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Abstract: Satellite synthetic aperture radar (SAR) images are recognized as one of the most efficient
tools for day/night, all weather and large area monitoring of ships at sea. However, false alarms
discrimination is still one key problem on SAR ship detection. While many discrimination techniques
have been proposed for the treatment of false alarms, not enough emphasis has been targeted to
explore how obtained false alarms are related to the changing ocean environmental conditions. To
this end, we combined a large set of Sentinel-1 SAR images with ocean surface wind and wave data
into one dataset. SAR images were separated into three distinct groups according to wave age (WA)
conditions present during image acquisition: young wind sea, old wind sea, and swell. A constant
false alarm rate (CFAR) ship detection algorithm was implemented based on the generalized gamma
distribution (GΓD). Kolmogorov–Smirnov distance was used to analyze the distribution goodness-of-
fit among distinct ocean environments. A backscattering analysis of different sizes of ship targets and
sea clutter was further performed using the OpenSARShip and automatic identification system (AIS)
datasets to assess its separability. We derived a discrimination threshold adjustment based on WA
conditions and showed its efficacy to drastically reduce false alarms. To our present knowledge, the
use of WA as part of the CFAR and for the adjustment of the threshold of detection is a novelty which
could be tested and evaluated for different SAR sensors.

Keywords: wave age; ship detection; environmental impact; false alarm discrimination; SAR; CFAR;
generalized gamma distribution (GΓD)

1. Introduction

Maritime surveillance is a topic of growing interest worldwide. Traditionally, this
activity is done with the support of automatic ship reporting systems such as automatic
identification system (AIS), long-range identification and tracking (LRIT) and vessel mon-
itoring system (VMS). The AIS is designed primarily for collision avoidance. One key
problem with AIS is that it cannot monitor non-cooperative ships; therefore, other sources
of ship monitoring data should be used [1].

Among other means of monitoring ships and targets at sea, the use of satellite synthetic
aperture radar (SAR) images has been considered the most adequate method and conse-
quently has been the most intensively used [2]. The orbital SAR data have the advantage of
low susceptibility to atmospheric effects (practically cloud transparent), with day and night
acquisitions, an advantage not possible to be matched using visible and thermal infrared
data. Visual inspection of SAR images for operational ship detection, although possible, is a
very tedious task and thus automatic target detection must be performed as an alternative
or complementary to human analysis. Among the existing target detection algorithms, the
CFAR method is widely studied and used due to its simplicity and false alarm regulation
properties [3].

A conspicuous difficulty associated with CFAR applied to SAR images is the observed
number of false alarms, i.e., image pixels or groups of pixels erroneously identified as
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targets. False alarms can be produced by coastal infrastructures, exposed intertidal reefs,
range/azimuth ambiguities, ocean/atmosphere features [4], and misrepresentation of the
ocean clutter by the used probability density function (PDF). Notably, for the latter, it is
well known they can be strongly affected by changing sea environments and polarimetric
SAR data analysis has been done to tackle the difficulties [5]. To deal with this complexity,
advanced techniques have been explored and fine-tailored CFAR detectors have been
proposed particularly for near-shore ship detection using a multi-scale CFAR [6], or to
theoretically model the interaction of microwave SAR pulses with a rough sea surface in
the presence of possible wave breaking events [7].

However, only a few investigations have been targeted to understand the impact
of the environment (mainly waves and winds) on the chosen clutter pdf and detection
processes, especially in its exploitation for threshold adaptive techniques [3]. As a result,
CFAR detection systems could be improved by incorporating observations of the varying
environmental sea state.

The present work is also an attempt in this direction, with the distinguishing feature
of using the wave age (WA) parameter as a descriptor of the ocean environment that
incorporates a single parameter surface wind and wave field information and allows the
setting of detection threshold adaptively according to the sea conditions.

The effect of varying oceanic environments on different SAR image PDF distributions
has been investigated in [8]. However, no external wave and wind data were used; the
sea conditions were analyzed from SAR image peak-to-background ratio and spectra via
azimuthal wavelength cutoff. Although their conclusion pointed out the absolute necessity
of incorporating parameters of sea state in the development of sea targets detectors, the
effect of changing sea conditions on target detection performance was not explored.

In comparison to previous works, where various approaches were used to address the
ocean target detection issues by means of complex algorithms and PDF modeling, our main
contribution regards directly considering the WA information to the threshold adjustments.
Thus, with environmental physical WA data, the present work aims to demonstrate how a
relatively simple and well-known CFAR algorithm can be improved effectively to reduce
the FA mainly arising by young wind sea, old wind sea, and swell.

In summary, we can say that our work hypothesis is: “The use of a quantitative and
single parameter in the CFAR analysis, which incorporates the wind and wave regime as given
by the wave age, not only brings a better awareness of environmental conditions present during
image acquisition but can effectively be used for discrimination and reduction of a great part of
false alarms”.

To contribute to a better understanding of CFAR sea target detection performance
under distinct sea conditions, we here propose:

(i) Detection process based on environmental situational awareness via a quantitative
physical wave age parameter;

(ii) Enhancement of CFAR performance by means of a discrimination scheme in which
the detection threshold can be adjusted based on ocean conditions present during
image acquisition and also based on WA values;

(iii) A detection experiment conducted on real SAR very large data to evaluate their
benefits, with false alarms and real ship targets validated with an AIS dataset and
with the help of a statistical analysis of a cross-section of ships provided by Open-
SARShip dataset. This experiment had the purpose of showing that the proposed
scheme can successfully suppress most of the false alarms, and its results can be easily
physically interpretable.
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2. Data and Methods
2.1. Input Data
2.1.1. SAR Images

The SAR image dataset used includes 446 Sentinel-1 (S-1) VV- pol images in ground
range detected (GRD) product format acquired in the interferometric wide (IW) swath
mode, available on the USGS EarthExplorer portal.

The present study is focused on the oceanic region of the western tropical Atlantic
and on the Brazilian Northeast coastal areas. Our dataset was acquired in 2019, mainly
motivated by the very large oil spill event that reached the Brazilian coast from August 30th
to December 2nd of that year, which still at the time of this writing has not had its origin
or causing agent clearly determined. The spatial coverage of the image dataset consists of
the adjacent oceanic region of Northeast Brazil (Figure 1). Scenes totally over the continent
were not considered, only those with partial coverage of the ocean areas or total coverage
of them.
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Figure 1. Geographic spatial distribution of 446 Sentinel-1 scenes. Red rectangles indicate image
footprints. Intense red colors indicate areas of higher image density. Sub-images totally over the
continent were not considered.

To examine the regional seasonal variability in wave and wind regimes and to cover
distinct oceanic environmental conditions, the image dataset includes a time span from
April to November 2019. All images were radiometrically corrected, land masked, georefer-
enced, and resampled to 30 m pixel spacing.

2.1.2. Auxiliary Information

ERA5 reanalysis product [9] was used to provide supplementary oceanic surface wind
and wave information for the regions and dates of used SAR images. ERA5 data were
space/time selected according to the acquisition time and space coverage of SAR images.
The 1 h temporal resolution of the reanalysis data allowed a time difference between images
and ERA5 data maximum of 0.5 h. Notwithstanding the very different spatial resolutions
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between these two datasets (a few tens of meters for the IW mode SAR data and about
28 km for the ERA5), for a regional scale analysis this comparison is still acceptable.

Additionally, ocean radar backscattering was compared to the normalized radar
cross-section (RCS) (σ0) of ships using the labeled OpenSARShip 2.0 dataset. This dataset
has been prepared to provide the scientific community with a database specific to ships
observed in Sentinel-1 SAR images allowing analysis of their geometry and scattering
cross-section. The samples (ship chips) are presented radiometrically calibrated and in
GeoTIFF format. Additionally, they are integrated with the AIS data allowing the extraction
of additional information such as the type of ship and length [10]. The OpenSARShip 2.0
includes information about the interference of more than one ship in the samples. This
allows us to collect only samples of just one ship. In total, we selected 6895 samples without
interference and for VV polarization [10].

A comparison of CFAR ship detection results against the AIS position of ships was
done using a high-temporal-frequency AIS dataset (<3 min), provided as a courtesy free
of charge by HisdeSAT/ExactEarth. In addition, the open source OpenSARShip dataset
was achieved to be a complementary ground truth by means of their checked ship’s RCS
pixel values.

2.2. Methodology
2.2.1. Setting up a SAR Image Dataset Containing Distinct Ocean Environments

To investigate the CFAR detection performance for a range of different ocean environ-
ments, first, the SAR images and ERA5 reanalysis wind and waves data were integrated
into one combined dataset. In summary, the steps for this dataset generation can be listed
as follows.

1. Images subdivision. Each S-1 image was subdivided into smaller sub-images of
667 × 667 pixels (equivalent to an area of 20 km × 20 km), resulting in a total of
26,657 sub-images analyzed. This subdivision size allows for a sub-image prop-
erly documented for segmentation and classification of distinct ocean geophysical
features [11];

2. Sub-images sorting according to the ocean environment. For this purpose, a wave age
(WA) criterion was used to indicate the sea state condition and to estimate the local
wave development stage. The used WA is based on the wave phase speed Cp and
the friction velocity u*, which is related to the wind stress and its ability to generate
ocean-short waves [12].

WA = Cp/u*, (1)

where Cp is the phase speed at wave spectrum peak period (P) estimated from deep
water gravity wave dispersion relation and u* is estimated from wind magnitude at
10 m height (U10) from eastward and northward wind components of ERA5 reanalysis
product. Each sub-image was tagged as: Young wind–sea (WA ≤ 10), old wind–sea
(10 < WA ≤ 35) or swell (WA > 35) [12].

3. Sub-images sorting according to incidence angle range. Incidence angle (θ) was
derived using S-1 product metadata. Sub-images were classified according to the
following θ range regions: Near-range (30◦ < θ ≤ 35◦), mid-range (35◦ < θ ≤ 40◦), and
far-range (40◦ < θ ≤ 45◦).

To evaluate the influence of distinct sea environmental conditions on the CFAR algo-
rithm performance, only sub-images representing pure ocean backscattering were selected.
The final selection of used sub-images was done by calculating the following image quality
parameters according to the following additional steps:

4. Equivalent number of looks (ENL). ENL is calculated from the sub-image backscatter-
ing mean and variance [13]:

ENL = Mean2/Variance (2)
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ENL indicates the degree of image homogeneity; lower values tend to represent the
presence of strong ocean clutter and speckle. Only ENL > 2 sub-images were selected for
subsequent analysis.

5. Signal-to-additive noise ratio (SNRA). SNRA measures the ratio between the desired
information (ocean backscattering) and noise equivalent sigma-zero (NESZ), which is
mainly dominated by the sensor thermal noise [14]:

SNRA = (Mean − NESZ)/NESZ (3)

NESZ can be determined from the image product metadata using sub-image incidence
angle. Herein, only sub-images for which SNR > 1 (or SNR > 0 dB) were selected.

2.2.2. Generalized Gamma Distribution CFAR Detection

Herein, use was made of the CFAR algorithm as specified in [15,16]. CFAR detec-
tion algorithm is based on statistical modeling of sea clutter, and a dynamical threshold
estimation in which targets brighter than their surroundings and above the threshold are
adaptatively detected using a properly sized template window over the image.

Normally, the first stage of CFAR consists in defining a template used for the esti-
mation of sea clutter statistical PDF parameters and for target detection. To this end, the
background, guard, and test window sizes were set to, respectively, 100 × 100, 20 × 20,
and 1 × 1 considering ship maximum sizes of about 300 m.

The second stage refers to sea clutter statistical modeling. Accurate modeling of the
sea clutter probability density function (PDF) is a very important part of CFAR detection.
Herein, [15] a generalized gamma distribution (GΓD) PDF was used:

f (x) =
|v|κκ

σΓ(κ)

( x
σ

)κv−1
exp
{
−κ
( x

σ

)v}
, |v|, κ, σ, x > 0 (4)

where v, κ, and σ are the power, shape, and scale parameters, respectively, and Γ(·) is the
gamma function. GΓD has shown good fitting capability and high flexibility to model high-
resolution SAR images [16]. Yet, its behavior in relation to different ocean environments of
distinct wave and wind regimes, as incorporated in the WA parameter, is still an unexplored
topic [8]. Herein, parameter estimation for the GΓD was performed analytically by the
approximate estimator given in [17], which is based on the method of log-cumulants (MoLC)
and has shown to be more computationally efficient compared to traditional estimators.
The third and final stage of CFAR is the estimation of detection threshold T from a chosen
probability of false alarm (PFA) as given by [16]:

T = σ

{
1
κ

QInv(1− PFA, κ)

} 1
v
, v > 0 (5)

where QInv(·) is the inverse incomplete gamma function. PFA must be specified according
to an acceptable quantity of false alarms. Hence, the radar cross-section (RCS) of the pixel
under test (PUT) was compared to T to decide if PUT corresponded or not to a target (if ≥
T: target; if < T: non-target).

In order to analyze the goodness-of-fit of the GΓD, the Kolmogorov–Smirnov (KS)
distance was estimated. KS distance was defined as the maximum distance between
theoretical model and data histogram observed on SAR image [18]. The lower the KS
distance, the better the distribution fit.

2.2.3. Performance Metrics and Threshold Adjustments

Theoretically, one can obtain the expected number of FA (NFA) by means of a
simple calculation:

expected NFA = PFA·NT (6)
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where NT is the total number of pixels. As an example, for an assumed probability of false
alarm—PFA of 10−4, in our image of NT = 667 × 667 pixels (444,889 pixels), near to 44 false
alarms should be expected.

In practice, however, the observed NFA can be and normally is higher than the theoret-
ical one associated with the chosen false alarm rate (FAR). To address this problem and the
presence of a significantly higher number of false alarms in a real detection, considering
that the number of false alarms is dependent on the estimated threshold value (T), the
following correction parameter f and equation have been suggested [3],

TA= (T −M) f + M (7)

where T is the theoretical threshold, derived from the chosen PDF and estimated parameters,
M is the mean value of σo, and TA is the adjusted value of T. A f = 1 corresponds, therefore,
to no correction.

The strategy here adopted to estimate the f values for different WA image classes was
first to separate a set of images with distinct WA parameter ranges corresponding to young
wind sea, old wind sea, and swell, and with no ships present upon a visual analysis. CFAR
was then applied to each one of these images, separated by WA ranges and corresponding
only to the ocean background. By doing so, it is possible to highlight in which conditions
the CFAR algorithm mostly fails since all pixels detected as ships can be assumed as
false alarms.

Starting with no adjustment (f = 1), we then varied f from unity onward in small
increments of 0.01 and compared the number of false alarms (NFA) observed to the expected
one which is dependent on the chosen PFA and the number of pixels in the analyzed image.
As expected, as f increases a smaller number of false alarms is observed. The derived
optimal f value was the one for which a minimum difference between the detected and
expected number of false alarms was observed. This procedure was repeated for five
distinct values of PFA (from 10−2 to 10−6). Note that, now the derived f values were
dependent on the prevailing WA condition of the analyzed scene and could be used for
different values of PFA.

3. Results
3.1. Wave Age Classification and Comparison of GΓD Fit

To separate distinct ocean environments and verify GΓD goodness-of-fit, first the
separated sub-images were visually inspected. Figure 2a–c show examples of sub-images
for the WA classification. In general, the three WA classes are distinguishable by the
distinct ocean features present. In young wind–sea conditions (Figure 2a), the presence of
linear features is noticeable, of several kilometers in length, alternating as dark and bright
anomalies, mostly aligned to the surface wind, and notably known as wind streaks [19],
which are typical of ocean environments dominated by moderate to strong winds. On the
other hand, the swell sub-image (Figure 2c) exemplifies the case of long-period surface
gravity waves, with wavelengths of the order of a few hundred meters. These features are
also related to bright and dark features, which in this case are wave crests and troughs. In
between these two conditions, the old wind–sea sub-image case (Figure 2b) represents a
transitional environment, in which the waves are closer to full development. In summary,
the WA parameter seems appropriate as a simple and good criterion to separate distinct
ocean environments, integrating wind and wave data and, thus, useful to assess the GΓD
fitting general behavior in relation to ocean environmental conditions.
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Examples of GΓD fitting results for the three WA classes are presented in Figure 3a–c
(linear scales). These results were obtained by the calculation of the whole dataset of
26,657 sub-images. For detailed display purposes, in the right column figures the radar
cross-section histograms are normalized by their mean (σ0/M), M from Equation (7), and
displayed in semi-log scale (Figure 3d–f). It is observed that GΓD has a better fit for young
wind–sea conditions; as WA increases, a PDF fitting displacement in relation to the data
occurs, particularly towards the tail of the distribution, which is exemplified starting from
the point indicated by the red arrow on Figure 3e. The most challenging case is in the
presence of swell conditions (Figure 2c), where there is the highest PDF tail displacement
(Figure 3f).
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This loss of PDF fitting, particularly for the higher sigma-zero values is also confirmed
by the KS distance results for all selected sub-images, shown in Table 1. The average KS
distances indicate that GΓD ability of fitting the data is worse at swell conditions, i.e., with
presence of long period/wavelength surface waves. As a result, a higher quantity of false
alarms is expected to occur using this CFAR detector as WA increases, due to the PDF
sub-estimations. It should be noted that the discrimination between true ships and false
alarms is done in this high sigma values tail region. Regarding sub-image incidence angles,
results presented show they are practically independent of range regions.

Table 1. Kolmogorov–Smirnov distance results (n = 26,657).

WA Class Radar Range n. of Sub-Images Mean KS Distance

Young wind–sea
Near-range 308 0.059
Mid-range 479 0.056
Far-range 619 0.056

Old wind–sea
Near-range 5600 0.060
Mid-range 8227 0.060
Far-range 8102 0.060

Swell
Near-range 958 0.063
Mid-range 1273 0.063
Far-range 1091 0.064

Figure 4 presents the results obtained after applying the strategy described above
(Section 2.2.3) to adjust the theoretical threshold value using the derived parameter f
(Equation (7)) for different WA regimes and for a PFA of 10−4. As expected, the adjustment
parameter f is dependent on the WA regime, increasing as the WA increases. A swell
prevailing condition requires the greatest increase in T in order to bring the observed FAR
closer to the theoretical expected one. Table 2 presents the f estimated for different values
of PFA and three WA regimes, considering a sub-image 667 × 667 pixels sized, with a total
of 444,889 pixels. It contains the mean values from the whole dataset of 26,657 sub-images,
representing the three WA regimes.

As indicated, as the PFA becomes smaller, f increases for all WA regimes, which
is related to the fact that for smaller values of chosen PFA, the threshold is displaced
towards the high values of RCS, where there is a higher mismatch between the GΓD and
the observed data (Figure 3).

Considering the images’ spatial resolution (30 m) and the typical sizes of ships to be
detected, it is expected that the number of positively detected pixels would be relatively
larger than the number of ships detected, even for a perfect CFAR detection. Additionally,
the number of positive alarmed pixels is a function of the PFA chosen. Thus, for a better
evaluation of the CFAR performance, we made a clustering of detected neighboring pixels.

In Table 3, we illustrated the worst environmental case scenario of WA > 35 corre-
sponding to swell waves, and for a PFA from 10−6 to 10−4, with and without the threshold
f adjustment. These numbers refer to the total number of pixels and clusters determined
for eight images analyzed. The first point to notice is the large number of positive but false
alarm detections without f adjustment. With the f adjustment, the number of false positives
was reduced to less than 6% of the original, showing the efficacy of the adjustment.
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Table 2. Correction parameter f optimized for each WA class. Mean values from the whole dataset of
26,657 sub-images.

PFA Young Wind Sea Old Wind Sea Swell Expected NFA

10−2 1.07 1.12 1.18 4449
10−3 1.14 1.25 1.32 444
10−4 1.21 1.35 1.45 44
10−5 1.32 1.52 1.65 4
10−6 1.49 1.80 1.90 1
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Table 3. Elements of ship detection for a group of 8 sub-images and for the swell class, using f values
of Table 2, and considering 12 AIS correlated true ships.

Method PFA Detections # Detections

CFAR

10−4

Total detections (clusters) 4430
True detections (clusters) 8

False alarms (clusters) 4418
Lost ships 4

10−5

Total detections (clusters) 1625
True detections (clusters) 8

False alarms (clusters) 1613
Lost ships 4

10−6

Total detections (clusters) 690
True detections (clusters) 8

False alarms (clusters) 678
Lost ships 4

CFAR + f correction

10−4

Total detections (clusters) 533
True detections (clusters) 8

False alarms (clusters) 521
Lost ships 4

10−5

Total detections (clusters) 100
True detections (clusters) 8

False alarms (clusters) 88
Lost ships 4

10−6

Total detections (clusters) 39
True detections (clusters) 8

False alarms (clusters) 27
Lost ships 4

Among the total number of 12 ships present, there were only 8 ships confirmed by the
AIS system for the region and period. This could be, however, an underestimation of the
true value considering that an unknown number of ships could be either not transmitting,
or not having any AIS equipment installed on board. Another point to be noticed is that for
large metallic objects such as big ships, their strong backscatter frequently produced “ghost”
detections in pairs around the true ship and was oriented mostly in the azimuthal direction,
for which they are called azimuthal ambiguities. Therefore, just due to this ambiguity, for
one real ship, we might attain three detections: one real and two ghost images. For very
weak winds, these ambiguities tended to be more prominent in relation to the sea clutter
and being wrongly detected by the CFAR, even for a very small PFA [20].

The PDF fitting distortions here reported were also observed in [21] for the K distri-
bution, which in that study showed an overall better fit compared to traditional models.
Interestingly, even though GΓD has shown better flexibility as compared to K
distribution [21], similar results were found here, hence indicating the importance of
incorporating sea state parameters for the development of target detectors. Furthermore,
this effect seems to be associated with small scattering elements which are riding on the
long surface waves, and which have their scattering cross-section modulated by tilt, hy-
drodynamic mechanisms, and by some degree of wave breaking, mostly located near the
wave steep crests [7].

Additionally, it can be argued that these elements alter the backscattered signal due to
the introduction of non-polarized components (i.e., non-Bragg scattering) [22]. An example
of a swell-dominated region is presented in Figure 5, in which the CFAR was applied with
a high PFA value of 10−2 only to highlight the presence of false alarms associated with
wave breaking on swell crests. A visual analysis of this figure indicated that a fraction of
the false alarm pixels are aligned with the general orientation of the swell waves observed.
In summary, the results clearly indicate that GΓD modeling skill may degrade as the
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contribution of long-period waves increases, irrespective of the SAR image incidence angle
range. However, as presented earlier, in general, it still can be considered a suitable PDF
distribution for ship detection.
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visual alignment of a large number of false alarms with swell crests.

3.2. Backscattering Analysis

In order to have as a reference for the backscattering values of vessels, we used
the OpenSARShip dataset. Figure 6a shows the distribution of maximum σ0 (maximum
detectable backscattering cross-section pixel value) obtained from OpenSARShip dataset
for each ship chip, as a result of 6895 samples on VV polarization, with the dataset binned
by ship length. The central bright dot on the violin plots indicates the median of such
distribution. As expected, as ship length increased, so did the maximum σ0; this pattern
was particularly evident on ship lengths of 1 to 150 m. Regarding the median of the ship
RCS distribution, it was above 0 dB for all length bins, and except for the smallest ships
bin (1–50 m), a very small number of cases were below 0 dB. Regarding variations with
incidence angle (not shown), a negligible influence was found.

The distributions of RCS of detected CFAR pixels, obtained from selected sub-images,
separated by WA and radar ranges are displayed in Figure 6b. First, it is to be noted
that all detections were above the maximum NESZ by at least 3.0 dB, with the worst case
being for swell waves at a far range. Thus, we are sure detections were not impacted by
instrumental noise.
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two solid horizontal blue lines demarcate the span of possible values, in dB, for both cases, vessel
pixels, and ocean conditions, in order to compare them. Dashed red horizontal line represents the
maximum value for the sensor noise floor (noise equivalent sigma zero).

If we were to consider only RCS values, and that a higher separation between
maximum targets σ0 and detected σ0 represents a higher ship detectability, the results
shown in Figure 6a,b are consistent with well-established relations [23,24], which can be
summarized as:
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• The larger the ship size, the higher its detectability;
• The higher the incidence angle (or farther the radar range), the higher the

ship detectability;
• The higher the wind magnitude (or lowest the wave age—young wind sea), the lower

the ship detectability (more false alarms).

In addition to these points, the results here obtained allowed us to quantitatively
assess this separability, and the novel following additional points can be noted:

• The most challenging detection condition is for small ships (<50 m in length) present
in young wind–sea conditions and at a near range;

• Below −10 dB, as indicated in Figure 6a, a pixel will rarely represent a ship. Even for
small ships (up to 50 m), RCS is usually higher than 2 dB, as can be seen by its median
in Figure 6a. Moreover, and particularly for larger ships, this threshold could be raised
to reduce or prevent false alarms;

• Sea clutter is rarely above −2 dB, and depending on the presented wave age, radar
range, and PFA utilized, this threshold can be lowered;

Furthermore, in Figure 6, one can compare CFAR outputs for known areas with no real
target, in each WA class, using a PFA = 10−4, to well-known real target RCS values from
the OpenSARship dataset. Only small ships could be inconsiderate as false alarms and,
thus, could be discarded. Otherwise, ocean pixels could pass through the CFAR threshold
criteria due to having values close to the range of small ships’ RCS values. This analysis
emphasizes the fact that FA mainly occurs when there is no real target in the surroundings
(even the smallest) and when one of these WA classes is presented.

3.3. Detection Experiment

In the following, we present an experiment used to further evaluate CFAR detection
accuracy, in addition to the simple discrimination criteria listed above. In order to reduce
the acceptable number of false alarms in view of the number of ~445 K pixels in each
sub-image, we set PFA = 10−6. First, detected clusters with a maximum σ0 below −10 dB
and a number of pixels > 1 were discarded as indicated in Figure 6a. The detection results
thus obtained were then confronted to the AIS ship positions and classified as:

(a) Correlated (present in both, CFAR and AIS);
(b) SAR Uncorrelated (CFAR detections not present on AIS); or
(c) AIS Uncorrelated (AIS ship positions not detected by CFAR).

To keep the paper to an acceptable length, we only present the detection results on
one S-1 image, which represents a young wind–sea condition (Figure 7a). Initially, CFAR
resulted in a total of 191 detected clusters, from which 150 (78.5%) were discarded by the
discrimination step described above. Hence, the remaining detections were considered of
higher reliability and were further compared to AIS data.

AIS presented a total of 22 unique ships for the analyzed image and the
CFAR + discrimination criterion resulted in 41 targets (191−150). After confronting SAR
detections and AIS, 18 Correlated positions were identified (green triangles). Regarding
uncorrelated positions, 4 AIS Uncorrelated, AIS-reporting ships not detected by CFAR,
probably representing small ships of length less than 20 m (orange triangles). A total of
23 SAR Uncorrelated, that is, elements detected by CFAR but not reported on AIS (blue
triangles), were also observed. After visual inspection, from the 23 non-reporting elements,
15 were deemed as ships due to their backscattering signal disparate from local clutter,
and 8 were confirmed oil platforms. To provide a better view of this, Figure 7b shows a
zooming in of the dashed blue rectangle in Figure 6a, showing the 8 oil platforms and
7 ships. These results show that the number of ships not transmitting AIS, 15 in this case
(also known as “dark ships”), can sometimes be relatively high even as compared to those
reported in the AIS dataset; 15/22 = 68.2%. The example here reported is clear evidence of
the additional value of the employed ship detection scheme based on SAR images. Table 4
summarizes the various detection elements results obtained.
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Table 4. Detection elements from CFAR algorithm (Figure 7) and AIS reporting. Correlated: ships
present in AIS and CFAR; SAR uncorrelated: present only in CFAR; AIS uncorrelated: present only
in AIS.

SAR AIS

Total 41 22
Correlated 18 18

Uncorrelated 23 (15 ships & 8 oil platforms) 4
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4. Discussion

To the best of our present knowledge, this is the first attempt at using wind and
wave data in a combined way through a unique parameter, the wave age, for describing
the environmental ocean conditions present during the acquisition of SAR images and
their effect over the goodness-of-fit for the GΓD and the resulting CFAR performance.
We understand the environmental ocean conditions representative of our region of study
(tropical western Atlantic Ocean) are a subset of the more general or harsher conditions
observed in mid to higher latitudes. Our analyzed dataset of SAR images, however, seems
very representative of the variability of conditions observed for this region. We had images
corresponding to winds from 0.3 to 12.5 ms−1 with an average value of 6.7 ms−1. These
values compare very well to the average monthly values of previous studies for this
region [25]. Regarding the wave periods (or wavelengths) observed in this region, [26]
reports that periods above 10 s are frequently observed. Our histogram of peak wave
periods (not shown) depicts maximum values at the 9–10 s bin, but with an appreciable
number of higher periods present. Most of our WA histogram (not shown) is populated
with old wind waves, seconded by swell waves and the smallest frequency of young wind
sea. Therefore, we can say that the prevailing environmental condition in this region is of
old wind waves representing a near saturation development, with wave energy almost in
equilibrium [12,27] followed by swell conditions. The dataset had an almost flat distribution
of incidence angles from 30.9 to 45.6 degrees present in IW GRD Sentinel-1 data. Therefore,
the analysis of the role of this parameter is well represented by the dataset used.

As far as the loss of fitting accuracy of the chosen PDF caused by environmental ocean
factors, we could not find studies giving particular attention to the GΓD although some
have noticed this effect in K PDF [3]. It is interesting that although GΓD is more flexible as
compared to K PDF [21], it seems equally affected by ocean environments dominated by
swell waves. This effect seems to be linked to an increase in the scattering elements by the
waves of longer wavelengths. These scattering elements are mostly located in the steep
fronts of these waves and become more aggregated as the waves develop [7]. Additionally,
it is argued that these elements alter the backscattered radar signal by introducing a non-
polarized component (non-Bragg scattering) [27,28].

Regarding the comparison of scattering cross-section of targets present in the SAR
images and those reported in OpenSARShip database and the best conditions for detection,
in complementing the findings reported in [23,24], in this report we expanded those results
indicating that below −10 dB there is negligible chance of a “detected” pixel being a ship
target, and consequently this value could be used to discard false alarm in a post-processing
stage. We could see as well that the most challenging detection situation was for small
ships (about 50 m or less) in conditions of young wind waves and in the near range.

As an extension of the previous work [3] in which the authors state that the adjustment
of the detection threshold was determined based on the operational experience of the
Joint Research Centre—JRC), we here proposed an adjustment that was derived based
on an analysis of a large dataset of CFAR detection and the WA regimes present during
image acquisition.

5. Conclusions

In this paper, a GΓD-based CFAR ship detection was analyzed in relation to its perfor-
mance regarding different ocean environmental conditions. First, a Sentinel-1 SAR dataset
was generated from 446 collected scenes, which were subdivided into smaller sub-images
of 667 × 667 pixels, resulting in a total of 26,657 sub-images analyzed. Three WA regimes
were considered (young wind–sea; old wind–sea; and swell), according to ERA5 ancillary
data. Second, based on this whole generated dataset, GΓD was shown to suffer distortions
by oceanic longer period waves and mostly to swell conditions. Then, ship targets and sea
clutter separability analysis showed that a simple criterion based on ocean wave and ship
cross-section characteristics can be set in order to discriminate false alarms. The effective-
ness of the discrimination step reveals the benefit of the proposed criteria, which can be
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used as a priori information, and gives a figure of the additional value of SAR detection
compared to AIS. The new way of adjusting the theoretical threshold according to the WA
regime during image acquisition has proved to bring down to less than 10% the number
of false alarms. The adjustment of the threshold can be done for different probabilities of
false alarms (PFA) using the values derived and presented in Table 2. These results are
also useful to target detection operations and the maritime target detection community. An
obvious limitation of the present work is related to the dataset of SAR images used, which
included only Sentinel-1 VV data and for the region of study, a tropical oceanic region. The
results of this investigation should be further improved by the analysis of different radar
bands and polarizations, such as co-pol, cross-pol, and fully polarimetric SAR data, and
other regions of the global ocean but using the same or a similar concept of incorporating
oceanic environmental conditions in the CFAR in a compact and simple way as here has
been done using the wave age parameter.
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