance of ship
detection using surface reflectance data is systematically compared with that of top-of-
atmosphere (TOA) data across several representative YOLO-based architectures [28]. With
the optimized models, high-resolution ship traffic heatmaps are generated for Fujian coastal
waters, forming a comprehensive workflow from individual target detection to regional
dynamic maritime monitoring.

2. Data and Methods
2.1. Study Area

To evaluate the robustness and generalization capability of the proposed ship detec-
tion framework, the coastal waters of Fujian Province in southeastern China were selected
as the study area. Located along the western Taiwan Strait between the East China Sea
and the South China Sea, this region represents one of the most active maritime zones
in China, characterized by intensive shipping activities and extensive fishing operations.
Following the Sentinel-2A/B tiling system, three contiguous tiles were selected to construct
the dataset (Figure 1), namely RQP (Fuzhou coast), RPN (Xiamen and Quanzhou coasts),
and QNM (Zhangzhou coast). As illustrated in Figure 1b–d, these tiles capture distinct
coastal landscapes: the Fuzhou coast (RQP) features numerous scattered islands and rocky
outcrops along a rugged shoreline; the Xiamen and Quanzhou coasts (RPN) exhibit highly
urbanized coastal zones with dense port infrastructure and extensive coastal reclamation;
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and the Zhangzhou coast (QNM) is typified by extensive estuarine bays and turbid waters
influenced by high sediment loads from adjacent river inputs. These regions encompass
diverse marine environments and traffic conditions, including turbid nearshore waters,
relatively clean offshores, high-density commercial shipping lanes, and active coastal
fishing grounds. The coexistence of complex coastal morphology, dynamic water prop-
erties, and heterogeneous background features such as islands, reefs, turbid waters, and
man-made structures introduces great challenges for object detection, leading to increased
false detections and reduced model robustness. Therefore, this region provides a repre-
sentative and realistic testbed for evaluating ship detection performance under complex
maritime conditions.

Figure 1. (a) Study area location and Sentinel-2 tile coverage in the western Taiwan Strait, south-
eastern China. (b–d) Sentinel-2 optical imageries of the three study tiles, illustrating diverse coastal
environments across Fujian’s coastal waters.

2.2. Sentinel-2 Data Preprocessing

The data used in this study were acquired from the Multispectral Instrument (MSI)
onboard the Sentinel-2A and Sentinel-2B satellites, which operate as a critical component
of the European Space Agency’s (ESA) Copernicus Programme [29]. With its high revisit
frequency and extensive spatial coverage, Sentinel-2 is an ideal data source for continuous,
large-scale maritime monitoring [30]. To maintain consistent spatial resolution and ensure
computational efficiency, three 10 m visible bands including B02 (blue), B03 (green) and B04
(red) were selected to construct three-channel RGB images. These specific bands are highly
sensitive to the optical differences between artificial vessel structures and the surrounding
water. By exclusively utilizing these 10 m resolution bands, the spatial details of small
targets, including vessel hulls and their turbulent wakes, are maximally preserved for
subsequent DL model training and inference. Conversely, infrared bands were excluded
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due to their coarser spatial resolution and high susceptibility to sun-glint anomalies, which
degrade sub-pixel target feature extraction.

To comprehensively investigate the influence of atmospheric effects on small vessel
detection, an AC procedure was applied to the original Level-1C TOA reflectance (L1C).
Because standard correction algorithms often face challenges over dark aquatic environ-
ments, the ACOLITE AC processor, developed by the Royal Belgian Institute of Natural
Sciences, was employed to generate precise surface reflectance products. Tailored specifi-
cally for optically complex coastal and turbid waters, ACOLITE effectively mitigates the
adverse influences of aerosol scattering, molecular interactions, and sun glint while strictly
preserving true water-leaving reflectance signals [28]. This process effectively improves the
radiometric consistency and signal-to-noise ratio of the imagery. To compare different AC
schemes, we employed two common processing tools including ESA’s standard Sen2Cor
and the physics-based 6S radiative transfer model [31,32]. Subsequently, the original TOA
data and the various atmospherically corrected surface reflectance products were normal-
ized and converted from floating-point formats to 8-bit unsigned integer representations.
This preprocessing step ensures compatibility with standard convolutional neural net-
work (CNN) architectures while maintaining relative radiometric differences critical for
feature extraction.

2.3. Marine Vessel Annotations

To construct a robust and highly representative dataset for training DL models, 14 high-
quality Sentinel-2 images were meticulously selected across the three study tiles (50RQP,
50RPN, and 50QNM). As detailed in Table 1, these acquisitions span diverse temporal
windows from early 2024 to early 2026. This extended timeframe ensures a comprehensive
coverage of various seasonal weather conditions, sea states, and solar illumination angles,
thereby enhancing the dataset’s environmental diversity. All visually identifiable maritime
vessels within these scenes were manually annotated using horizontal bounding boxes.
The spatial coordinates and associated metadata for each bounding box were subsequently
exported as GeoPackage vector files, providing precise geographic referencing essential for
the DL processing pipeline.

Table 1. Summary of the Sentinel-2A/B product metadata and the distribution of manual vessel
annotations across the three study regions (50RQP, 50RPN, and 50QNM).

Location Product Name Number of Marks

50RQP
S2A_MSIL1C_20250429T024141_N0511_R089_T50RQP_20250429T051609 323
S2B_MSIL1C_20250323T023529_N0511_R089_T50RQP_20250323T041902 570
S2A_MSIL1C_20241128T024031_N0511_R089_T50RQP_20241128T035311 640

50RPN

S2B_MSIL1C_20251108T023819_N0511_R089_T50RPN_20251108T042033 658
S2B_MSIL1C_20250512T023529_N0511_R089_T50RPN_20250512T041855 451
S2A_MSIL1C_20250429T024141_N0511_R089_T50RPN_20250429T051609 464
S2B_MSIL1C_20250323T023529_N0511_R089_T50RPN_20250323T041902 606
S2A_MSIL1C_20240721T023551_N0510_R089_T50RPN_20240721T044152 439
S2B_MSIL1C_20240517T023529_N0510_R089_T50RPN_20240517T042934 404

50QNM

S2B_MSIL1C_20251108T023819_N0511_R089_T50QNM_20251108T042033 921
S2A_MSIL1C_20250916T024141_N0511_R089_T50QNM_20250916T064551 606
S2B_MSIL1C_20250323T023529_N0511_R089_T50QNM_20250323T041902 563
S2A_MSIL1C_20241128T024031_N0511_R089_T50QNM_20241128T043247 1037
S2B_MSIL1C_20240118T024029_N0510_R089_T50QNM_20240118T035231 441

Identifying small targets in medium-resolution optical imagery inherently presents
obvious visual challenges. Figure 2 illustrates representative annotation samples, intuitively
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comparing the original L1C imagery with the atmospherically corrected surface reflectance
(L2R) imagery. As demonstrated in the figure, navigating vessels often generate turbulent
wakes that appear brighter and more structurally distinct than the vessel hulls themselves.
To maximize the extraction of dynamic features and increase the effective pixel area of
the tiny targets, these wake structures were deliberately enclosed within the bounding
boxes [33,34]. Furthermore, the visual comparison confirms that the L2R imagery exhibits
enhanced target-background contrast, which is crucial for reducing manual annotation
uncertainty [35].

Figure 2. Visual comparison of manual vessel annotations between original TOA reflectance (L1C,
top row) and ACOLITE-corrected surface reflectance (L2R, bottom row), with blue boxes highlighting
the annotated targets.

To guarantee the high quality and reliability of the training dataset, rigorous exclusion
criteria were established during the annotation phase. Stationary vessels located in close
proximity to complex port infrastructure, narrow inland waterways, or directly adjacent
to coastlines were deliberately excluded. These environments typically suffer from severe
target-background blending and mixed-pixel effects, which introduce high annotation
ambiguity and can degrade model convergence [36]. Following this rigorous screening
process, a total of 8123 valid vessel instances were identified and annotated across the
14 scenes (summarized in Table 1). This substantial and diverse collection of annotations
provides a solid empirical foundation for training robust, generalized object detection
models capable of handling complex coastal maritime scenarios.

2.4. Image Slicing Strategy and Dataset Construction

Given the vast coverage of original Sentinel-2 tiles (typically 10,980 × 10,980 pixels),
feeding full-scene images directly into conventional DL architectures is computationally
prohibitive [37]. Direct downsampling or resizing would inevitably lead to the irreversible
loss of sub-pixel and small ship features, rendering detection impossible. To address this
spatial constraint, an overlapping sliding-window strategy was adopted to synchronously
crop L1C and L2R images as well as their corresponding GeoPackage annotations. The
sliding window size was fixed at 320 × 320 pixels with a stride of 240 pixels. This specific
configuration yields an 80-pixel overlap between adjacent patches, a crucial design imple-
mented to ensure that vessels located near patch boundaries are not severely truncated or
completely missed during the slicing process.

During the sliding-window operation, ground-truth bounding boxes are occasionally
cut by the window edges. To handle this, a truncation retention threshold of 0.5 was estab-
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lished. Let Aorig denote the area of the original bounding box and Ainter the intersecting
area within the cropped patch. A sample was retained as a valid target only if:

Ainter
Aorig

≥ 0.5 (1)

Objects falling below this threshold were discarded to prevent the model from learning
incomplete or misleading morphological features [38]. Furthermore, maritime remote
sensing datasets inherently suffer from severe class imbalance, dominated by vast expanses
of empty ocean. To mitigate this issue and improve training efficiency, a random negative
sampling strategy was adopted. We selectively retained only 10% of the pure background
patches (those containing no vessel targets), reducing redundant computational overhead
while preserving enough negative samples to suppress false positives effectively.

Following this rigorous preprocessing, both L1C and L2R datasets were synchronously
cropped, culminating in 7843 valid patches of size 320 × 320 pixels for each data source. To
further understand the inherent characteristics of our dataset, we analyzed the spatial and
scale distributions of the annotated targets within these valid patches (Figure 3). The Target
Center Distribution (Figure 3a) demonstrates that vessel locations are relatively uniformly
distributed across the normalized x and y axes of the cropped patches, preventing the
network from learning biased spatial priors based on target location. Meanwhile, the Target
Size Distribution (Figure 3b) confirms the extreme small-object nature of the dataset. The
heatmap indicates that the vast majority of targets possess relative widths and heights
of less than 0.05 (i.e., smaller than 16 × 16 pixels within the 320 × 320 patch), heavily
clustering near the origin. Finally, to ensure objective and reproducible evaluation, a
fixed random seed was used to partition the datasets into training, validation, and test
subsets with an approximate ratio of 7:2:1. The L1C and L2R datasets share identical spatial
partitions and sample distributions, offering a strictly controlled experimental framework
for evaluating AC impacts.

Figure 3. Statistical analysis of the constructed dataset. (a) Target Center Distribution; (b) Target
Size Distribution.

2.5. Object Detection Models and Experimental Settings

The field of object detection in remote sensing has evolved through two primary archi-
tectural paradigms: two-stage and single-stage detectors. Two-stage detectors, pioneered
by the R-CNN family (including Fast R-CNN and Faster R-CNN), rely on a separate region
proposal network to identify potential object locations followed by a secondary refinement
and classification stage [39]. While these models often achieve high localization accuracy,
their multi-stage nature typically results in obvious computational latency, limiting their
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applicability for real-time or large-scale processing. In contrast, single-stage detectors
such as the Single Shot MultiBox Detector (SSD) and RetinaNet treat object detection as a
unified regression problem, directly predicting bounding boxes and class probabilities from
the input image [40,41]. These architectures offer a superior trade-off between detection
speed and performance, making them highly suitable for processing high-volume satellite
imagery over expansive coastal regions.

Among single-stage architectures, the YOLO framework has emerged as a state-of-the-
art solution due to its exceptional efficiency and robust end-to-end training capability [15].
To identify the optimal architecture for small ship detection in complex coastal environ-
ments, this study evaluates several representative variants of the YOLO family, ranging
from the widely used YOLOv8 to the most recent iterations, including YOLOv9, YOLOv10,
YOLO11, YOLO12, and the state-of-the-art YOLO26 [42,43]. We also incorporate the stan-
dard two-stage Faster R-CNN model (ResNet-50 backbone paired with FPN) as a reference
to quantify performance differences between single-stage and two-stage detection architec-
tures. To ensure a strictly fair comparison under consistent computational constraints, the
medium-scale version (denoted by the suffix “m”) was selected for all evaluated models.
These models were trained independently on both the original L1C reflectance dataset and
the corrected L2R surface reflectance dataset. Among them, YOLO26m serves as a primary
focus due to its advanced architectural enhancements, such as the integration of C2PSA
and C3k2 modules, which are specifically designed to strengthen attention mechanisms
and contextual feature aggregation for tiny objects, as illustrated in the structural diagram
in Figure 4 [16,44].

 
Figure 4. Detailed architectural diagram of the YOLO26-based ship detection model.

The experimental training pipeline was meticulously designed to maximize model
convergence and generalization. All models were trained for a maximum of 300 epochs,
with an early stopping mechanism triggered if the validation metrics failed to improve for
30 consecutive epochs, thereby preventing potential overfitting. We employed the Stochas-
tic Gradient Descent (SGD) optimizer with an initial learning rate of 0.01, a momentum
coefficient of 0.937, and a weight decay of 5 × 10−4. The batch size was dynamically
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optimized to fully utilize the available GPU memory. Crucially, to enhance the detectabil-
ity of extremely small vessels, the input patches of 320 × 320 pixels were unsampled
to 640 × 640 pixels before being processed by the networks. This upsampling doubles
the linear pixel count of the targets, facilitating the extraction of fine-grained structural
features. Furthermore, a diverse suite of data augmentation techniques including random
rotation, horizontal and vertical flipping, scaling, color jittering and mosaic augmentation
was implemented to expose the models to a wider variety of simulated environmental
conditions [45].

All experiments and performance benchmarking were conducted on a high-
performance computing workstation equipped with a single NVIDIA RTX 3090 GPU
(24 GB VRAM). The software environment was built upon Python 3.12 and PyTorch 2.5,
utilizing the Ultralytics open-source framework for model implementation and evalua-
tion. This standardized hardware and software setup ensures the reproducibility of the
results and provides a reliable baseline for comparing the impact of AC on ship detection
performance across different DL architectures.

2.6. Evaluation Metrics

To comprehensively and quantitatively assess the detection performance of the various
YOLO models on both the L1C and L2R datasets, a standardized suite of evaluation
metrics was employed [46]. Specifically, Precision (P), Recall (R), F1-score, and mean
Average Precision (mAP) at different Intersection over Union (IoU) thresholds were adopted
as the primary benchmarking criteria. These metrics are derived from the counts of
True Positives (TP, correctly identified vessels), False Positives (FP, background or noise
incorrectly classified as vessels), and False Negatives (FN, actual vessels missed by the
model). Precision, Recall, and the F1-score are mathematically defined as follows:

P =
TP

TP + FP
(2)

R =
TP

TP + FN
(3)

F1 = 2 × P × R
P + R

(4)

Furthermore, Average Precision (AP) is utilized to evaluate the performance of indi-
vidual classes. AP is defined as the area under the Precision–Recall (P-R) curve, which is
generated by varying the confidence threshold. It can be expressed as the definite integral
of Precision as a function of Recall:

AP =
∫ 1

0
P(R)dR (5)

The mAP represents the average of the AP values across all object categories (though in
this study, it primarily targets the single “vessel” class). In our evaluation protocol, mAP50,
mAP75, and mAP50–95 denote the mAP calculated at IoU thresholds of 0.5, 0.75, and the
average over the strict IoU range from 0.5 to 0.95 (with a step size of 0.05), respectively [47].

Given the inherent physical characteristics of our dataset where vessel targets are
extremely small and often occupy only a few pixels, achieving a perfect bounding box
overlap such as IoU greater than 0.75 is exceedingly difficult. Even a minor localized pixel
shift can heavily penalize the mAP75 or mAP50-95 scores, despite the model locating the
target [48]. Therefore, to ensure a robust, fair, and practically meaningful performance
assessment, the F1-score and mAP50 were selected as the primary evaluation metrics to
guide our comparative analysis.
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In addition to detection accuracy, we further quantified each model’s architectural com-
plexity and theoretical computational efficiency using two standardized metrics: Params
(M, millions of parameters) and GFLOPs (billions of floating-point operations). In contrast
to inference runtime latency, which fluctuates heavily with local hardware and software
configurations, Params and GFLOPs serve as hardware-agnostic benchmarks for assessing
the memory footprint and computational load of each network.

3. Results
3.1. Performance Evaluation Across Different Object Detection Models

To identify the optimal detection architecture for complex coastal environments,
this study systematically compares the conventional two-stage Faster R-CNN detector
against six medium-scale YOLO variants (YOLOv8m, YOLOv9m, YOLOv10m, YOLO11m,
YOLO12m, and YOLO26m). The comparative evaluation primarily focuses on their perfor-
mance across the atmospherically corrected L2R surface reflectance dataset, with detailed
quantitative metrics summarized in Table 2. The experimental results indicate that all
evaluated models possess robust baseline capabilities for capturing small maritime targets,
demonstrating the maturity of single-stage detectors in extracting discriminative features
from sub-pixel scale objects.

Table 2. Comparative evaluation of detection performance of different models on L1C and L2R
datasets. The bold numbers represent the best results for each metric.

Model Data Type Precision Recall F1-Score mAP50 mAP75 mAP50-95 Params GFLOPs

Faster
R-CNN

L1C 0.8286 0.7759 0.8014 0.8026 0.5382 0.5059
41.5M 181.5L2R 0.8324 0.7776 0.8041 0.8151 0.5575 0.5106

YOLOv8m
L1C 0.8214 0.8164 0.8189 0.8856 0.5607 0.5378

25.9M 78.9L2R 0.8500 0.8286 0.8392 0.8929 0.5984 0.5518

YOLOv9m
L1C 0.8214 0.8389 0.8301 0.8900 0.5552 0.5320

20.1M 76.5L2R 0.8441 0.8453 0.8447 0.8911 0.5653 0.5347

YOLOv10m
L1C 0.8289 0.7934 0.8108 0.8734 0.5543 0.5302

15.4M 58.9L2R 0.8327 0.8395 0.8361 0.8916 0.5722 0.5434

YOLO11m
L1C 0.8187 0.8174 0.8181 0.8803 0.5231 0.5082

20.1M 67.6L2R 0.8316 0.8382 0.8349 0.8907 0.5774 0.5351

YOLO12m
L1C 0.8212 0.8145 0.8178 0.8876 0.5476 0.5276

20.2M 67.1L2R 0.8354 0.8201 0.8277 0.8904 0.5676 0.5342

YOLO26m
L1C 0.8445 0.8278 0.8361 0.8832 0.5556 0.5321

20.4M 67.8L2R 0.8488 0.8434 0.8461 0.8979 0.5989 0.5536

A detailed analysis of individual model performance on the L2R dataset reveals dis-
tinct architectural strengths. For instance, the widely established YOLOv8m achieved a
global maximum Precision of 0.8500. This high precision reflects its superior capability in
bounding box regression and strict false-positive control, which is essential for minimizing
false alarms triggered by sea clutter or breaking waves. Conversely, YOLOv9m demon-
strated the highest sensitivity in terms of vessel retrieval, attaining a peak Recall of 0.8453.
This suggests that YOLOv9m is particularly effective for surveillance scenarios where
missing a potential target is more critical than occasional false detections. Meanwhile, the
YOLOv10m, YOLO11m, and YOLO12m maintain highly balanced and stable performance
profiles across most evaluation criteria. Additionally, while the two-stage Faster R-CNN
delivers consistent localization performance, it achieves markedly lower recall values ow-
ing to intrinsic constraints of its region proposal network when detecting subpixel ship
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targets, alongside substantially higher computational overhead in both parameter count
and GFLOPs.

To better illustrate the overall performance within the single-stage paradigm, evalua-
tion metrics of the six YOLO models on the L2R dataset were normalized and presented
using both bar charts and radar charts (Figure 5). The normalized bar chart (Figure 5a)
clearly illustrates the relative performance levels across models. While YOLOv8m ex-
cels in precision category, YOLO26m decisively outperforms the other variants in the
remaining four critical metrics, including F1-Score, mAP50, mAP75, and mAP50-95. This
multi-dimensional dominance is even more evident in the radar chart (Figure 5b). The
performance polygon for YOLO26m (red line) forms the outermost contour for nearly all
metrics, effectively enclosing those of all other comparative models.

Figure 5. Normalized performance comparison of the six YOLO models evaluated on the L2R dataset.
(a) Normalized bar chart. (b) Radar chart.

In terms of performance, YOLO26m demonstrated the best results on the L2R dataset,
achieving an F1-score of 0.8461, mAP50 of 0.8979, and mAP50–95 of 0.5536 (Table 2). No-
tably, our method achieves state-of-the-art detection accuracy while maintaining an excep-
tionally lightweight architecture, with only 20.4 M trainable parameters and 67.8 GFLOPs.
It therefore demonstrates a substantially more favorable accuracy–efficiency trade-off
compared to the other evaluated baseline models. This comprehensive superiority fur-
ther establishes YOLO26m as a highly reliable architecture for extracting fine-grained
vessel features over the complex coastal environments. The strong performance can be
primarily attributed to its advanced structural design, particularly the incorporation of the
C2PSA and C3k2 modules. These enhancements improve both local and global attention
mechanisms, enabling the network to effectively aggregate contextual information and
accurately differentiate small vessel pixels from interference, including sea surface glint and
small reefs.

3.2. Impact of AC on Ship Detection Performance

The comprehensive experimental results explicitly confirm that applying the ACOLITE
AC algorithm to generate L2R surface reflectance data effectively enhances small ship
detection capabilities compared to using the original L1C TOA data. As detailed in Table 2,
the performance metrics across all six evaluated YOLO models consistently improved
when trained and tested on the L2R dataset. Taking the optimal YOLO26m model as an
example, its F1-score increased from 0.8361 (on L1C) to 0.8461 (on L2R), while the more
stringent mAP75 metric showed a notable rise from 0.5556 to 0.5989. Similar improvements
in precision and recall were observed across other model variants, strongly suggesting that
the ACOLITE algorithm effectively mitigates sea-surface aerosol scattering and atmospheric
attenuation, thus providing a cleaner and more reliable signal for the neural networks.
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This quantitative improvement is further corroborated by qualitative visual inspec-
tions. Figure 6 presents a direct side-by-side visual comparison of the original image
patches and the corresponding YOLO26m detection results for both the L1C and L2R
datasets. The magnified windows in the top rows clearly illustrate that the original L1C
images suffer from atmospheric haze, resulting in a low target-background contrast and
making faint vessels extremely difficult to detect. In contrast, the L2R imagery effectively
restores the true water-leaving reflectance, producing notably sharper vessel profiles and
reducing background clutter. As highlighted by the dashed orange circles in the detection
result rows, the model struggles with missed detections (false negatives) on faint, low-
contrast targets in the L1C data. However, it accurately identifies and bounds these same
vessels in the L2R data.

Figure 6. Visual comparison of ship detection performance between L1C and L2R datasets using
YOLO26m. Red boxes denote magnified windows, while orange dashed circles indicate faint targets
that were missed in L1C but detected in L2R.

To provide a rigorous physical explanation for the improved detectability and its direct
impact on bounding box regression, a pixel-level quantitative assessment was performed
using the Sobel gradient operator Figure 7 shows the gradient-magnitude heatmaps for
various vessel targets after applying a bilateral filter to suppress high-frequency sea-surface
ripples while preserving structural edges. This analysis provides an objective measure of
spatial edge sharpness: the vessel contours in the uncorrected L1C data yield relatively
weak gradient scores (ranging from 4.83 to 6.95), whereas the exact same targets in the
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atmospherically corrected L2R data exhibit remarkably intensified edge gradients (ranging
from 10.84 to 13.87). Specifically, the structural edge sharpness is quantified by the Average
Gradient Magnitude (AGM), defined as:

AGM =
1
N

N

∑
i=1

√
Gx(i)

2 + Gy(i)
2 (6)

where Gx(i) and Gy(i) denote the horizontal and vertical gradient components computed
via the Sobel operator at pixel i, and N represents the total pixel count within the localized
target patch. By effectively mitigating the low-pass filtering effect caused by aerosol
scattering, the L2R data nearly doubles the edge sharpness and restores critical high-
frequency spatial details. This pixel-level evidence explains why models trained on the
L2R dataset exhibit superior localization and ship-detection performance.

Figure 7. Quantitative comparison of vessel edge sharpness between the L1C and L2R datasets,
assessed using Sobel gradient magnitude. The analysis is based on the magnified windows from
Figure 6, highlighting the improvements in spatial edge clarity resulting from atmospheric correction.

Finally, we compare multiple correction schemes against Sen2Cor and 6S AC ap-
proaches with YOLO26m, verifying ACOLITE as the optimal solution (Table 3). The
empirical results demonstrate that Sen2Cor and 6S AC approaches fail to improve sub-
pixel target detection, performing worse or comparably to uncorrected L1C data, as these
conventional tools frequently induce over-correction and amplified noise in turbid coastal
waters that weaken target-background contrast. In contrast, ACOLITE’s water-specific
processing avoids these drawbacks and delivers higher detection accuracy for all metrics,
as it accurately retrieves realistic water-leaving reflectance whilst retaining fine target
edge features.

Table 3. Performance comparison of different AC schemes using YOLO26m. The bold numbers
represent the best results for each metric.

AC Scheme Precision Recall F1-Score mAP50

L1C (Original TOA) 0.8445 0.8278 0.8361 0.8832
Sen2Cor 0.8341 0.8331 0.8336 0.8854

6S 0.8317 0.8227 0.8272 0.8829
ACOLITE (Ours) 0.8488 0.8434 0.8461 0.8979
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3.3. Quantitative Optimization of Slicing Parameters and Window Scales

To establish the scientific validity and mathematical optimality of the configurations
utilized during the dataset preprocessing pipeline, a 5 × 5 grid search was executed to
evaluate the boundary truncation threshold and the background retention rate (Table 4).
The joint performance trajectory reveals a single-peak convex surface, where the abso-
lute peak (mAP50: 0.8979, F1-Score: 0.8461) is rigorously achieved at the intersection
of a 0.5 truncation threshold and a 10% background retention rate. This parameter opti-
mization landscape is visualized as a continuous composite response surface in Figure S1
(Supplementary Materials), illustrating the sharp performance drop-off when deviating
from the optimal core. Lowering background retention (0% or 5%) fails to model back-
ground noise, accelerating false positives from wave clutter, whereas exceeding 10% intro-
duces severe class imbalance that dilutes rare vessel features and desensitizes loss gradients.
For truncation, a loose threshold (0.3 or 0.4) introduces geometric noise from fragmented
boxes that hinders boundary regression, while a strict threshold (0.6 or 0.7) prematurely
prunes valid edge targets, suppressing the global recall rate.

Table 4. Two-dimensional grid search optimization for Truncation Threshold and Negative Retention
Rate using YOLO26m on the L2R dataset (Metrics: mAP50 / F1-Score). The bold numbers represent
the best results for each metric.

Truncation
Threshold\
Retention

Rate

0% 5% 10% (Ours) 20% 50%

0.3 0.8784/0.8341 0.8877/0.8259 0.8941/0.8372 0.8726/0.8127 0.8459/0.8085
0.4 0.8801/0.8346 0.8797/0.8297 0.8893/0.8291 0.8826/0.8228 0.8403/0.8134

0.5 (Ours) 0.8893/0.8407 0.8858/0.8341 0.8979/0.8461 0.8657/0.8019 0.8389/0.8107
0.6 0.8812/0.8352 0.8817/0.8379 0.8867/0.8199 0.8678/0.8119 0.8375/0.8032
0.7 0.8811/0.8257 0.8739/0.8301 0.8774/0.8356 0.8516/0.8062 0.8413/0.8025

The dimensional scale of the sliding window defines the mathematical balance be-
tween preserving target contextual geometry and optimizing global computational through-
put (Table 5). Expanding the window size from 160 to 640 pixels compresses the spatial
processing batches from 19,346 to 3221, scaling down the full-scene forward pass duration
from 16.8 s to 1.09 s. Despite this inverse relationship with speed, the accuracy metrics
demonstrate that the 320 × 320 configuration stands as a mathematically optimal resolution.

Table 5. Performance comparison of different sliding window sizes using YOLO26m on the L2R
dataset. The bold numbers represent the best results for each metric.

Window Size
(Pixels)

Stride/Overlap
(Pixels)

Total
Patches mAP50 F1-Score Inference Time

(per Full Scene)

160 × 160 120/40 19346 0.8956 0.8414 16.8s
256 × 256 192/64 10229 0.8968 0.8366 6.72s

320 ×
320(Ours) 240/80 7843 0.8979 0.8461 4.21s

512 × 512 384/128 4481 0.8512 0.8045 1.73s
640 × 640 480/160 3221 0.8291 0.7836 1.09s

Restricting the window size to 160 or 256 pixels severely limits the local receptive
field, causing narrow boundaries to frequently segment structurally continuous features,
such as elongated, high-reflectance turbulent wake structures at patch edges. This spatial
fragmentation prevents the attention mechanism of YOLO26m from aggregating necessary
hydrodynamic context, thereby suppressing detection precision. Conversely, increasing the
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window size to 512 or 640 pixels leads to a marked decline in performance, with mAP50
dropping to 0.8291, attributable to spatial feature dilution. At 10 m spatial resolution,
sub-pixel-scale small craft embedded within a broad oceanic background experience a
substantial reduction in foreground-to-background ratio, causing weak activation signals
to be progressively attenuated during successive multi-layer downsampling. Therefore, the
configuration of a 320 × 320 pixel window, combined with a 10% negative retention rate
and a 0.5 truncation threshold, is empirically validated as the optimal parameter setting
under the evaluated conditions.

3.4. Ablation Experiment on Core Modules

To quantitatively evaluate the individual and synergistic contributions of the C3k2
and C2PSA modules embedded in the YOLO26m architecture, a systematic ablation ex-
periment was conducted on the L2R dataset. Four controlled experimental groups were
established under identical hardware environments and training hyperparameters, with
the quantitative results summarized in Table 6.

Table 6. Ablation analysis of C2PSA and C3k2 modules within the YOLO26m architecture on the L2R
dataset. “✓” and “×” indicate the inclusion and exclusion of the corresponding module, respectively.
The bold numbers represent the best results for each metric.

Group C3k2 C2PSA Precision Recall F1-Score mAP50

1 × × 0.8359 0.8259 0.8309 0.8746
2 ✓ × 0.8385 0.8341 0.8363 0.8795
3 × ✓ 0.8412 0.8394 0.8403 0.8857

4 (Ours) ✓ ✓ 0.8488 0.8434 0.8461 0.8979

The empirical results demonstrate a stepwise performance decline upon deactivating
or isolating either component, confirming their architectural necessity. Specifically, inte-
grating the C3k2 module alone improves target recall by optimizing localized contextual
feature aggregation. Conversely, isolating the C2PSA attention mechanism enhances de-
tection precision by capturing global long-range dependencies and suppressing coastal
wave clutter. Enabling both modules simultaneously generates prominent synergistic
gains, delivering the highest F1-score (0.8461) and mAP50 (0.8979). This mathematical
progression demonstrates that pairing fine-scale context aggregation with robust spatial
attention vectors provides the optimal architectural design for sub-pixel scale maritime
target detection.

3.5. Spatiotemporal Characteristics of Ship Traffic off the Fujian Coast

To demonstrate the application potential of the proposed framework in maritime
traffic monitoring, we applied the best-performing YOLO26m model (trained on L2R data)
to detect vessels across all available Sentinel-2 imagery for three study regions along the
Fujian coast: Fuzhou (50RQP), Xiamen & Quanzhou (50RPN), and Zhangzhou (50QNM),
covering the entire year of 2025. The data were consistently selected from relative orbit 089,
captured between 10:00 and 12:00 local time to ensure consistency in lighting and viewing
angles. Imagery affected by severe cloud cover or extreme sea states, which are known
to generate high false-positive rates due to wave interference and sun glint, was carefully
excluded. Following a rigorous screening process, three high-quality images were retained
for each month. In the post-processing stage, a water body mask was applied to filter out
false detections on land, and the remaining detections were used to generate 1 km × 1 km
maritime traffic density heatmaps, providing a clear overview of vessel distribution and
movement patterns.
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As illustrated in Figure 8, the monitoring of the Fuzhou coastal region (50RQP) en-
compassed January, March, April, June, July, August, September, and November of 2025.
Traffic activity was notably more intense during the autumn and winter months, with
November recording the highest total of 2205 detected vessels, including a single-day
peak of 856 vessels on 25 November. January (1828 vessels) and August (1813 vessels)
followed, with 30 August recording a single-day high of 814 vessels. Traffic volumes were
comparatively lower in April (1240 vessels) and June (1151 vessels). The heatmaps reveal a
clear shoreward aggregation of vessels, primarily concentrated along the coastline, the Min
River Estuary, and primary nearshore shipping lanes. As a critical maritime chokepoint,
the Min River Estuary experienced a notable increase in vessel density during the autumn
and winter months, driven by higher transport demands and the commencement of the
autumn fishing season in the Mindong fishing grounds.

Figure 8. Monthly maritime traffic heatmaps and detection statistics for the Fuzhou coastal region
(50RQP) in 2025. Heatmap values represent the number of vessels detected within a 1 km × 1 km grid.

The traffic dynamics for the Xiamen and Quanzhou coastal region (50RPN) during the
designated months of 2025 are illustrated in Figure 9. Vessel traffic in this region remained
consistently high throughout the year, with a distinct peak observed during the winter
months. January recorded the highest vessel count at 2401, including a yearly single-day peak
of 1078 vessels on 17 January. November followed closely with 2151 vessels. Robust traffic
levels were also observed in August (1828 vessels) and June (1750 vessels), with a notable
987 vessels detected on 30 August. The heatmaps highlight dense vessel concentrations in
Xiamen Bay, Quanzhou Bay, and deep-water shipping channels, forming “maritime corridors”
characterized by high vessel density. The surge in traffic during January is likely linked to
the peak in manufacturing logistics that precedes the Chinese Lunar New Year, driven by
increased demand for goods and transportation during this period.

Figure 10 illustrates the spatial distribution of vessel traffic in the Zhangzhou coastal
region (50QNM). Traffic density in the second half of the year was notably higher compared
to the first half. November (2785 vessels) and August (2743 vessels) marked the annual
dual peaks, while April recorded the lowest vessel count of the year at 1070. A regional
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record was set on 10 August with 1367 vessels detected in a single day, followed closely
by 1229 detections on 16 October. Spatial distribution of vessels revealed pronounced
hotspots concentrated along the coastline, with particular clustering in nearshore bays
such as Dongshan Bay and Zhao’an Bay. These intense seasonal fluctuations are primarily
attributed to fishery activities, with the end of the summer fishing moratorium in early
August triggering a surge in vessel traffic as fishing fleets resumed operations, while the
peaks in October and November were driven by the combined effects of the peak fishing
season and increased demand for mariculture-related transportation.

Figure 9. Monthly maritime traffic heatmaps and detection statistics for the Xiamen and Quanzhou
coastal region (50RPN) in 2025. Heatmap values represent the number of vessels detected within a
1 km × 1 km grid.

Figure 10. Monthly maritime traffic heatmaps and detection statistics for the Zhangzhou coastal
region (50QNM) in 2025. Heatmap values represent the number of vessels detected within a
1 km × 1 km grid.
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Comprehensive analysis indicates that maritime traffic along the Fujian coast exhibits
notable seasonal characteristics and high spatial concentration, particularly within ports,
estuaries, and key nearshore shipping channels. These results demonstrate that the ef-
fectiveness of integrating atmospherically corrected Sentinel-2 L2R data with optimized
YOLO-based models in effectively improving the detection accuracy of small vessels in
complex coastal environments. Our method enhances detection precision and delivers
robust, reliable quantitative insights that are crucial for supporting marine spatial planning,
fishery regulation, and the assessment of ecological stressors.

4. Discussion
The empirical results of this study highlight the immense potential of integrating

medium-resolution optical remote sensing data with advanced DL technologies for com-
prehensive maritime traffic surveillance. While the AIS remains the cornerstone of global
maritime regulation, it has inherent limitations, including systemic blind spots that cannot
be ignored. In addition to the number of small-to-medium vessels lacking transponders
due to cost constraints or regulatory gaps, some vessels engaged in Illegal, Unreported,
and Unregulated (IUU) fishing deliberately disable their equipment or spoof signals to
evade monitoring [6,49]. To overcome these bottlenecks, Sentinel-2 was selected as the core
data source. Compared to SAR, which is susceptible to speckle noise, multi-spectral optical
imagery provides more intuitive morphological features and turbulent wake signatures,
while reflecting sea states and environmental contexts. Furthermore, while the 5-day global
revisit cycle is inadequate for real-time tactical tracking, it provides a cost-effective statis-
tical sampling frequency. Combined with the 290 km imaging swath, this configuration
meets the requirements for large-scale, long-term strategic observation, and effectively
bridges the operational gap between expensive VHR satellites and coarse low-resolution
sensors [10,50].

To address the sub-pixel target detection challenges posed by the 10 m spatial resolu-
tion of Sentinel-2, the YOLO-based DL framework developed in this study demonstrated
exceptional feature extraction and generalization capabilities. In 10 m resolution imagery, a
typical small fishing boat may occupy only a few pixels, making it easily confused with
seafoam or complex reef edges. However, the top-performing YOLO26m model, through
the integration of advanced C2PSA attention mechanisms and C3k2 contextual aggregation
modules, is capable of precisely locking onto vessel hulls while effectively extracting V-
shaped turbulent wakes as critical spatial prior features [51]. By treating both localization
and classification as a unified regression problem, such single-stage detectors achieve
high precision while accelerating inference speeds. This efficiency allows for the rapid
processing of large-scale remote sensing tiles, meeting the massive computational demands
of macroscopic maritime monitoring [14].

A core theoretical finding of this study is the indispensable role of rigorous atmo-
spheric correction (AC) in identifying small targets in optically shallow and complex coastal
environments. In nearshore regions, often referred to as Case II waters, the optical proper-
ties are highly complex due to suspended sediments and colored dissolved organic matter
(CDOM), with up to 90% of the signal received by the satellite sensor originating from
atmospheric molecular scattering and aerosol path radiance [18,52]. Direct use of L1C
data in such areas can completely obscure faint water-leaving reflectance signals from
vessels, masked by this “atmospheric veil.” While prior studies have used ACOLITE-
corrected Sentinel-2 imagery for aquatic remote sensing and floating water-surface target
detection [53–55], the role of such correction in improving the fine-scale boundaries of small
vessels for YOLO-based detection remains less explicitly quantified. Therefore, this study
uses paired L1C/L2R samples with identical annotations, data partitions, and detector
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settings to link atmospheric correction with detection performance and Sobel-derived edge
sharpness. Pixel-level Sobel gradient analysis provides conclusive evidence that the L2R
data nearly doubles the structural edge sharpness of vessel targets, with the localized AGM
demonstrating a 2.1-fold mathematical increase, as comprehensively validated in Text S1
and Figure S2 of the Supplementary Materials. This substantial enhancement in radiometric
contrast effectively resolves the issue of false negatives (missed detections) caused by low
contrast in original data, enabling the DL model to perform inference in a cleaner feature
space with a higher signal-to-noise ratio [35].

From a broader perspective of marine spatial planning and integrated management,
the high-resolution maritime traffic density heatmaps generated by this framework have
profound policy and ecological value [24]. The refined spatiotemporal analysis not only
captured the explosive growth of fishing fleets following the end of the summer fishing
moratorium in Zhangzhou waters but also mapped the clustering of commercial vessels
driven by the pre-Lunar New Year logistics cycle in the Xiamen–Quanzhou region. This ob-
jective quantification of maritime activity provides a reliable baseline for optimizing “port-
channel” network designs and mitigating collision risks [56]. Moreover, high-frequency
traffic mapping serves as a valuable quantitative foundation for assessing human-induced
ecological stresses, such as underwater noise pollution, ballast water discharge risks, and
potential strike threats to marine mammals [57]. Such insights are essential for the effec-
tive implementation of regional targets under UN Sustainable Development Goal 14 (Life
Below Water).

Despite these achievements, several challenges remain that must be addressed to fully
realize an automated intelligent maritime monitoring system. First, optical remote sensing
is highly dependent on clear sky conditions. In the cloud-prone coastal regions of Fujian,
many images are often rendered unusable due to heavy cloud cover or intense sea-surface
sun glint. Second, the 10 m resolution presents limitations when it comes to fine-grained
classification of vessel types, such as distinguishing between bulk carriers, container ships,
or specialized fishing vessels, based solely on visual features. Future research should focus
on the development of multi-modal data fusion techniques, particularly deep coupling of
all-weather SAR data, optical imagery, and real-time AIS trajectories, to create a seamless
and robust monitoring network [4]. Additionally, exploring DL super-resolution techniques
and deploying lightweight detection models onto satellite-based edge computing units for
millisecond-level response to anomalous maritime activities will be critical directions for
the next generation of satellite-based maritime regulation technologies [22,58].

5. Conclusions
In this study, we developed a robust end-to-end DL framework for macroscopic

maritime traffic monitoring using Sentinel-2 optical imagery. By systematically integrating
the ACOLITE AC algorithm, we demonstrated that removing atmospheric interference
to restore true water-leaving reflectance effectively enhances target-background contrast
and sharpens structural edges of ships. This critical radiometric enhancement enabled
the optimized YOLO26m single-stage detector to achieve an F1-score of 0.8461 and an
mAP50 of 0.8979 for sub-pixel vessel detection. The practical application of this framework
across the Fujian coastal region translated raw detection outputs into high-resolution
spatiotemporal traffic heatmaps, capturing complex seasonal characteristics driven by
regional commercial logistics and fishing moratoriums. Despite inherent limitations such
as weather dependency and restricted classification granularity, this approach provides a
highly reliable, cost-effective, and scalable solution to bridge the observational blind spots
of traditional AIS data, offering vital quantitative intelligence for advancing marine spatial
planning, maritime regulation, and sustainable coastal ecosystem management.
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Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/rs18142378/s1, Figure S1: Grid search response surface
for parameter optimization, where the red star denotes the optimum; Figure S2: Paired effect-size
analysis of Sobel-based vessel edge-sharpness enhancement; Text S1: Quantitative validation of
Sobel-based vessel edge-sharpness enhancement.
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