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Abstract—Synthetic Aperture Radar (SAR) is an efficient tool
for monitoring ships. However, the detection accuracy of small
fishing vessels is insufficient due to radar characteristics and
image quality. Therefore, this study proposes a polarimetric
fusion method focused on enhancing the detection performance
of small fishing vessels using Sentinel-1 Single Look Complex
(SLC) images. A combination of VH and VV polarization
channels (fusVH) was applied to minimize radio frequency
interference and azimuth smearing in SAR for detecting
merchant ships, and the reflection symmetry (sym) was
generated exploiting the fusVH image. Afterward, when the
difference between sym and fusVH was less than 7.2 (dB) and
sym was greater than -18.03 (dB), the maximum values of sym
and fusVH were used to enhance the pixels of potential small
ships. Using both sym and fusVH, small fishing vessels can be
separated from merchant ships, which can be easily detected
using fusVH images. The results were validated using 14 scenes
from 2021 to 2023, and the average matching results were
calculated to be 0.84 for the probability of detection rate and
0.29 for the false alarm rate.

Index Terms—polarimetric fusion, small fishing vessel, Sentinel-
1, ship detection, reflection symmetry.

|. INTRODUCTION

ARITIME Domain Awareness (MDA is essential to
ensure maritime security due to the threat of illegally
operating ships, illegal fishing activity, and maritime
accidents [1]. To enhance MDA, several data can be utilized,
and among them, Synthetic Aperture Radar (SAR) systems
have been widely employed, which provide weather-
independent ocean surface data with extensive coverage of
marine regions. Radar pulses emitted by SAR satellites
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predominantly interact with the sea surface through single-
bounce surface scattering, whereas objects like ships generally
produce double- and multiple-bounce scattering due to their
complex superstructure and reflective surfaces [1]-[2].
Consequently, the backscattering intensity of ships is expected
to be significantly stronger than the surrounding environment,
facilitating the detection of ships using various approaches.
However, several factors, such as characteristics of ships,
environmental conditions, radar characteristics, image quality,
and spatial resolution, influence the effectiveness of SAR-based
ship detection. Furthermore, the relative effectiveness of
RADARSAT-1 beam modes and ERS-1/2 imagery of ship
detection is analyzed, and the outcome depicted that the
detection performance is enhanced with decreasing wind speed,
increasing incidence angles, and image resolution [3]. However,
small ships with dimensions below the spatial resolution of the
satellite image remained challenging to detect.

In recent decades, many ship detection approaches have
been proposed. Among these approaches, the Constant False
Alarm Rate (CFAR) technique has become widely employed
to detect ships since ships typically exhibit relatively strong
backscattering compared to background sea clutter. In
particular, cell averaging CFAR (CA-CFAR) is a simple
technique exploiting an assumption that the distribution of the
clutter is Gaussian and uses boxcar filtering for detection [4].
Advances to this have been developed, especially with the
advent of multi-satellite platforms offering diverse resolutions
[5]. Image enhancement methods with feature extraction and
combined CFAR were proposed to achieve high ship detection
performance [6]. A new CFAR-based detector operating in
complex maritime environments is proposed, which utilizes
Clutter Intensity Statistics (CIS) for adaptive threshold
estimation [7]. Despite these approaches, detecting small ships
remains a significant challenge because of their lower
backscattering values [8].

In addition to traditional methods, advancements in
machine learning, particularly Convolutional Neural Networks
(CNNs), have brought new possibilities to ship detection [9].
Researchers have successfully adapted advanced CNN-based
models, such as Region-Based CNN (R-CNN), Single Shot
MultiBox Detector (SSDD), and You Only Look Once
(YOLO), to satellite imagery for experimental ship detection
[10]-[12]. Large-scale datasets, such as ship chip images
collected from long-term satellite observations, have been
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compiled to support these models. These datasets and open-
source tools like xView3-SAR Deep Learning (DL) models
have significantly facilitated training and inference processes
for ship detection [13]-[15]. Established datasets have been
utilized to refine the networks of DL models such as SAR-
ShipNet and YOLOX, leading to improved performance in
SAR-based ship detection [16]-[17]. Recent DL based real-
time ship detection technologies have demonstrated gradual
improvements in both detection accuracy and processing
speed [18]. In addition, model development has been
undertaken to specifically tailor the approach for small and
medium-sized ships [19]. However, recent DL models
encounter limitations in detecting small ships due to their
minimal representation in SAR images, often covering only a
few pixels. This insufficient pixel coverage leads to a lack of
distinctive image features, significantly reducing the model's
effectiveness.

On the other hand, SAR-based ship detection confronts
challenges from Radio Frequency Interference (RFI) and
azimuth ambiguities/smearing. Ambiguities occur due to high
backscattering from man-made structures. At the same time,
RFI is caused by human activities, such as mobile
communication systems and other satellites, which might
result in false detections [20]-[21]. Azimuth smearing arises
from movements of the focused target, which introduces
mismatches between the expected and observed doppler of the
target, consequently smearing the energy of the target over a
larger area and reducing the peak energy, which negatively
affects detection accuracy [22]-[24]. Therefore, a method for
suppressing RFI and azimuth smearing by combining co- and
cross-polarized images from dual-polarized Sentinel-1 GRD
data is proposed [25]. However, its performance in detecting
small ships remains limited, as the study primarily focused on
Automatic Identification System (AlS)-equipped vessels.

Different targets typically interact with differently polarized
plane waves in distinct ways, providing characteristic
information in terms of amplitude and phase from Polarimetric
SAR (PolSAR), and based on this, several detectors have been
developed for detecting ships. The polarimetric reflection
symmetry detector is based on the principle that the natural
environment is expected to have reflection symmetry. In
contrast, complex scatterers like ships do not have reflection
symmetry [26]-[27]. The detector is applied to the cross-
correlation between the co- and cross-polarization channels.
The geometrical perturbation Polarimetric Notch Filter (PNF)
approach focuses on ships' second-order polarimetric feature
vector, which lies in the complement orthogonal space relative
to the sea [28]-[30]. The Polarimetric Match Filter (PMF)
enhances the contrast between the covariance matrices of sea
clutter and ships by considering different scattering
mechanisms. Similarly, the Polarimetric Whitening Filter
(PWF) and Optimal Polarimetric Detector (OPD) were
developed to minimize speckles, and they can be adapted to
work in the sea environment [31]-[32]. Sub-look detectors
emphasize evaluating the correlation between portions of the
image spectrum from single-look SAR data. This is because

the spectrum of ships is correlated while the ocean is expected
to be uncorrelated [21], [33]. The polarimetric entropy
detector considers the randomness of the scattering
mechanisms forming the target and assumes the sea is rather
polarized, always being a surface. The Entropy is particularly
effective at low incident angles [34]-[35]. The Dual-pol Ratio
Anomaly Detector (DpolRAD) supports incoherent dual-
polarization SAR data, such as Sentinel-1. It is designed for
detecting icebergs by monitoring anomalies in volume
scattering when surrounded by surface scattering [36]. A
context aggregation network is proposed for polarimetric SAR
ship  detection, leveraging  ship-specific  scattering
characteristics to enhance sea clutter separation [37].

Most existing polarimetric SAR research has primarily
focused on data from satellite platforms that provide quad-
polarization. In contrast, Sentinel-1, which operates with dual-
polarization, has yet to be thoroughly developed for
polarimetric SAR applications. Additionally, most prior
studies have concentrated on merchant vessels equipped with
AIS, with relatively few qualitative studies addressing small-
ship detection. To address this gap, recent research has
explored small ship detection using Sentinel-1 data,
specifically targeting recreational boats, by applying
mathematical morphology operators and thresholding
approaches [38]. Furthermore, studies have investigated non-
metallic inflatable rubber vessels for experimental purposes,
utilizing dual-polarimetric Sentinel-1 data [39]. However,
these studies are constrained by their emphasis on experiments
conducted in inland waters, confining their applicability to
open sea environments.

Therefore, this study proposed a polarimetric combination
method utilizing Sentinel-1 Single Look Complex (SLC) data
to improve the detection of small fishing vessels. The
detection target was specified to be small fishing vessels less
than 30 meters in length with a Small Fishing Vessel Tracking
System (V-Pass) equipped.

Our contributions include the following:

1) The input data for the method consists of VH and VV
polarization channels, along with the reflection
symmetry detector (sym), derived from the cross-
correlation between the co- and cross-polarization
channels. A new image customized for small fishing
vessels was created through a combination of two
polarization channels and sym based on adaptive
threshold values, and these values were determined by
analyzing many small fishing vessel datasets.

2) The performance was verified by comparing previous
ship detectors using long-term satellite images.

The remaining sections of this article are organized as
follows. Section Il describes the research area and the dataset
used in this study. Section Il details the proposed method and
presents its effectiveness through the small fishing vessel
detection case study. Section 1V-A performs test application
results on representative images and summarizes the results by
applying our method and comparing it with other ship
detectors over long-term datasets in section IV-B. In section
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Fig. 1. Study area. (Left) Boundary of Sentinel-1 A and B images (black rectangle). (Right) 6 ROls and ship trajectories from AIS (Automatic
Identification System) and V—Pass (small fishing vessel tracking system). The trajectories represent routes before and after 30 min of the

Sentinel—1 image’s sensing start time (2021.06.28 21:24:06 UTC).

TABLE |
LIST OF SENTINEL-1 IMAGES USED IN THIS STUDY WITH THE TOTAL
NUMBER OF SHIPS OBSERVED BY V-PASS AT EACH DATA ACQUISITION IN

6 ROIs
Scene no. Satellite Sensing start time V-Pass ships
1 S1B 2021.02.28 21:24.01 12
2 S1B 2021.03.24 21:24.01 10
3 S1B 2021.05.23 21:24:04 28
4 S1B 2021.06.28 21:24:06 19
5 S1B 2021.08.03 21:24:08 10
6 S1B 2021.10.02 21:24:02 15
7 S1B 2021.10.14 21:24:11 16
8 S1B 2021.12.13 21:24:09 15
9 S1A 2022.01.12 09:23:20 14
10 S1A 2022.03.13 09:23:19 13
11 S1A 2022.12.26 09:23:27 13
12 S1A 2023.05.31 09:23:28 24
13 S1A 2023.06.12 09:23:28 24
14 S1A 2023.06.24 09:23:29 19
15 S1A 2024.08.17 09:23:34 1

IV-C, the demonstration was performed. Section V includes a
discussion of the results and future works, and section VI
presents the conclusion of this work.

Il. MATERIALS

AIS and V-Pass are being operated by the Korea Institute of
Ocean Science and Technology (KIOST) in real time for
research purposes [40]-[41]. In addition, Sentinel-1 SAR data
are publicly available on the Copernicus website at the study
location near Busan port (https://scihub.copernicus.eu/,
accessed on 3 March 2023) [42]. VV-Pass was developed by the

Korea Coast Guard (KCG) to monitor fishing vessels, and it is
a reliable source of ground truth for small fishing vessels [43].
In this study, 6 regions of interest (ROI) near Busan Port were
considered to observe small fishing vessels (Fig. 1) and
compare the detection performance of different algorithms in
both Sentinel-1 A and B images.

All Sentinel-1 images of Busan from 28 February 2021 to
17 August 2024 were included in the dataset for ship
detection. During the period, only images in which fishing
vessels were sufficiently observed were selected, the total
number of Sentinel-1 images was confirmed to be 15, as
depicted in Table I. Additionally, the fishing wvessel
information reported by V—Pass at each acquisition time was
used as a ground truth dataset. However, some small fishing
vessels are difficult to identify in SAR images due to their
characteristic [44]. Thus, we used only the ships that could be
visually identified in the image for validation.

I1l. METHODOLOGY

The proposed method considers Sentinel-1 SLC as input
data and comprises of two steps: polarimetric combination and
ship detection (Fig. 2). The amplitude of a SAR image is a
complex number, and from this we can extract (|S,|?) and
(ISyv1?), which represent the intensity of each polarization
channel. (S, Sy ) represents the cross-correlation of the two
polarization channels. The latter is also referred to as
symmetry detector (sym). To suppress smearing/ambiguities, a
combination method is considered that fuses VH and VV in a
final image (fusVH). The pixels of fus\VH are synthesized as
below [25].

a) VH intensity in dB is used or

b) The value 6.53 (dB) subtracted to VVgs is used if the
difference between VVyg and VHgg is less than 6.53 (dB):
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Fig. 2. Overall workflow for small fishing vessels detection using polarimetric combination methods. fusVH is a combined image of VV and

VH channels for merchant ship detection.

VV45-6.53 (dB), if (VVa5-VHyp) < 6.53 (dB). @)

In the second stage, candidate small fishing vessels are
selected using a fusion of two images consisting of sym and
fusVH. We call this image fusSym, which is equal to:

a) fusVH is used or

b) Max value of sym and fusVH is used if the difference
between sym and fusVH is less than 7.2 (dB) and sym is
higher than -18.03 (dB):

Max (sym, fusVH), if sym—fusVH < 7.2 (dB)
and sym >-18.03 (dB). 2

The thresholds were determined manually by looking at
histograms obtained using our long time series of dataset. For
ship detection, we classify the merchant ship and small fishing
vessel, and Adaptive Threshold Model (ATM) are applied for
each image (fusVH, fusSym) based on the target type. Final
small fishing vessels are confirmed by separating merchant
ships from candidate small fishing vessels. In other words, if
the candidate small fishing vessels A is already included in the
list of what classified as merchant ships, that candidate A is
excluded to the list of fishing vessels and kept as a merchant
vessel.

A. Pre-processing

A preprocessing step to obtain input data VV and VH
polarization channels was performed with the Sentinel
Application Platform (SNAP) software (version 9.0). First,
Sentinel-1 SLC images were downloaded from the
Copernicus website, and TOPSAR split, radiometric
calibration, TOpSAR deburst, scattering matrix, multilook, and
ellipsoid correction functions were performed in order. Then,
a covariance matrix is formed, and the diagonal element |C12]
is used for the reflection symmetry detector sym. To utilize the

18:15:47

22:36:17 /

22:35:02

Length: 75m

SAR time (21:24:06)
- COG: 145°
- SOG: 0.44 kts

(@) (b)

22:11:01

Fig. 3. Ship trajectories used in the case studies. Purple and green
circles present the trajectories of (a) a tanker ship from AIS and (b) a
small fishing vessel based on V-Pass, respectively. Red triangle
indicates the position interpolated to SAR acquisition time
(2021.06.28 21:24:06 UTC).

high resolution in the range ground direction provided by
SLC, the multilook option was set to 1 x 1 (AZ x RG) (which
means no multilook is performed), and the interpolation size
in the ellipsoid correction was set to 6 m x 6 m, so that the
final pixel spacing size is set to 6 m in width and height.

B. Polarimetric Fusion

To demonstrate the procedure used to produce the fusvVH
(i.e. to suppress smearing/ambiguities), we use two case
studies of ships as shown in Fig. 3. An example for a merchant
ship was located between ROI1 and ROI2. The ship type
(tanker), size (75 m), and length (12 m) information were
obtained from AIS (Fig. 3(a)). The ship sailed in a northeast
direction (035 deg), and its speed was calculated to be 11.96
kts at the interpolated position during the SAR acquisition
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Fig. 4. Visualization of merchant ship detection from the multiple polarization channels. Images from (a-1) to (a-4) display the VH, VV
channels, fusVH, and PFA (Probability of False Alarm ratio) image. The image is generated by dividing the value of the background cell
from the target cell to display the ATM effect. Histogram (b-1) represents the RCSs of the target and azimuth smearing for the VH. (b-2) shows
the RCS at the location where azimuth smearing occurs in VV, and (b-3) represents fusVH. (b-4) indicates the threshold value (Tf,;,) from the
distribution of PFA image to detect the merchant ships. The frequency represents the pixel count for each co value in the image.

(21:24:06). The trajectory of the small fishing vessel was
obtained in ROI2 from V-Pass with samples from 18:15 to
22:36 minutes (Fig. 3(b)). The ship trajectory draws a zig-zag
pattern as typical from fishing activity, and interpolated SOG
was calculated at less than 1 kts using V-pass data.lt is well
known that cross-polarization (VH) significantly reduces false
detections due to the lower backscattering from waves [45]-
[46]. The power at the co-polarization (VV) is considerably
greater than the cross-polarization, however it is more affected
by azimuth smearing/ambiguities or RFI [20], [22], [23].
Therefore, Bae and Yang [25] proposed a new algorithm to
suppress azimuth smearing/ambiguities and RFI by combining
the two channels in a fusVH. Fig. 4 shows an example of
suppressing smearing/ambiguities using VV, VH, and fusVH.
Fig. 4(b-4) also shows the ATM result applied to these
images. RCS observed in the area of the tanker ship was -1.19
(dB) in VH (therefore categorized as merchant ship) and
shows a high backscattering return in both VV and VH. In Fig.
4(a-1), smearing artifacts were found in the upper (northern)
part of the ship in the VH polarization channel. The maximum
4(c-1) shows that the azimuth smearing is successfully
removed and converted to a lower RCS of -26.74 (dB) (Fig.
4(a-3), 4(b-3)). For ship detection, a CFAR-based ATM was
applied to the generated fusVH image. The parameters of

ATM were set to 3 x 3 pixels for the target cell size, 21 x 21,
and 31 x 31 for the guard and background cell size. The
Probability of False Alarm ratio (PFA) was applied to the
threshold value (Tf,,,) for merchant ship (Fig. 4(b-4)).

The fusVH is effective in removing artifacts such as
azimuth smearing/ambiguities. However, it may also suppress
the RCS of small fishing vessels. To compensate for these
limitations, we used sym. Reflection symmetry is a well-
known property of natural targets and is also employed for
radar calibration [47]. It states that on some natural targets that
do not present orientations other than horizontal or vertical,
the co- and cross-polarized channels are uncorrelated [48],
[49]. In other words, a sea surface without artificial metallic
targets is a composition of randomly distributed scatterers that
returns a sym close to 0. On the contrary, sym increases when
the target presents orientations [50].

Fig. 5 shows an example of sym to enhance contrast for
small fishing vessels. In VH, the maximum RCS in the area of
the small fishing vessel was measured as -16.95 (dB)
(categorized as a small fishing vessel), which is a considerably
low value (Fig. 5(a-1), 5(b-1)). At the same pixel location, VV
was measured as -11.92 (dB), which is not a relatively high
value compared to the surrounding pixels (Fig. 5(a-2), 5(b-2)).
As a result of weak signal for both polarization channels, the
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Fig. 5. lllustration of generating fusSym image for small fishing vessel detection. Images from (a-1) to (a-5) display the VH, VV channels,
fusVH, sym, and fusSym. Histogram (b-1) shows the RCS of a target for VH, and (b-2) represents the RCS of the surrounding target at the
same location in VV. (b-3) indicates the first threshold value (T,,,) and RCS suppressed effect from the fusVH. (b-4) represents the second
threshold value (T,s,,) from sym distribution for small fishing vessels, and the value in sym over T,,, is used for enhancing RCS in the
fusSym (b-5). The frequency represents the pixel count for each oo value in the image.

fusVH (which combines VH and VV) in Fig. 5(a-3), 5(b-3)
suppressed the target RCS to -18.45 (dB). In contrast, sym has
a value that is higher than the two polarization channels with a
maximum RCS of -13.27 (dB) at a small fishing vessel (Fig.
5(a-4), 5(b-4)). In this sample, sym for the small fishing vessel
(> -18.03 (dB)) has a higher value than fusVH (-18.45 (dB)).
Therefore, the pixels that satisfy the second condition (T,g,)
in sym are replaced with the one of fusVH (Fig. 5(a-5), 5(b-
5)). Additionally, the first condition is also satisfied as shown
in Fig. 5(b-3) histogram with higher than T,,. This generated
new image is here defined as the fusSym.

In the following, four small fishing vessels were used to
check and demonstrate the effectiveness of the proposed
method, and a step-by-step process is shown in Fig. 6. These
ships were observed in ROI2 from V-Pass, and the RCS for
the small fishing vessels ranges between -11.58 and -16.95
(dB) in VH channel. High clutter backscattering in the VH
polarization channel can be observed in Fig. 6(a), (b), and (c).
Conversely, false targets produced by sea clutter were
observed at several locations near the targets in VV. In (d), it

is difficult to identify the target in both VH and VV images.
Interestingly, the amount of backscattering from the vessel
shown by fusVH is reduced, while the small fishing vessel in
fusSym presents relatively high backscattering.

The following Peak to Background Contrast ratio (PBC) is
computed to examine the detection ability. The PBC was
calculated using the target peak of each ship's area defined as
Peakrarger and the mean value of the surrounding
background clutter defined as Meanguckgrouna [51]. The
target area was 11x11 pixels centered on the ship coordinates,
and the background area was set to 26x26 pixels, excluding
the target area.

Peakrqrget— Meanpgackground

PBCpy; = 3)

Peakrqrgett MeanBackground'

A total of 5 ships are shown in Table Il, where the results of
PBC for each polarization of targetl is in Fig. 5, and target
2~5isin Fig. 6. Regarding VV and VH, the values of PBC are
similar for both channels. Using fusVH does not necessarily
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Fig. 6. Application results to four small fishing vessels. VH and VV
channels, fusVH, sym, and fusSym images are from left to right, and
the black rectangle represents the enhanced area.

TaBLE I
PERFORMANCE EVALUATION USING PBC FOR 5 TARGETS. NoO. 118
THE TARGET USED FOR A CASE STUDY, AND NO. 2 TO5 IN FIG. 6 ARE
TARGETS FOR APPLICATION ADDITIONALLY

no. Maxy, Maxy; PBCy PBCy PBCuyy PBCyy PBCusym
1 -6.787 -16.951 0.888 0.811 0.858 0.884 0.942
2 -6.292 -13.066 0.874 0.893 0.749 0.861 0.927
3 -9.712 -13.749 0.665 0869 0.779 0.851 0.923
4 -935 -11.577 0.759 0913 0.851 0.855 0.927
5 -8266 -16.335 0.846 0802 0.872 0.884 0.948

improve PBC, while using fusSym shows an improvement in
all targets. The PBCs increased from 1% to 7% compared to
VH, VV, and sym. The best performance showed a PBC of
0.94 for the five small fishing vessels.

C. Ship Detection

Ship detection is performed in two steps: categorizing RCS
and applying thresholds. Different thresholds were applied for
each step since the detection targets are classified into
merchant and small fishing vessels. To determine the
threshold for the first step, the RCS (VH polarization channel)
of 843 merchant ships from 18 Sentinel-1 images in 2021 was
investigated, as shown in Fig. 7(a). As a result, the minimum
RCS was found to be -9.49 (dB), which was used as the
threshold to classify and separate merchant ships from small
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Fig. 7. RCS and ship length distribution from AIS. The datasets are
collected from 5 January to 13 December 2021. (a) displays the RCS
distribution of 843 ships in the VH polarization channel and
minimum RCS (blue line). (b) represents ship length distribution and
minimum length (blue line).

fishing vessels. The second step used adaptive CFAR for
merchant ships and small fishing vessels. The parameters of
PFA were set to 26 for the fusVH (merchant ship) image and
11 for the fusSym (small fishing vessel) image. Fig. 7(b)
illustrates the ship length distribution of 843 AIS ships. The
ship length ranges from 30 meters to 400 meters, and this
study specifically targeted the detection of small fishing
vessels under 30 meters, which are not classified as merchant
ships.

The V-Pass was used as ground truth to confirm the
presence of small ships. Prior to matching, Dead Reckoning
(DR) position interpolation was performed to increase the
position accuracy from V-Pass data [52]-[53]. Additionally,
the ship position was corrected one more time by calculating
the azimuth shifting distance caused by the doppler effect in
SAR [54]. A successful matching was called when the
distance between the detected location and the ground truth
was less than 100 meters.

D. Threshold Determination using Ship Dataset

To determine the parameters for equation (1), a total of 20
Sentinel-1A and Sentinel-1B images were analyzed. They
were acquired between 28 December 2017 and 17 December
2018 nearby Busan Port. The VH channel was primarily used
do benchmark and find parameters. First, the condition if
(VVas — VHds) < 6.53 (dB) was used to determine the presence
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Fig. 8. RCS distribution of 358 fishing vessels in the sym and fusVH
image. The datasets are obtained by V-Pass from 5 January to 13
December 2021.

of RFI and azimuth smearing. The parameter 6.53 (dB) was
selected looking at the histogram and it represents the
maximum difference between VV and VH values that can be
observed under RFI and azimuth smearing conditions. When
the condition is satisfied, VH channel value is replaced by
VVgs — 6.53 (dB) [25].

To select the parameters for equation (2), we performed a
statistical investigation of fishing vessels in a dataset of
Sentinel-1 images from 5 January to 13 December 2021 (Fig.
8). The fusVH image was used as the benchmark image. In
this stage, using V-Pass to validate our selections, a pixel was
considered a candidate small fishing vessel only if it
simultaneously satisfied the two conditions: sym — fusVH < 7.2
(dB) and sym > —18.03 (dB). Both parameters (7.2 (dB) and
—18.03 (dB)) were determined through the statistical analysis
of a dataset containing 358 small fishing vessels. These
parameters were designed to detect the majority of small
fishing vessels operating in the study area, with 7.2 (dB)
representing the maximum and —18.03 (dB) the minimum
observed values for validate fishing vessels in this dataset. If
both conditions were satisfied, the corresponding fusVH pixel
value was replaced with Max (sym, fusVH).

IV. RESULTS

In this section, we presented the results applying the
proposed method to 15 Sentinel-1 images acquired from 28
February 2021 to 24 August 2024. POD (Probability of
Detection) is the ratio of the number of correctly detected
ships over the total number of ships present, and it represents
the detection accuracy. FAR (False Alarm Rate) is the ratio of
unmatched ships to the total number of ship detections [55]-
[56]. The closer POD is to 1, the closer FAR is to 0, the better
performance.

A. Test Result

The merchant ship detection results obtained from ROI1
and ROI5 are displayed in Fig. 9. In ROI1 (Fig. 9(a)), four

D Matched

O Merchant ships
A V-Pass
A AIS

Tanker

Ro/Ro
Carrier
(143 /23)

]

(a) ROII (b) ROI5

Fig. 9. Detection results for merchant ships in (a) ROI1 and (b) ROI5
(scene no.4). The Red circle indicates the detected position, a green
triangle for V-Pass, the purple triangle for AIS represents the ground
truth, and the orange rectangle displays the matching results.

small fishing vessels and one merchant ship were observed.
The ship was a tanker with a length of 37 m and a width of 8
m. In ROI2 (Fig. 9(b)), two small fishing vessels and one
merchant ship were found with a Ro-Ro/Container carrier of
length 143 m and width 23 m. Fig. 9 shows that the method
using fusVH image successfully detected only the merchant
ships.

Fig. 10 displays the small fishing vessel detection results
and matches with ground truth. POD was 1 in all ROls,
detecting all 19 small fishing vessels. FAR was calculated as 0
(0/4), 0 (0/5), 0 (0/3), O (0/2), 0.5 (1/2), and O (0/4)
respectively from ROI1 to ROI6. The overall performance of
scene no.4 was calculated as an average of 1 for POD and 0.08
for FAR from 6 ROIs. The false detection in ROI5 did not
have a matching V-Pass signal; however, after a visual
inspection of the image, we observed a strong anomaly in the
backscattering. Therefore, we cannot exclude that this was a
dark ship with its GPS turned off.

PoISAR has been demonstrated to be very useful in
identifying targets at sea. In this work, as a comparison, we
tested PMF, PWF, IDPolRAD, PNF, and co- and cross-
polarization sub-look detectors (Sub-copol, Sub-crpol). In
POD, most detectors show relatively lower performance for
small fishing vessels. The fusSym presents the best detection
performance with all ship detectors. PNF detector showed the
second highest performance (0.64) but still missing some
small fishing vessel targets (Fig. 11). Additionally, fusSym
achieved the lowest FAR with 0.08, which showed balanced
detection performance in both POD and FAR. PNF, again, is
the second best, with 0.21.

B. Time Series Analysis

In this section, performance evaluation for POD and FAR was
conducted using a long time series of 14 images. From the
results of each image, the proposed detector achieved the highest
POD and the lowest FAR across all scenes without any
omissions (Table I1l, Table 1V). The second-best performance
in individual images varied depending on the characteristics of
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Fig. 10. Detection results for small fishing vessels from (a) ROI1 to (e) ROI6 (scene no.4). The Red circle indicates the detected position, a
green triangle for V-Pass, the purple triangle for AIS represents the ground truth, and the orange rectangle displays the matching results.
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Fig. 11. Comparison graph of ship detectors in scene no.4: POD
(Probability of Detection) and FAR (False Alarm Rate).

the scene. Furthermore, for the entire dataset, the detector
achieved an average POD of 0.84 and FAR of 0.29.
Consequently, the proposed detector showed both a high

detection performance and low false compared to other detectors.

C. Final Demonstration using a 10 m Small Fishing Vessel

As a final demonstration, we want to show an example of a
small vessel using a Sentinel-1 SAR image acquired at 18:23:14
KST on 17th August 2024 (scene no.15). A small fishing boat

was identified as operating in the waters near Jungri port in
Yeongdo, and with ship name Ssangdiho (id:36115100), length
was measured to be about 10 m, and width was 2.6 m (Fig. 12(b-
2,3)). In addition, an on-site observation was performed using a
drone to obtain images of the boat drifting at the satellite
acquisition time, as shown in Fig. 12(b-1). Fig. 12(a) shows the
detection results in the SAR image and the trajectory of the
target fishing vessel between 05:31 and 19:31 (KST).
Interestingly, the proposed method can identify the 10 m small
fishing vessel.

V. DISCUSSION

In this study, we proposed a method to use dual-pol coherent
acquisitions to synthesize a new image suitable for detecting
small fishing vessels. Detection performance showed superior
results compared to other ship detectors, particularly achieving a
high detection rate and low false alarm rate. Furthermore, fusVH
and sym as intermediate images individually achieved average
POD of 0.25 and 0.68, with corresponding FAR of 0.38 and 0.57
across the entire dataset. In contrast, the proposed fusion strategy
(0.84, 0.29) clearly demonstrating a significant improvement in
detection performance. To visualize and compare the detectors’
performance, we illustrate curves using the POD on Y-axis
against the FAR. Since detection accuracy was based on ship
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TABLE Il
COMPARISON TABLE OF SHIP DETECTORS FROM 2021 70 2023 (14
SCENES): POD (PROBABILITY OF DETECTION)

Scene \ppgrap U0 pwe SUDT pvE PNE fussym
no. copol crpol
1 020 020 037 032 053 065 072
2 033 033 072 047 069 078 1.00
3 019 023 035 044 064 059 083
4 013 026 031 043 062 064 1.00
5 004 004 036 025 031 028 057
6 03l 025 044 022 038 029 078
7 042 042 067 061 044 067 081
8 017 025 039 038 058 051 075
9 008 012 000 028 038 063 083
10 014 036 019 039 03L 058 094
11 013 022 026 025 032 035 069
12 035 042 032 032 064 042 083
13 032 058 032 036 060 087 0093
14 016 039 014 031 043 047 100
A;’gage 021 029 035 036 049 055 0.84
TABLE IV

COMPARISON TABLE OF SHIP DETECTORS FROM 2021 T0 2023 (14
SCENES): FAR (FALSE ALARM RATE).

Scene Sub- Sub-

ro. DPORAD T PWE 0 PMF PNF fussym
1 079 079 068 060 091 065 039
2 08 08 054 056 094 054 017
3 069 06l 025 025 08 017 008
4 091 053 039 03l 090 021 008
5 098 097 066 078 071 061 040
6 063 063 052 067 057 060 031
7 065 065 032 049 085 046 0.17
8 100 096 065 055 099 075 0.30
9 098 093 100 080 098 080 058
10 098 087 074 08l 099 085 044
11 097 08 071 074 096 070 045
12 099 095 067 052 099 08 033
13 075 054 038 058 080 044 009
14 092 070 067 065 097 062 029
A;’X;ge 087 078 058 059 08 059 0.29

position matching, the range of FAR values was not consistent
across different detectors. Therefore, FAR were normalized to
the range of 0 to 1. Additionally, the Area Under the Curve
(AUC) was extracted from the histogram of POD and FAR using
different thresholds ranging from 0 to 1 and used to compare
detectors quantitatively [39], [55]. The AUC score is evaluated

P 1 T
O Detection
O Trajectory |

A Swall barge
A Small fishing vessel

10m size
small fishing vessel

(a)

(b2)

Fig. 12. Field demonstration for 10 m size small fishing vessel
detection. (a) Detection results from scene no.15 and vessel trajectory
from V-Pass. The red circle indicates the detected position, the green
symbol with lines that show the target trajectory, and the orange
rectangle displays the matching results. (b-1) Field images from the
drone and (b-2,3) enlarged images of the target at sea and port,
respectively.
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Probability of Detection
0.4

0.2

0
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Fig. 13. Plot of Probability of Detection (POD) and False Alarm
Ratio (FAR) using different thresholds. FAR is shown in linear scale.

as 0.26 (IDPolRAD), 0.31 (Sub-copol), 0.39 (PWF), 0.29 (Sub-
crpol), 0.60 (PMF), 0.60 (PNF), and 0.80 (fusSym), respectively
as shown in Fig. 13.

The recent introduction of DL approaches has significantly
advanced both the accuracy and processing speed of ship
detection algorithms [18]. Nevertheless, notable limitations
remain in the detection of small fishing vessels. First, the targets
occupy only a few pixels, leading to a high risk of feature loss
[57]. Second, scattered speckle noise from sea surface results in
a reduced SNR and consequently an increased rate of false
detections [15]. Third, most datasets used in previous study are
predominantly composed of large vessels, and therefore models
for small ships are expected to perform worse [16]-[17]. Two
recent studies were compared with the proposed method. These
methods were applied to the 6 ROIs of scene no. 4. The detection
results showed that LEAD-YOLO (A lightweight, efficient,
adaptive design of YOLOVS for enhanced SAR ship detection)
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detected only 2 vessels in VH and no detection in VV among the
19 small fishing wvessels [58]. DS-YOLO (Despeckling
representation for data-efficient SAR ship detection) detected 3
vessels in VH and 1 vessel in VV [59]. Both models detected
two merchant ships in all channels. The evaluation results
indicate that detection was confined to large vessels, and the
models did not succeed in addressing the challenges of small
fishing vessel detection.

A demonstration using a long time series of Sentinel-1 images
was successfully conducted to verify the performance of the
detection. Finally, we also conducted a real-world experiment
with a 10 m length small fishing vessel, demonstrating the
capability of the proposed method to detect such small vessels.

As a limitation of this study, visual inspection could not
identify small fishing vessels with significantly low
backscattering, and therefore, some of these had to be removed
from the analysis. To address this, it is necessary to consider
using other sensors, such as field observation data. Furthermore,
this study was limited to ROIs far from some areas of the coast,
where frequent false detections occur due to ambiguities and
strong waves. In the future, we will try to develop methods to
consider those locations. Another limitation of using Sentinel-1
for small fishing vessels is that the resolution of Sentinel-1 SLC
can be up to approximately 22 meters, which limits performance.
To enhance the detection performance of small fishing vessels,
we want to perform research using high-resolution data ranging
from 0.5 meters to 2.5 meters provided by platforms such as
Capella and ICEYE.

VI. CONCLUSIONS

SAR is an efficient tool for ship detection. However, its
detection performance varies depending on ship characteristics,
and the detection of small ships has considerable potential for
false detection caused by speckle noise or image artifacts.

Thus, we suggested a polarimetric combination-based small
fishing vessel detection approach in this study and assessed the
results after applying the method to 14 scenes. The study's
conclusions are: Two distinct strategies for small fishing vessel
detection were implemented by suppressing smearing/
ambiguities and enhancing small fishing vessel RCS from
different polarimetric combination methods. For this purpose, a
new image fusSym was synthesized using sym with fusVH. The
PBC as a performance evaluation of the generated image was
increased considerably. The ship detection results were validated
using ship data from a small fishing vessel dataset. By utilizing
14 scenes, it was found that the average POD and FAR score for
small fishing vessel detection was accomplished at 0.84 and 0.29,
respectively. Furthermore, the proposed method showed the
highest performance compared with the other 6 detectors on
entire scenes. Future research will focus on reducing false
detections through evaluations under variable sea state
conditions and the development of specialized techniques for
coastal regions with severe ambiguities.
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