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Abstract

Ship detection using synthetic aperture radar (SAR) plays an important role in marine applications. The existing
methods are capable of quickly obtaining many candidate targets, but numerous non-ship objects may be
wrongly detected in complex backgrounds. These non-ship false alarms can be excluded by training
discriminators, and the desired accuracy is obtained with enough verified samples. However, the reliable
verification of targets in large-scene SAR images still inevitably requires manual interpretation, which is difficult
and time consuming. To address this issue, a semisupervised heterogeneous ensemble ship target discrimination
method based on a tri-training scheme is proposed to take advantage of the plentiful candidate targets.
Specifically, various features commonly used in SAR image target discrimination are extracted, and several
acknowledged classification models and their classic variants are investigated. Multiple discriminators are
constructed by dividing these features into different groups and pairing them with each model. Then, the
performance of all the discriminators is tested, and better discriminators are selected for implementing the
semisupervised training process. These strategies enhance the diversity and reliability of the discriminators, and
their heterogeneous ensemble makes more correct judgments on candidate targets, which facilitates further
positive training. Experimental results demonstrate that the proposed method outperforms traditional tri-
training.
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1 Introduction

Synthetic aperture radar (SAR), as an active earth observa-
tion system that can operate day and night under all weather
conditions and quickly capture high-resolution images with
broad coverage, has shown great potential in marine applica-
tions, such as marine surveillance, marine environment, marine
security, and fishery control. Ship detection and recognition is an
important marine application and has been a topic of interest in
recent decades (Aiello et al., 2019; Lang et al., 2020). The practic-
al architecture of SAR automatic ship target recognition consists
of three consecutive stages: detection, discrimination, and recog-
nition/classification (Du et al., 2020). The classic constant false
alarm rate (CFAR) detection approach has been widely em-
ployed to detect candidate targets from the sea background due
to its adaptive ability and easy implementation (Ai et al., 2021).
However, due to the complex interactions between the SAR sys-
tem and the imaging scenes, a large number of false alarms may
be generated because of sea clutter (Ao et al., 2018) and some
typical phenomena of SAR images, such as azimuth ambiguity
(Di Martino et al., 2014), sidelobes (Vespe and Greidanus, 2012),
and residual image caused by azimuth shift (Li et al., 2019).
These false alarms need to be eliminated via the discrimination
stage that minimizes the interference to the subsequent high-
complexity ship target recognition, reducing the cost and in-

creasing the effectiveness (Chen et al., 2020).

Ship target discrimination is commonly implemented by
designing discriminators, including unsupervised learning meth-
ods, semisupervised learning (SSL) methods, and supervised
learning methods. Unsupervised learning methods do not need
labeled samples, but for complex scenes, their discrimination
power is limited (Tello et al., 2009). Supervised learning methods
such as the support vector machine (SVM) (Hwang and Jung,
2018; Ma et al., 2018; Lang et al., 2016; Falqueto et al., 2019), k-
nearest neighbor (KNN) (Ma et al., 2018; Lang et al., 2016; Fal-
queto et al., 2019), decision tree (DT) (Lang et al., 2016; Falqueto
etal., 2019), logistic regression (LR) (Falqueto et al., 2019), and
discriminant analysis (DA) (He et al., 2018) for discriminating
targets in SAR images have been researched, and the desired ac-
curacy is achieved with enough labeled samples. Recently, ow-
ing to the exponential growth in computing power, algorithms
developed with deep learning techniques have achieved auto-
matic feature expression competence and higher detection ac-
curacy by relying on more labeled samples (Kang et al., 2017;
Chang et al., 2019). However, ship targets are usually labeled by
matching the automatic identification system (AIS) information
with large-scene SAR images, and manual visual interpretation is
indispensable due to spatial registration errors and some ships
not broadcasting AIS and is a difficult and time-consuming task
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(Pelich et al., 2015). In addition, the applicability of labeled
samples in various imaging modes or different SAR systems is
limited (Gao et al., 2019).

SSL techniques that mine information contained in un-
labeled samples to compensate for the defects caused by insuffi-
cient information from labeled samples have attracted much at-
tention (Belkin and Niyogi, 2004; Nigam et al., 2000; Camps-Valls
etal., 2007; Liu et al., 2016). The key issue of SSL is selecting un-
labeled samples with high reliability. Among SSL techniques, co-
training and subsequent tri-training have been employed in
many applications and are effective (Blum and Mitchell, 1998;
Zhou and Li, 2005; Hua et al., 2017; Wang et al., 2020). Co-train-
ing first trains two base classifiers separately on two independent
feature sets, and then each classifier predicts the unlabeled
samples to augment the other classifier’s training set. Standard
co-training requires that the features be naturally partitioned in-
to two sets, but such a requirement is difficult to meet in most
machine learning problems. Tri-training is an extension of the
co-training framework, and it is easy to implement since the only
requirement is to train three base classifiers through different
training sets created by bootstrap sampling the original labeled
samples (OLSs). During the training process, the unlabeled
samples are labeled by any classifier as long as the other two clas-
sifiers agree on their predictions. Tri-training has been subjected
to rigorous theoretical derivation that if there are enough un-
labeled samples, the classification noise rate will be mitigated;
moreover, better generalizability is obtained by the ensemble of
these three classifiers.

The base classifiers undergo further improvements through
the training process only when appropriate unlabeled samples
are selected (Wang et al., 2020). The classifier ensemble com-
bines the outputs of multiple individual classifiers and often sig-
nificantly improves the classification performance (Albukhana-
jer etal., 2017). Heterogeneous ensembles with different types of
classifiers effectively increase the prediction accuracy of un-
labeled samples compared to homogeneous approaches that use
the same type of classifiers (Amozegar and Khorasani, 2016;
Seijo-Pardo et al., 2017). Therefore, when there are too few avail-
able labeled samples to simulate the distribution of the entire
data, the heterogeneous ensemble can make fewer generaliza-
tion errors by maximizing their agreement on the unlabeled
samples (Dasgupta et al., 2001). On this basis, further improve-
ments can be achieved by employing multiple different classifi-
ers and increasing the diversity among the classifiers (Zhou and
Li, 2005; Wang et al., 2020). Multiple heterogeneous ship target
discriminators are realized by extracting various SAR image fea-
tures and employing different classification models. The SAR im-
age feature is an important element of designing discriminators.
Lincoln Laboratory carried out research on target discrimination
earlier, and several classic features related to size, polarimetric
properties, and power have been proven effective (Kreithen et al.,
1993). After that, five spatial boundary attribute features were
proposed to capture the changes in the spatial dispersion of the
high-intensity pixels (Verbout et al., 1998). Based on these five
features, three signal-to-noise ratio features were proposed by
Gao (2011) to measure the contrast between target pixels and
background pixels. Furthermore, ten shape-related features in-
troduced by Bhanu and Lin (2003) were performed well. The dif-
ferences between ship targets and false alarms are described by
these features in terms of shape, size, texture, contrast, power,
spatial distribution, etc., and are further enriched with different
polarization SAR images. Another way to increase the diversity is
to employ different models; the abovementioned models (SVM,

DT, DA, KNN, and LR) have a satisfactory classification ability
and are competent for designing discriminators. Furthermore,
some variants of models with reasonably set parameters and ap-
propriate kernel functions such as the quadratic and Gaussian
functions will cover a wide class of nonlinearities and lead to bet-
ter performance (Haider et al., 2019; Baudat and Anouar, 2000),
which are also adopted to achieve improvements.

In this paper, a semisupervised heterogeneous ensemble
method based on a tri-training scheme is proposed to enhance
the capability of ship target discrimination in SAR images with a
limited number of labeled samples. First, various features com-
monly used in SAR image target discrimination are extracted and
divided into different groups, and the diversity among the dis-
criminators is effectively improved by randomly pairing those
feature groups with different models and their classic variants.
Second, if all the discriminators are directly employed without
clear capacity in advance, incorrectly labeled samples may be ad-
ded to the training sets to decrease the training efficiency. Hence,
OLSs are used with 5-fold cross-validation to test their perform-
ance, from which better-performing ones with appropriate ker-
nel functions and parameter settings along with suitable feature
groups are determined as the initial discriminators. Then, these
heterogeneous discriminators are initialized from training sets
generated via bootstrap sampling the OLSs to implement the
semisupervised training process. Moreover, when there are more
than three initial discriminators, the prediction of unlabeled
samples by the other discriminators may not be uniform; here,
only the unlabeled samples that obtain the same predictions are
selected. Compared with traditional tri-training, these strategies
increase the reliability of the selected unlabeled samples, which
in turn facilitates further positive training and improves the dis-
crimination performance.

The remainder of this paper is organized as follows. Section 2
presents the methodology and implementation of the proposed
method in detail. The experimental data and results are shown in
Section 3. Finally, the conclusions are discussed in Section 4.

2 Semisupervised heterogeneous ensemble ship target dis-
crimination

2.1 SAR image features for discrimination

The SAR image features reflect the characteristics and differ-
ences between the ship targets and clutter, including geometric
features, texture features, electromagnetic scattering features,
etc. Relevant studies have confirmed that many features are able
to stably distinguish targets and false alarms in SAR images un-
der different polarizations and multiscale resolutions (Kreithen
etal., 1993; Verbout et al., 1998; Gao, 2011; Bhanu and Lin, 2003).
Specifically, under the Strategic Target Algorithm Research Con-
tract, Lincoln Laboratory proposed three features for SAR image
target discrimination, and features developed by the Environ-
mental Research Institute of Michigan (ERIM), Rockwell Interna-
tional Corporation (Rockwell), and Loral Defense Systems (Loral)
were also proven effective by Lincoln Laboratory. Among these
features, some substantially overlapping features along with po-
larimetric features that require polarimetric SAR images are ex-
cluded in this paper. Therefore, only partial ERIM features, the
contiguousness features of the Loral features, and the specific-
entropy feature of the Rockwell features are chosen. The above
features are collectively referred to as Old-Lincoln features. After
that, Lincoln Laboratory proposed five spatial boundary attrib-
ute features, referred to as New-Lincoln features to distinguish
them from the previous features. The University of California
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proposed ten shape-related features, referred to as Bhanu fea-
tures. Based on the New-Lincoln features, the National Uni-
versity of Defense Technology proposed three signal-to-noise ra-
tio features referred to as Gao features. All the adopted features
and their explanations are shown in Table 1.

2.2 The proposed discriminating process

The complete framework of the proposed semisupervised
ship target discrimination method is shown in Fig.1. First, mul-
tiple heterogeneous discriminators are designed by extracting
different SAR image features and employing different classifica-
tion models. The 34 features mentioned above are extracted and
divided into four groups. The Old-Lincoln features F1—Fie are the
first group. Considering that there are only a few New-Lincoln
features F17—F>; and Gao features Foo—Fo4, the sum of them
Fy7—F,4 form the second group. The Bhanu features Fas—Fsq
comprise the third group. The last group contains all 34 features
F;—Fz,. In addition, the five abovementioned models (i.e., the
SVM, DT, DA, KNN, and LR models), along with their classic vari-
ants, are employed to increase diversity. The SVM model, which
is a widely used model that requires less computational effort,
separates the classes by a hyperplane based on support vector
theory. The DT model, which is a basic regression and classifica-
tion model with a clear structure and low computational com-
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plexity, calculates the entropy of the samples to set criteria in
each decision node and then splits unlabeled samples. As a tradi-
tional statistical method, DA projects the feature vectors to a
lower-dimensional feature space to increase the separation and
has proven successful on classification problems; it has the
power to solve a series of problems. The KNN model is a popular
technique that calculates the distance between unlabeled
samples and their closest labeled samples for classification. This
model performs well, and the results are easy to interpret. LR
computes the probability of unlabeled samples corresponding to
particular labels and has shown the potential for effective and ef-
ficient classification of different types of data. Second, as prelim-
inary screening, all combinations by pairing each model and
their variants with different feature groups are tested by the OLSs
with 5-fold cross-validation to determine the initial discriminat-
ors with appropriate kernel functions, parameter setting and fea-
ture groups.

In the training process, five initial discriminators, denoted by
D1, D2, D3, D4, and D5 are initialized by different training sets
(L1, L2, L3, L4, L5), which are from bootstrap sampling the OLSs.
After that, each discriminator is iteratively refined by samples
chosen from the unlabeled set, these samples are unanimously
predicted by other discriminators and are considered to have
high credibility. Taking D1 as an example, let L1 denote the ori-

Table 1. Adopted synthetic aperture radar image features for discrimination

Feature name Explanation 1;;“;3:3
Old-Lincoln  standard deviation —The standard deviation of all the pixels in a target-sized box. F,
features fractal dimension ~ The Hausdorff dimension of the spatial distribution of strong scatterers in the region of the F,
target-sized box.
weighted-rank fill ratio The power of strong scatterers and normalizing by the total power of all pixels within the F,
target-size box.
mass The number of pixels in the target-shaped blob. E,
diameter The length of the diagonal of the smallest rectangle that encloses the target-shaped blob. F;
square-normalized The second mechanical moment of the target-shaped blob around its center, normalized by F
rotational inertia  the inertia of an equal mass square.
maximum CFAR  The maximum value in the CFAR image is contained within the target-shaped blob. F,
statistic
mean CFAR statistic The average value of the CFAR image is taken over the target-shaped blob. Fy
percent bright CFAR The percentage of pixels within the target-shaped blob that exceeds a certain CFAR value. The F,
statistic CFAR value is set as AvCS in this paper.
specific-entropy ~ The number of pixels that exceed the threshold that is set to quantity corresponding to the 98th ~ F},
percentile of the surrounding clutter and normalize this value by the total number of pixels in a
target-sized box.
contiguousness Segment each image (target-size box and CFAR image) into three separate images (shadow, F,-F
background, and target) based on the amplitude of individual pixels, then computing numbers
from each of these six regions of interest.
New-Lincoln threshold The optimal threshold for an image chip is just greater than the clutter background pixel value ~ F,
features and smaller than the target pixel value (active pixel).
activation The fraction of pixels that are activated in the optimally thresholded image. Fyg
dispersion The weighted average distance from the centroid of a high-intensity pixel on the object, where =~ F|4
the weights are assigned in proportion to the mass at each pixel location.
inflection The rate of change of the mass dispersion statistic at the optimal threshold. F,,
acceleration It measures the acceleration associated with the rate of change of the mass dispersion statistic F,,
at the optimal threshold.
Gao features  average signal-to-  The average contrast of the target or the false alarms to the background in a candidate chip. F,,
noise-ratio
peak signal-to-noise- The peak contrast of the target or the false alarms to the background in a candidate chip. F,,
ratio
percentage of bright The percentage of the brightest pixels with contrast higher than p% of PSNR in all the “active” E,,
pixels pixels and p is set to 50 according to the reference.
Bhanu projection Project the potential target pixels on a horizontal line (or a vertical line, the major diagonal line, F,.—F,,
features the minor diagonal line) and compute the maximum distance.
distance The minimum (or maximum, average) distance from each potential target pixel to the centroid. F,g—F3,
moment The horizontal (or vertical, diagonal) second-order distance from each potential target pixel to F;,~F;,

the centroid.

Note: CFAR, constant false alarm rate; PSNR, peak signal-to-noise-ratio.
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designing multiple heterogeneous discriminators and preliminary screening
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Fig. 1. The framework of the proposed method.

ginal labeled training set of D1, let |L1| denote the number of
samples L1 contains, and let U denote the samples without la-
bels, similarly, |U|is the number of samples U contains. Let L1;_;
and L1, denote the unlabeled samples in which other discrimin-
ators make the same prediction (P2 = P3 = P4 = P5) in the
(t— 1)y, and the & iterations. Equation (1) is used to determine
whether L1,—1 and L1; are expanded to L1, which ensures that the
possible noise contained in L1, is gradually reduced among each
iteration and D1 undergoes further improvements. Then, in the
(t— 1)y, and & iterations, the training sets of D1 are L1 U L1, 4
and L1 U L1,.

e [L1;—q]
o< —<
€r—1 |th|

<1 M

where e, represents the upper bound of the discrimination error
rate of unlabeled samples in the f iteration, that is, the error rate
generated when the other discriminators make the same predic-
tion. Since e; cannot be exactly estimated, it is approximated by
the error rate of the combination of D2, D3, D4, and D5 predict-
ing on the OLSs.

It is worth noting that when e;<e;—1 and |L1;|5|L1;_|, since
|L1;| may be much larger than |L1;_:|, e; |L1;| may not be less than
e |L1,_1]. If this happens, |L1;| can be randomly subsampled so
that it still satisfies e; |L1;|<e;—1 |[L1;—1]. Let S denotes the size of
L1, after subsampling; if Eq. (2) holds, e;|L1;|<e;—1 |[L1,_1] is satis-
fied. In addition, |L1,—;| should satisfy Eq. (3) such that
|L1;|5|L1;—1] is still true after subsampling.

[T
S=""1L1,4] -1, 2
et
et
L1, y| > . 3)
Ry

During the training process, the unlabeled samples labeled
during one iteration only participate in that iteration and are still
treated as unlabeled samples in the next iteration, which avoids
the premature introduction of noise. Namely, at the # iteration,
L1, will be put back into U so that|U| remains unchanged in
each iteration.

The above operation is performed on D2, D3, D4, and D5 to
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complete one training iteration, and the iteration is terminated
when the prediction on the unlabeled samples from each dis-
criminator stops changing. Then, the training process is com-
pleted, and the refined discriminators are obtained.

At the final discrimination stage, the labels of the unlabeled
samples are determined by majority voting via the refined dis-
criminators.

2.3 Candidate targets detection

Before discrimination, a CFAR detector is employed to pro-
duce the candidate targets, which can maintain a given probabil-
ity of false alarm pr. by comparing pixels with an adaptive
threshold T. T is obtained by solving Eq. (4) according to the
amplitude probability density function f(x) and preset pra. f(X) is
obtained by accurately modeling the sea clutter around the pixels
of interest, and pr. is set based on experience. The K distribution
(while the amplitude follows the K-root distribution) is com-
monly used in the literature because of the compound formula-
tion, which was introduced by Ward, enabling both small-scale
and large-scale components of the sea clutter to be characterized
(Ward et al., 2006). To set pr,, a smaller value in combination with
a selected distribution leads to a larger T that easily misses the
ship; in contrast, it easily causes more false alarms. To ensure the
highest detection rate as possible, in this paper, a smaller T is ob-
tained by setting a larger ps, to 10-1. Although a large number of
false alarms may be generated, they are used to verify the ability
of discriminators. In addition, the size of the buffer cell and the
background cell for the CFAR sliding window depends on the
resolution of the image along with the maximum and minimum
sizes of the ship target. In this paper, the buffer cell is defined as a
circle with a radius equal to the world’s longest ship, and the
edge of the square background cell is V2 times that radius (Pe-
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lich et al., 2015). After detection, a few labels are produced as the
OLSs via the AIS information combined with manual interpreta-
tion.

Pa=1— /Of(x)dx: /:of(x)dx. @)

3 Experimental results and analysis

3.1 Experimental data

The experimental platform is a PC with an AMD Ryzen 7-2700
CPU and 8 GB RAM, and the program of CFAR detector and all
discriminators is implemented in MATLAB R2016a. In addition,
the state-of-the-art deep learning detectors are employed for
comparison, they are trained by using the PaddleDetection
toolkit (PaddlePaddle Authors, 2021) on a single Tesla V100 GPU
with 16 GB memory. Three SAR images captured by Sentinel-1
were obtained in three different regions of the East China Sea, as
shown in Fig.2.

According to the predefined observation plan, these images
are Level-1 Ground Range Detected high-resolution products
manufactured in interferometric wide (IW) swath mode with VV
and VH polarizations and a swath of approximately 250 km at a
resolution of 20 m x 22 m (Sentinel-1 Observation Scenario, 2020;
Interferometric wide swath, 2020). Other relevant information is
shown in Table 2. Therefore, each of the four feature groups
mentioned above is expanded to the VV, VH, and dual-polariza-
tion groups, which are used to comparatively evaluate the ship
discrimination performance under different polarizations; in
total, 12 different feature groups are obtained.

Considering that in some sea areas, as ship targets are

116° 117° 118° 119° 120° 121° 122° 123° 124° 125° 126°E
32°
N
N
o
\//\ .
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ﬁ
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28° .
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Region 1
27° £
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260 Region 3
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Fig. 2. Synthetic aperture radar images in three regions of the East China Sea.
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Table 2. Details of three synthetic aperture radar images

Acquire  Incidence

time angle/(°)
1 2016-10-30 30.72-45.98 29.91°-31.82°N 120.36°-123.29°E
2020-03-01 30.79-46.08 28.07°-29.98°N 120.77°-123.66°E
2020-03-24 30.86-46.17 26.20°-28.12°N 119.13°-121.98°E

Regions Latitude Longitude

sparsely distributed and may not be present, directly using the
entire SAR image with wide coverage for experiments is time
consuming and inefficient. Therefore, we extracted five subim-
ages by manual cutting from the three original images to con-
duct experiments, and there was no overlap between the subim-
ages. Other relevant information is shown in Table 3.

3.2 Determining the initial discriminators

As mentioned above, preliminary screening is carried out first
to determine the initial heterogeneous discriminators with good
performance from well-paired combinations. For this purpose,
two subimages 1 and 2, are extracted, and the verified CFAR de-
tection results under VV polarization are shown in Figs 3a and b.
Except for ship targets, which are used as positive samples, there
are many false alarms caused by azimuth ambiguity, sidelobes,
small islands, etc., which are used as negative samples. However,
there are relatively few ship targets in Fig. 3a; hence, Fig. 3b is
also extracted to supplement the number of positive samples.
There are a total of 230 ships (indicated by red boxes) and 499
false alarms (indicated by green boxes), and these labeled

Table 3. Details of the subimages for experimental

No. Regions Ship targets False alarms Purpose
1 Region 1 68 369 OLSs
2 Region 3 162 130 OLSs
3 Region 1 27 test
4 Region 2 98 test
5 Region 2 70 test

samples are used as the OLSs.

In total, 204 candidate combinations were obtained by pair-
ing 17 different classification models and 12 feature groups. They
were tested by the OLSs with 5-fold cross-validation, and only the
accuracy of the optimal variant of each model combined with dif-
ferent feature groups is listed in Table 4; the best performance is
highlighted in bold.

The results reported in Table 4 show that most combinations
performed well, with a maximum accuracy of approximately
98%, and the results can be further analyzed from three aspects.
At the feature level, the differences among the feature groups are
large, the Old-Lincoln feature groups and the groups including
all features acquired the better results, most of which had an ac-
curacy of more than 95%, and the highest average accuracy is
97.12% obtained by the groups including all features under VV
polarization. The Bhanu features are slightly worse with ac-
curacies mostly in the range of 90%-95%, which are significantly
better than the combination of the New-Lincoln features and the
Gao features with accuracies in the range of 76%-80%. At the po-
larization level, the difference between VV and VH is small, while
the performance of dual-polarization with more features is unex-
pectedly worse than that of single polarization in some cases. It
can be inferred that there is redundancy between the features of
VV and VH polarization, which will affect the discrimination per-
formance. At the classification model level, all five models can
reach a high accuracy of approximately 97% with appropriate
features, and the discriminators with the best performance are
the Gaussian SVM, weighted KNN with Old-Lincoln features un-
der VH polarization, the linear DA, quadratic LR combining the
Old-Lincoln features under VV polarization, the complex DT
combining all the features under dual-polarization. They are
used as the initial discriminators to implement the proposed
training process, and the order according to the accuracy is com-
plex DT, Gaussian SVM, linear DA, weighted KNN, quadratic LR.

. The original labeled samples from subimages 1 and 2.
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Table 4. Performance of different models pairing with different feature groups

No. Feature groups  Gaussian SVM/%  Linear DA/%  Quadratic LR/%  Weighted KNN/%  Complex DT/%  Average/%
1 1.V 96.80 97.50 96.80 96.80 97.50 97.08
2 1_VH 97.70 97.40 76.40 97.20 96.20 92.98
3 1_VV&VH 95.50 96.00 94.90 95.80 96.20 95.68
4 2_VV 76.60 78.40 82.80 77.40 81.00 79.24
5 2_VH 77.20 78.10 79.40 78.00 78.80 78.30
6 2_VV&VH 80.80 78.30 81.90 77.90 78.90 79.56
7 3_VV 88.40 87.30 95.60 96.10 95.60 92.60
8 3_VH 93.70 92.60 94.10 95.90 92.40 93.74
9 3_VV&VH 90.20 92.30 92.60 90.40 91.90 91.48
10 4 VV 97.20 97.20 96.40 97.10 97.70 97.12
11 4_VH 97.20 96.80 96.10 96.10 97.20 96.68
12 4 VV&VH 95.70 96.00 90.00 96.20 97.90 95.16

Average 90.58 90.66 89.75 91.24 91.78

Note: 1_VV means the first feature group was obtained under VV polarization, and 1_VV & VH means the assembly of the first feature group
was obtained under both VV and VH polarization. The best performance is highlighted in bold. SVM, support vector machine; DA,
discriminant analysis; LR, logistic regression; KNN, knearest neighbor; DT, decision tree.

3.3 Comparative analysis of the discrimination results

3.3.1 State-of-the-art detection performance as comparison

Three subimages (Nos 3, 4, and 5) are used to carry out the
contrast experiments, and as shown in Fig. 4, these scenes con-
tain 195 verified ship targets, which are used as ground truth. In
these subimages, the tiny islands are difficult to eliminate in the
process of land masking, which is one of the main reasons for
false alarms caused by the detectors. Besides, there are many
strong ship targets accompanied by the typical phenomena of
SAR images, such as azimuth ambiguity and sidelobes. These
typical phenomena may not only mask weak ships but also be
mistakenly detected as ships that cause false alarms. In addition,
some relatively small ships are used to evaluate the ability of the
discriminators to retain small ships.

The detection results of the CFAR detector and the state-of-
the-art deep learning detector serve as a benchmark for verifying
the performance of the discriminators. The CFAR detector under
different pr, settings from 10! to 10-19 is tested, and the best res-
ults are obtained by setting pr. to 10-5 under VH polarization and
10-8 under VV polarization. Deep learning detectors include
Faster R-CNN (Ren et al., 2017), Cascade R-CNN (Cai and Vas-
concelos, 2021), Deformable ConvNets v2 (DCN) (Zhu et al.,
2019), Deformable Transformers (DETR) (Zhu et al., 2021), PP-
YOLOV2 (Huang et al., 2021) that have better target detection
performance on ImageNet (Deng et al., 2009) have been selected.
Then the LS-SSDD-v1.0 dataset (Zhang et al., 2020) is chosen to
perform fine-tuning training with the same training set and test
set (the first 6 000 chips as a training set and the remaining 3 000
chips as a test set). This dataset is constructed only from Sen-
tinel-1 IW Level-1 GRDH images, contains 6 012 ships extracted
from 15 large-scale images, which avoids possible influences
from different SAR satellite parameters. These five detectors are
trained with learning rate=0.001 25 and batch size=1. The detec-
tion performance of the fine-tuned deep learning detectors on
the testing set of LS-SSDD-v1.0 is evaluated with mean average
precision (mAP), and it is defined as follows:

mAP = /IP(R) dR, ©)
0

where P denotes precision, R denotes recall, and P (R) denotes

the precision-recall curve.

TP

precision = ™D’ (6)
recall = L, @)
TP + FN

where TP denotes the number of true positives (correct detec-
tions), FN denotes that of false negatives (missed detections),
and FP denotes that of false positives (false alarms).

As shown in Table 5, the Cascade R-CNN, Faster R-CNN, and
DCN are significantly better (the mAP of them are 83.25%,
81.57%, and 82.58%, respectively), and it is higher than the op-
timal mAP of about 75% from the paper of LS-SSDD-v1.0. Hence,
the trained Cascade R-CNN detector with better performance is
applied to carry out the contrast experiments.

The detection results of the CFAR detector and Cascade R-
CNN under VV polarization are shown in Figs 4 and 5. In such a
complex background, there are a large number of false alarms
caused by the CFAR detector. Fortunately, it detects almost all
ship targets. The false alarms generated by Cascade R-CNN are
obviously less, but there are still some small islands, a few azi-
muth ambiguities, and sidelobes, etc., that are wrongly detected
as ship targets.

The detection results over these three subimages obtained by
the CFAR detector and Cascade R-CNN are quantitatively evalu-
ated by the following metrics, as shown in Table 6.

TP
FOM = ——— 8
OM =G Fp ®
TP
PoD = —
oD = == (€))
FP
FAR = — 10
GT’ (10)

where FOM indicates the figure of merit, PoD indicates the prob-
ability of detection, and FAR indicates the false alarm rate. TP de-
notes the number of true positives (correct detections), GT de-
notes that of ground truth, and FP denotes that of false positives
(false alarms).

From the above results, the CFAR detector is able to effect-
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Fig. 4. Three subimages and the detection results by the constant false alarm rate detector. The green boxes denote the detection

results; the red boxes denote the ground truth.

Table 5. The performance of five deep learning detectors on the
testing set of LS-SSDD-v1.0

Model Backbone Epoch mAP/%
Cascade R-CNN  ResNet50-vd-SSLDv2-FPN 12 83.25
Faster R-CNN ResNet50-vd-SSLDv2-FPN 12 81.57
DCN ResNet50-vd-FPN 12 82.58
DETR ResNet50 300 58.87
PP-YOLO v2 ResNet50_vd 300 49.70

Note: In different backbone, vd means employing ResNet with ver-
sion D (He et al., 2019), SSLD means employing Simple Semi-super-
vised Label Distillation (Cui et al., 2021), and FPN means employing
Feature Pyramid Networks (Lin et al., 2017). DCN, Deformable Con-
vNets v2; DETR, Deformable Transformers. The best performance is
highlighted in bold.

ively detect ship targets and ensure a high detection rate after set-
ting an appropriate pr.. However, a large number of false alarms
are generated that are even more numerous than ship targets.
Cascade R-CNN is comparable to the high detection rate of the
CFAR detector, and the FAR is significantly lower. It is worth not-
ing that, Cascade R-CNN has a good performance on the test set
of LS-SSDD-v1.0. However, in terms of the practical application

capability, the FAR under VV polarization is close to 60% and un-
der VH polarization is around 30%, which will still seriously af-
fect subsequent applications, and the discrimination process is
required.

3.3.2 Discrimination results

Multiple comparative experiments are carried out to compar-
atively analyze the effectiveness of the proposed method. The
three classification models and three feature groups with the best
performance (referring to the average accuracy in Table 4) are se-
lected to implement the tri-training process, namely, the com-
plex DT, weighted KNN, and linear DA models and the feature
groups 1, 10, and 11. Specifically, traditional tri-training is de-
noted by TT, which is based on these three models and the No. 10
feature group. TT is improved by enhancing the diversity via ran-
domly combining these three models with three feature groups is
denoted by D-TT. The tri-training process is implemented by the
top three discriminators obtained by preliminary screening and
is denoted by PS-TT. In contrast, the proposed method employs
all five initial discriminators.

The results over these three subimages obtained by the initial
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Fig. 5. Three subimages and the detection results by the Cascade R-CNN. The green boxes denote the detection results; the red boxes

denote the ground truth.

Table 6. The results of the constant false alarm rate detectorand Table 7. The discrimination results of the initial discriminators

Cascade R-CNN over three subimages

and refined discriminators

Missed False

Missed False

Methods ships alarms PoD/% FAR/% FOM/% Discriminators ships _alarms PoD/% FAR/% FOM/%
K-CFAR_VV 4 183 97.95 93.85 50.53 Initial complex Tree 11 5 94.36 2.56 92.00
K-CFAR_VH 1 257 99.49 131.79 42.92 linear DA 10 12 94.87 6.15 89.37

Cascade R-CNN_VV 2 114 98.97 58.46 62.46 weighted KNN 11 31 94.36 15.90 81.42
Cascade R-CNN_VH 5 64 97.44 32.82 73.36 Gaussian SVM 19 7 90.26 3.59 87.13
Note: PoD indicates the probability of detection, FAR indicates the quadratic LR 20 10 89.74 5.13 85.37
false alarm rate, and FOM indicates the figure of merit. Refined complex Tree 9 5 97.44 462  93.14
discriminators and the discriminators refined by the proposed linear DA 12 3 9846  6.15  92.75
method are shown in Table 7. In contrast, all the initial discrim- weighted KNN 8 4 97.95 410 94.09
inators can greatly reduce false alarms while ensuring a high de- Gaussian SVM 4 6 9692 205 9497
tection rate of more than 90%; among them, the complex DT is quadratic LR 6 3 98.46  3.08 95.52

superior to the others. The FOM of each initial discriminator has
been improved by the proposed training process as more ships
are correctly identified and more false alarms are eliminated;
specifically, the FAR dropped to less than 7%, and the PoD re-
mained above 96%. The most obvious improvement is the
weighted KNN with a FOM that increased more than 12%, and
the refined quadratic LR model is more accurate than other dis-

Note: PoD indicates the probability of detection, FAR indicates the
false alarm rate, and FOM indicates the figure of merit. DA, discrim-
inant analysis; KNN, knearest neighbor; SVM, support vector ma-
chine; LR, logistic regression.

criminators.
The discrimination results obtained by TT, D-TT, PS-TT, and
the proposed method are shown in Table 8. The FOM of D-TT is
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Table 8. The discrimination results of the different semisuper-
vised methods

Methods Missed ships False alarms PoD/% FAR/% FOM/%
TT 10 10 94.87 5.13 90.24
D-TT 10 5 94.87 256 92.50
PS-TT 5 8 97.44 4.10 93.63
Proposed method 2 3 98.97 1.54 97.47

Note: PoD indicates the probability of detection, FAR indicates the
false alarm rate, and FOM indicates the figure of merit.

slightly higher than that of TT since the diversity of D-TT has
been increased by the other two feature groups. PS-TT outper-

forms D-TT, showing the effectiveness of the preliminary screen-
ing for determining the initial discriminators so that fewer incor-
rect labels are selected in the training process. It is observed that
the differences between TT, D-TT, and PS-TT are not obvious, as
they are all constructed by the discriminators selected from Ta-
ble 4 with better performance and relatively small gaps. Com-
pared with PS-TT, the results show that the proposed method can
greatly reduce the number of false alarms while maintaining a
high PoD, which will save considerable time in subsequent ap-
plications. The discrimination result images of TT, D-TT, PS-TT,
and the proposed method are given in Figs 6-8. All the targets are
marked by bounding boxes; the correct detections are marked

Fig. 6. Ship target discrimination results of subimage No. 3. a. Results by TT; b. results by D-TT; c. results by PS-TT; d. results by the
proposed method. Correct detections are marked with red boxes, false alarms are marked with green boxes and are numbered, the
missed ships are marked with blue boxes and are numbered.

Fig. 7. Ship target discrimination results of subimage No. 4. a. Results by TT; b. results by D-TT; c. results by PS-TT; d. results by the
proposed method. Correct detections are marked with red boxes, false alarms are marked with green boxes and are numbered, the
missed ships are marked with blue boxes and are numbered.
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Fig. 8. Ship target discrimination results of subimage No. 5. a. Results by TT; b. results by D-TT; c. results by PS-TT; d. results by the
proposed method. Correct detections are marked with red boxes, false alarms are marked with green boxes and are numbered, the

missed ships are marked with blue boxes and are numbered.

with red boxes, the false alarms are marked with green boxes and
are numbered, the missed ships are marked with blue boxes and
are also numbered. At the same time, considering that some in-
correctly discriminated targets are too small in these large
scenes, these targets are extracted and listed on the right side of
the resulting images.

As shown in Figs 6-8, all the methods show good discrimina-
tion competence and are able to select ships from most of the
candidate targets and avoid false alarms. However, there are still
a few misidentified targets, mainly due to missed small ships and
false alarms caused by objects that have geometric and texture
features similar to those of the ships. We noticed that all the
methods can deal with false alarms caused by azimuth ambigu-
ity, sidelobes, and the residual image caused by azimuth shift. In
Figs 6 and 8, a small number of islands are misidentified as ships
by TT, D-TT, and PS-TT. The proposed method is able to reduce
such misjudgments. As seen in Figs 7 and 8, there are many small
ships with only a few pixels in these images, some of which are
affected by sidelobes or azimuth ambiguity of other strong tar-
gets around them that affect the prediction results, causing
missed detections. TT, D-TT, and PS-TT all produced some
missed detections, and the proposed method improved this situ-
ation. By comprehensive analysis, the results of these four SSL
methods confirm that increasing the diversity and determining
the appropriate initial discriminators can improve the discrimin-
ation performance. In addition, further improvements are
achieved by adopting more heterogeneous discriminators. The
test data support that the proposed method can stably improve
the discrimination performance and has superior generalizabil-
ity compared with the traditional tri-training.

4 Conclusions
In this paper, a semisupervised heterogeneous ensemble
method is proposed for improving the performance of ship tar-

get discrimination in SAR images by mining the information from
unlabeled samples. First, the discrimination ability of four kinds
of SAR image features and five traditional classification models
with their classic variants are investigated. Based on this analysis,
compared with traditional tri-training, further improvements are
achieved by increasing the diversity of the discriminators, de-
termining the appropriate initial discriminators, and employing
multiple heterogeneous discriminators. Experiments carried out
with Sentinel-1 SAR images show that the optimal result of the
CFAR detector is a FOM of 50.53%, and the Cascade R-CNN de-
tector is a FOM of 73.36%. In contrast, the initial discriminators
can greatly reduce false alarms while ensuring a high detection
rate, and the highest FOM is 92.00%. Their performance im-
proved after the training process, and the most obvious improve-
ment is the weighted KNN with the FOM increasing by more than
12%. The more reliable result comes from the proposed method
with a FOM of 97.47%, which increased more than 7% compared
with traditional tri-training. In addition, the results show that the
Old-Lincoln features contribute the most to the discrimination,
and blindly employing all the features may lead to degradation
due to feature redundancy. Therefore, future work will utilize fea-
ture manipulation to improve discrimination performance.
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