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Abstract: In synthetic aperture radar (SAR) images, pixel-level Ground Truth (GT) is a
scarce resource compared to Bounding Box (BBox) annotations. Therefore, exploring the
use of unsupervised instance segmentation methods to convert BBox-level annotations into
pixel-level GT holds great significance in the SAR field. However, previous unsupervised
segmentation methods fail to perform well on SAR images due to the presence of speckle
noise, low imaging accuracy, and gradual pixel transitions at the boundaries between targets
and background, resulting in unclear edges. In this paper, we propose a Multi-threshold
Adaptive Decision Network (MtAD-Net), which is capable of segmenting SAR ship images
under unsupervised conditions and demonstrates good performance. Specifically, we
design a Multiple CFAR Threshold-extraction Module (MCTM) to obtain a threshold vector
by a false alarm rate vector. A Local U-shape Feature Extractor (LUFE) is designed to
project each pixel of SAR images into a high-dimensional feature space, and a Global
Vision Transformer Encoder (GVTE) is designed to obtain global features, and then, we use
the global features to obtain a probability vector, which is the probability of each CFAR
threshold. We further propose a PLC-Loss to adaptively reduce the feature distance of
pixels of the same category and increase the feature distance of pixels of different categories.
Moreover, we designed a label smoothing module to denoise the result of MtAD-Net.
Experimental results on the dataset show that our MtAD-Net outperforms traditional
and existing deep learning-based unsupervised segmentation methods in terms of pixel
accuracy, kappa coefficient, mean intersection over union, frequency weighted intersection
over union, and F1-Score.

Keywords: unsupervised segmentation; PLC-Loss; SAR ship images; Vision Transformer;
MtAD-Net

1. Introduction
A synthetic aperture radar (SAR) can work in all-weather conditions. It can monitor

the target area without being affected by extreme weather such as haze, dark clouds, and
rain [1].

With the rapid development of spaceborne SAR systems such as RADARSAT-2 [2],
TerraSAR-X [3], Sentinel-1 [4], and Gaofen-3 [5], SAR images have attracted great attention
in many applications such as maritime surveillance, ocean monitoring, fishery control, ship
detection, etc. [6–9]. As the fundamental application of SAR images, SAR ship segmentation
has received extensive attention in recent years.
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In order to perform target segmentation of images, many traditional methods
have been proposed. The traditional target segmentation mainly involves threshold-
based [10–13], region-based [14–16], wavelet-based [17], and cluster-based methods [18].
These methods have achieved good performance on simple images, but they basically rely
on handcrafted features and fixed hyperparameters. However, SAR backscatter is affected
by the speckle noise and the imaging geometry, making targets in SAR images normally
present heterogeneous backscatter intensity with incompleteness and discontinuity shapes.
These methods usually result in inaccurate segmentation results.

With the development of deep learning, many deep neural network frameworks have
been widely employed in the field of image segmentation. Although these methods have
high robustness and scalability and avoid the uncertainty caused by noise, the training of
these networks is still demanding on the number of validity marker samples of SAR images.
However, pixel-level Ground Truth (GT) is a scarce resource in the SAR image domain,
because it requires extensive expertise and a significant amount of time. Compared with
pixel-level GT, Bounding Box (BBox)-level annotations are easier to obtain, but they also
contain noise around the target. Therefore, exploring the use of unsupervised instance
segmentation methods to transform BBox-level annotations into pixel-level GT holds great
significance in the SAR field.

Meanwhile, unsupervised deep learning methods for image segmentation are also
emerging, which are mainly categorized into four classes [19–25]. The first class is to
train the encoder–decoder structure to complete the feature extraction of image pixels,
followed by single-step decision making. The second class is to design the loss function
through information invariance and equivalence so that the neural network clusters the
features corresponding to each pixel, and then completes the segmentation based on the
clustering results. The third class is based on the method of superpixel segmentation
and merging [26], designing the corresponding loss function for the characteristics of
superpixel to complete the unsupervised segmentation of the image. The last class is based
on Generative Adversarial Networks (GANs) [27], which obtains networks with the ability
to segment images into foreground and background while adversarial training. These
methods enable further performance improvement in the field of unsupervised image
segmentation. However, due to the fact that SAR images are characterized by speckle noise,
low imaging resolution, and unshaped boundaries, the existing deep learning methods are
not accurate enough to locate the targets in SAR images.

In order to address the above problems, we firstly design a Multiple CFAR Threshold-
extraction Module (MCTM). Specifically, this module uses the CFAR detector to extract
the corresponding thresholds based on multiple false alarm rates that vary from small to
large. Then, we designed an adaptive decision network. Inspired by Unet [28] and Vision
Transformer [29], our adaptive decision network contains two modules, Local U-shape
Feature Extractor (LUFE) and Global Vision Transformer Encoder (GVTE), where LUFE
projects each pixel to a high-dimensional feature space, and GVTE encodes the input
image, extracts global features, and outputs the probability corresponding to each CFAR
threshold. The vector inner product of the outputs of GVTE and MCTM is then computed
to perform adaptive decision making for multi-thresholding. In addition, we design a new
pixel-level contrast loss function (PLC-Loss) with reference to contrast learning, which can
reduce the distance in the feature space of pixels with the same category in the image and
increase the distance in the feature space of pixels with different categories, so as to realize
fine segmentation of SAR ship image targets in an unsupervised way. Finally, we design
a label smoothing module to denoise the result of MtAD-Net. Our code is available at
https://github.com/xjf20010726/MtAD-Net (accessed on 30 November 2024).

Our main contributions are summarized as follows:

https://github.com/xjf20010726/MtAD-Net
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1. We propose a new network model named Multi-threshold Adaptive Decision Network
(MtAD-Net). Unlike existing methods, our approach utilizes the CFAR algorithm
to analyze the sea clutter noise around the ship based on different false alarm rates,
obtaining the corresponding thresholds and achieving adaptive decision fusion. This
process enables accurate localization of the ship’s target boundary and segmentation
into continuous regions.

2. We design a pixel-level contrast loss function (PLC-Loss) that reduces the distance
of pixels within the same category and increases the distance of pixels of different
categories so that the model can converge quickly under unsupervised conditions.

3. Experimental results show that unsupervised instance segmentation of SAR ship
images is a challenging task, and previous unsupervised segmentation methods
cannot provide precise results. Our method achieves state-of-the-art (SOTA) results
in five metrics [30]: Pixel Accuracy (PA), Mean Intersection over Union (MIoU),
Frequency Weighted Intersection over Union (FWIoU), kappa (K), and F1-Score (F1).

2. Related Work
2.1. Unsupervised Deep Learning Segmentation Method for Optical Images

These approaches can be mainly categorized into four classes, reflecting significant
associations and differences in their techniques for feature extraction, representation opti-
mization, and semantic consistency.

Encoder–decoder architectures serve as foundational methods in unsupervised seg-
mentation, leveraging hierarchical compression and reconstruction of image resolution to
integrate multi-scale features. These approaches, such as W-Net [19], often incorporate
reconstruction tasks to balance local boundary details and global semantic information.

To address the challenge of aligning pixel features with semantic concepts, methods
based on invariance and equivariance introduce loss functions that optimize feature robust-
ness against photometric and geometric transformations. For instance, IIC [20] employs
mutual information maximization to ensure semantic consistency across different views,
while PiCIE [23] further strengthens geometric and photometric invariance for enhanced
global feature stability. In contrast, Kim-Net [22] focuses on local feature continuity and
similarity, complementing global consistency approaches.

On the other hand, methods based on superpixel segmentation and merging utilize
prior local structural information to optimize both segmentation boundaries and regional
coherence. Superpixel-based methods, such as LPC [25] and DIC [22], begin with initial
image over-segmentation and refine the results through local feature similarity and global
semantic constraints. LPC employs dual loss mechanisms to enhance boundary aware-
ness, whereas DIC iteratively updates cluster centers to improve segmentation stability
and granularity.

GAN-based methods exploit the generative capabilities of adversarial networks to ex-
tract semantic features for segmentation, enabling foreground and background separation.
Labels4Free [24] exemplifies this category by extending the StyleGAN [31] generator archi-
tecture to include a segmentation branch, producing high-quality foreground/background
masks during adversarial training.

The above methods are designed for RGB images and perform well on them. Com-
pared to RGB images, SAR images exhibit speckle noise, lower imaging accuracy, and
gradient pixel changes at target edges and backgrounds. These methods fail to achieve the
expected segmentation results for SAR images due to their unique characteristics.
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2.2. Unsupervised Deep Learing Segmentation Method for SAR Images

Unsupervised segmentation in SAR imagery is a challenging task due to the modal-
ity’s inherent speckle noise, complex scene structures, and the high cost of labeled data
acquisition. Recent advancements leverage domain adaptation and SAR-specific deep
learning techniques to address these challenges, focusing on bridging the modality gap
and exploiting the unique spatial and semantic properties of SAR data.

A SAR-specific method, such as IDUDL [32], first combines a feature extraction net-
work with SLIC [26] to generate pseudo-labels for input images. Then, it trains a fully
convolutional neural network (FCN) [33] using these pseudo-labels to obtain segmenta-
tion results. These two steps are iterated alternately, with the generated pseudo-labels
enhancing the performance of the segmentation network. Additionally, the segmentation
network’s output feeds back to the feature extraction network, refining the pseudo-labels.
Once the generated pseudo-labels stabilize, the segmentation network’s output represents
the final segmentation result.

In contrast, domain adaptation methods like CDA-SAR [34] focus on cross-modal
knowledge transfer. It consists of a Sample-level Image Transfer (SIT) module and a
Feature-level Domain Adaptation (FDA) module, which supports cross-domain instance
segmentation in SAR images. The SIT module transfers the image style from optical images
to SAR images with Generative Adversarial Networks. Then, the pseudo-SAR images with
fine labeling and the unlabeled SAR images are fed into the segmentation network, and
the cross-domain alignment of features is realized based on the instance-level contrastive
learning of the FDA module, so as to complete the segmentation of SAR images.

Although these methods are designed for SAR images and have demonstrated sig-
nificant potential, the pseudo-labels generated by IDUDL are affected by the superpixel
merging mechanism, leading to edge localization errors. Consequently, the segmentation
results obtained using pseudo-labels for training also suffer from inaccurate edge localiza-
tion. CDA-SAR is a cross-domain segmentation method that uses optical images as the
source domain. However, the feature alignment between optical and SAR images may
cause the unique features of SAR images to be lost, leading to segmentation discontinuities
and edge localization errors.

3. Method
In this section, we introduce the proposed MtAD-Net (Sections 3.1–3.4), the PLC-Loss

(Section 3.5), and the label smoothing module (Section 3.6) in detail.

3.1. Overall Architecture

As shown in Figure 1, the proposed MtAD-Net takes a single image as input to
the Multiple CFAR Threshold-extraction Module (Section 3.2), Local U-shape Feature
Extractor (Section 3.3), and Global Vision Transformer Encoder (Section 3.4) to obtain an
adaptive threshold.
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Global Vision Transformer Encoder (GVTE)

Local U-shape Feature Extractor (LUFE)

CentreCrop+ Resize

Resize

Loss function

Back Propagation

inner 
product

smooth

Multiple CFAR Threshold extraction Module (MCTM)

Figure 1. The overall architecture. In MCTM, thresholds corresponding to different false alarm
rates are extracted. The LUFE module maps each pixel in the image to a high-dimensional feature
space. The GVTE module employs a Vision Transformer structure to extract global features and maps
these global features to the probabilities corresponding to the MCTM output thresholds. We use the
designed loss function to update the weights of LUFE and GVTE.The inner product of the output
vectors from MTCM and GVTE modules serves as the segmentation threshold for the input image.
After segmentation, the result undergoes smoothing through the label smoothing module to obtain
the final segmentation result.

Section 3.2 introduces the Multiple CFAR Threshold-extraction Module (MCTM). The
input image is first divided into the noise region and the object region. We count all pixels
in the noise region and obtain corresponding thresholds according to different false alarm
rates, and finally obtain a set of threshold vectors T = {T1, T2, ..., Tn} ∈ ZN , where N
indicates the number of false alarm rates. Section 3.3 introduces the Local U-shape Feature
Extractor (LUFE). We feed the image into the LUFE and obtain the pixel-level feature
F ∈ RC×H×W , where C, H, and W denote the channel, height, and width of the feature map.
Section 3.4 introduces the Global Vision Transformer Encoder (GVTE). We feed the image
into GVTE and obtain a set of probability vectors P = {P1, P2, ..., Pn}, where Pi denotes the
probability of Ti. We define the final adaptive threshold as

Tf inal =
n

∑
i=1

Pi × Ti (1)

3.2. Multiple CFAR Threshold-Extraction Module

In this module, as shown in Figure 2, we first divide a SAR ship image with size
H ×W into object region and noise region according to the given two thresholds τ1 and τ2,
and the region separation algorithm is shown in Algorithm 1.
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Noise region

Object region

Figure 2. The image is divided into target region and noise region.

Algorithm 1 Get Noise Region.

Input: Image, τ1, τ2
Output: Noise region

1: clu1← f latten(Image[0 : τ1, :])
2: clu2← f latten(Image[H − τ1 : H, :])
3: clu3← f latten(Image[τ1 : H − τ1, 0 : τ2])
4: clu4← f latten(Image[τ1 : H − τ1, W − τ2 : W])
5: clu← concat(clu1; clu2; clu3; clu4)
6: Noise region← RemoveLargeValue(clu)
7: return Noise region

The function of RemoveLargeValue() is to sort all pixels in the noise area from smallest
to largest, and then remove the bottom 5% of pixel values, retaining only the top 95%.

We model the noise region and calculate the probability of each pixel value ap-
pearing in the noise region. Then, we use a given set of false alarm rate vectors
Fa = {Fa1, Fa2, ..., Fan}, and for each given false alarm rate Fai, we find the threshold
Ti that satisfies the condition. We use Algorithm 2 to find the threshold Ti that best satisfies
the false alarm rate Fai. The vector composed of these threshold values Ti is the threshold
vector T of the MCTM output. In Algorithm 2, Hist is the histogram of the noise region,
which represents the statistical frequency of pixel intensities, and Fa is the false alarm
rate vectors.

Algorithm 2 Get Threshold T by Fa.

Input: Hist, Fa
Output: T

1: n← len(Fa)
2: for each i ∈ [1, n] do
3: P← 0
4: j← 255
5: while j ≥ 0 do
6: if P ≥ Fai then
7: Ti ← j
8: break
9: end if

10: P← P + Hist[j]
11: j← j− 1
12: end while
13: end for
14: T ← {T1, T2, ..., Tn}
15: return T

3.3. Local U-Shape Feature Extractor

The proposed Local U-Shape Feature Extractor (LUFE) is designed to map each pixel
of SAR image into a high-dimensional feature space. The structure of the LUFE module
is shown in Figure 3a. For the input image X0 ∈ RC0×H0×W0 , we use the Down module to
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extract local features, and we can obtain local features X
′
i−1 ∈ RCi−1×

H0
2i−1×

W0
2i−1 , i ∈ {1, 2, 3}.

We use maximum pooling for X
′
i−1 to obtain Xi ∈ RCi×

H0
2i ×

W0
2i , i ∈ {1, 2, 3}. In order to

obtain the feature map with the same resolution as the input SAR image, we design the

Up module to up-sample the local features map Fi ∈ RCi×
H0
2i ×

W0
2i , i ∈ {1, 2, 3}. Xi−1 will be

concatenated with the feature map Fi after up-sampling operation as the input of Up to
generate Fi−1. The output of LUFE is F0, which is a feature map with the same resolution as
the original SAR image, and it maps every pixel in the SAR image into a high-dimensional
feature space. The processing of the LUFE can be expressed as

X
′
i−1 = Down(Xi−1), i ∈ {1, 2, 3} (2)

Xi = Maxpool(X
′
i−1), i ∈ {1, 2, 3} (3)

F3 = X3 (4)

Fi−1 = Up{Concat[X
′
i−1, Upsample(Fi)]}, i ∈ {1, 2, 3} (5)

where Down () and Up () are the Down model and Up model designed by us, respectively.
Their structures are shown in Figure 3b,c, respectively. The internal structure of the two
models is the same, and both use two convolutional neural networks with kernel sizes of
3× 3, two InstanceNorm layers, and two ReLU activation function layers. They also use a
skip connection to prevent information loss.

Down 0

Down 1

Down 2

Up 2

Up 1

Up 0

Maxpool

Maxpool

Maxpool

Upsample

Upsample

Upsample

(a) LUFE

Conv 3*3

InstanceNorm

ReLU

Conv 3*3

InstanceNorm

ReLU

ShortCut

(b) Down

UpSampleC

Conv 3*3

InstanceNorm

ReLU

Conv 3*3

InstanceNorm

ReLU

ShortCut

Up

(c) Up

Figure 3. Illustration of the Local U-shape Feature Extractor. (a) The overall structure of the LUFE
module. After the input image passes through three Down modules and three Up modules, the
feature map of the image is obtained. (b) The specific structure of the Down module. (c) The specific
structure of the Up module.

3.4. Global Vision Transformer Encoder

As mentioned in [29,35], the Vision Transformer architecture has a powerful global
perception capability, and the multi-head self-attention mechanism enables it to capture
richer feature information. Through the combination of different attention heads, Vision
Transformer can better understand the relationship between different regions in an image.
Based on this, we make a minor modification to the Vision Transformer architecture and
propose the GVTE module. This module can deeply understand the relationship between
noise regions and ship targets, capture the global features of ship images, and provide
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corresponding probability weights for the thresholds obtained by the CFAR algorithm at
different false alarm rates.

The structure of the GVTE is shown in Figure 4a. Input images X0 are flattened into
2D patches Eem ∈ RN×(P2C0), where N = (H0W0/P2) is the number of patches, (P, P) is the
resolution of each patch, (H0, W0) is resolution of the input images, and C0 is the number of
channels. We concatenate a learnable embedding named Cls_token with Eem. Then, we add
the position embedding Epos to the entire patch embedding sequence to obtain embedded
tokens E0 ∈ R(N+1)×(P2C0). This process can be expressed as

E0 = Epos + Concat(Cls_token, Eem) (6)

MLP head

Transformer Encoder

SoftMax Probabilities of each 
CFAR threshold

Input

Patch + position
Embedding

(a) GVTE

Embedded
patches

Norm

Muti-head
Attention

MLP

Norm

3×

(b) Transformer Encoder

Figure 4. Illustration of the Global Vision Transformer Encoder. (a) The overall structure of the
GVTE module. After Patch and Position Embedding, we feed it into Transformer Encoder, the global
features of the image can be obtained. After MLP and SoftMax, global features can be mapped to the
probabilities of each CFAR threshold. (b) The specific structure of Transformer Encoder.

Embedded tokens E0 are fed into the Transformer Encoder to extract the global features
E3 of the input image. The Transformer Encoder structure is shown in Figure 4b. It
consists of three blocks, each consisting of alternating layers of multi-head self-attention
mechanisms and MLP layers. And LayerNorm (LN) is applied before every layer, and
residual connections after every layer.

Therefore, each block’s input Ei−1 will be divided into m heads after LayerNorm, and
then fed into the multi-head self-attention to obtain interaction tokens Eai. We define these
processes as

Eai = MSA[LN(Ei−1)] + Ei−1 (7)

In each head, the multi-head self-attention module MSA defines three trainable weight
matrices to transform queries Q, keys K, and values V. Then, Eai are fed into the MLP
module to obtain Ei, and the result of MLP can be expressed as

Ei = MLP[LN(Eai)] + Eai (8)
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Then, we input E(0)
3 into the MLP head module and use the softmax function on the

MLP head’s output to obtain the probability vector P = {P1, P2, ..., PN} ∈ RN , where N is
the number of false alarm rates, and Pi denotes the probability of each threshold Ti. The
result of P can be expressed as

P = So f tMax[MLP_head(E(0)
3 )] (9)

3.5. Pixel-Level Contrast Loss Function

We hope to achieve the segmentation of SAR ship images under unsupervised condi-
tions. In the process of training, since there is no GT to guide the model training, the CE
Loss [36] commonly used in semantic segmentation cannot be used to train the model. So
we need to design a new loss function to guide the model training.

In contrastive learning, InfoNCE loss [37] can not only increase the similarity between
positive samples, but also reduce the similarity between negative samples. Inspired by
this method, we hope to achieve the results as shown in Figure 5; that is, after the model
is trained by the loss function, each pixel of the image is projected into the feature space,
the distance between pixels of the same category is as small as possible, and the distance
between pixels of different categories is as large as possible. To achieve this goal, we first
define a distance function.

Dist(j, k) = 1− 2 ∗ Sigmoid(−
√

2− 2Cos(F0(j), F0(k))) (10)

where F0 denotes the output of the LUFE module, and j and k denote two pixels in F0.
This distance function shows that, if two pixels are closer to the same category, then their
distance in feature space tends to 0. Otherwise, their distance in feature space tends to 1.

(a) Before training

min

min

max

(b) After training

Figure 5. Schematic diagram of the role of the PLC-Loss function. (a) Distribution of different
categories of pixels in the feature space before training. (b) Distribution of different categories of
pixels in feature space after training.

Then, we divide all the pixels of the SAR image into two sets: ship and noise. The two
sets are divided as follows:

SShip = {j|Pix(j) > T} (11)

SNoise = {j|Pix(j) ≤ T} (12)

where Pix() denotes the pixel value of the image, j denotes the index, and T denotes the
CFAR threshold.

We set the ship class as a positive sample and the sea surface noise as a negative
sample, so we define the following positive sample pair set SPo and negative sample pair
set SNe.

SPo = {(j, k)|j ∈ SShip ∧ k ∈ SShip} (13)
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SNe = {(j, k)|j ∈ SNoise ∧ k ∈ SNoise} (14)

From the above definition, we compute the sum of the feature distances of pixels
belonging to SPo and the sum of the feature distances of pixels belonging to SNe respectively.

DP = ∑
(j,k)∈SPo

Dist(j, k) (15)

DN = ∑
(j,k)∈SNe

Dist(j, k) (16)

In order to realize our assumption that the feature distance of pixels of the same
category is as small as possible, and the feature distance of pixels of different categories is
as large as possible, we define the loss function as

Loss =
DP + DN

∑j,k∈allpixel Dist(j, k)
(17)

In order to make an adaptive decision, multiple false alarm rates can be selected to
define multiple thresholds with CFAR detector, and these thresholds are comprehensively
considered to obtain an adaptive result. Let the threshold obtained by the i-th false alarm
rate be Ti, the corresponding loss result is Lossi. According to a series of given false
alarm rates, we obtain the final loss function PLC-Loss by summing all Lossi according to
the weights.

PLC-Loss =
N

∑
i=1

Pi × Lossi (18)

where Pi denotes the output of the GVTE module, meaning the probability weight of the
threshold Ti provided by MCTM.

3.6. Label Smoothing Module

The SAR ship image is segmented by the output of MtAD-Net (Tf inal). We find that
there is salt noise in the sea surface area and pepper noise in the ship area. Therefore, we
design a label smoothing module to denoise.

In the label smoothing module, we first apply a median filter to the output, smoothing
the edges and removing the small size of the pepper noise. Then,we use an eight-connected
neighborhood clustering module [38] to cluster all pixels, calculate the area of each con-
nected domain, and retain the max area of the connected domain. If any two pixels (x0, y0)

and (x1, y1) in result maps M have intersection areas in their eight-connected neighbor-
hoods, i.e.,

N8(x0, y0) ∩ N8(x1, y1) ̸= 0 (19)

where N8(x0, y0) and N8(x1, y1) represent the eight-connected neighborhoods of pixel
(x0, y0) and (x1, y1), respectively. Then, (x0, y0) and (x1, y1) are judged as adjacent pixels.
If these two pixels have the same value, i.e.,

Pix(x0, y0) = Pix(x1, y1) ∀(Pix(x0, y0), Pix(x1, y1)) ∈ M (20)

where Pix(x0, y0) and Pix(x1, y1) represent the value of pixel (x0, y0) and (x1, y1), respec-
tively, and these two pixels are considered to belong to the same connected domain. Once
all the connected domains in the image are determined, the area can be calculated according
to the number of their pixels, and then only the area with the largest area is reserved, which
can effectively suppress the salt noise on the sea surface.
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Finally, according to the area of the SAR ship image, the different size of the kernels is
used to perform morphological close operation, which can effectively suppress the large
size pepper noise in the ship area. This process can be represented by Algorithm 3.

Algorithm 3 Denoise large size of pepper noise in the ship area

Input: Image
Output: I

1: H, W ← Size(Image)
2: Area← H ×W
3: if Area ≤ 1000 then
4: kernel ← (7, ⌈7× W

H ⌉+ 1)
5: else if Area ≤ 8000 then
6: kernel ← (10, ⌈10× W

H ⌉+ 1)
7: else
8: kernel ← (21, ⌈21× W

H ⌉+ 1)
9: end if

10: I ← close(Image, kernel)
11: return I

4. Experiment
In this section, we first introduce the dataset we used and our evaluation metrics,

and then we cover the implementation details. After that, we compare our MtAD-Net
with several unsupervised segmentation methods. Ablation studies are conducted to
validate the reasonableness of the parameter choices and the effectiveness of the proposed
module. Finally, we investigate the relationship between the final segmentation threshold
Tf inal and the given false alarm rate vector Fa, demonstrating the effectiveness of adaptive
decision fusion.

4.1. Dataset

(1) SSDD: This dataset is the earliest open source SAR image dataset and has made
significant contributions to the development of oriented detectors. It contains 1160 images
and 2456 objects (ships). The images in SSDD are acquired by TerraSAR-X, RadarSat-2, and
Sentinel-1 sensors [2–4]. The image size ranges from 200 to 700, with a resolution of 1 to
15 m.

After the re-labeling by Zhang et al. [8], the SSDD dataset now contains three versions,
BBox-SSDD, RBox-SSDD, and PSeg-SSDD, and the number of SSDD targets changed to
2587. We used 2041 ship images out of 928 SSDD images for training and 546 ship images
out of 232 SSDD images for testing according to the division of Zhang et al.

(2) HRSID: This dataset [9] is composed of high-resolution SAR images for ship
detection, semantic segmentation, and instance segmentation tasks. The image size is
800× 800. This dataset includes 5604 high-resolution SAR images with 16951 ship instances.
HRSID dataset with resolutions of 0.5, 1, and 3 m. We cropped all the ships and used 65%
of all the ship images for training and 35% of all the ship images for testing.

In order to obtain more background information, we changed the BBox coordinates
from (xmin, ymin, xmax, ymax) to (xmin − 15, ymin − 15, xmax + 15, ymax + 15) when cropping
the ships in the SSDD and HRSID images.

Finally, we crop the corresponding position of mask in PSeg-SSDD and HRSID as GT
for subsequent evaluation of the performance of our unsupervised segmentation model.
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4.2. Evaluation Metrics

The performance of MtAD-Net on the dataset is evaluated using the pixel accuracy
(PA), kappa coefficient (kappa), mean intersection over union (mIoU), frequency weighted
intersection over union (FWIoU), and the F1-score (F1).

(1) Pixel Accuracy: PA is the simplest metric, used to calculate the ratio between the
number of correctly categorized pixels and the total number of pixels. It is computed as

PA =
TP + TN

TP + TN + FN + FP
(21)

where TP denotes the number of pixels for which both the prediction result and the true
value are ships. TN denotes the number of pixels for which both the prediction result
and the true value are backgrounds. FP denotes the number of pixels that are actually
backgrounds but are predicted to be ships. FN denotes the number of pixels that are
actually ships but are predicted to be backgrounds.

(2) Kappa coefficient: Kappa is a measure of classification accuracy. Usually, kappa
falls between 0 and 1. Kappa can indicate the level of consistency, and when the kappa
coefficient is greater than 0.80, the consistency between the predicted results and GT can be
considered almost perfect. It can be computed as

po =
TP + TN

TP + TN + FP + FN
(22)

pe =
(TP + FP) ∗ (TP + FN) + (TN + FP) ∗ (TN + FN)

(TP + TN + FP + FN) ∗ (TP + TN + FP + FN)
(23)

Kappa =
po − pe

1− pe
(24)

(3) Mean Intersection over Union: This is a standard metric, which calculates the ratio
of intersection and union between two sets, which in image segmentation are the two sets
of GT and predicted values. The intersection and concatenation ratio within each class is
calculated first and then the mean value is calculated. It can be converted to the ratio of TP
to the sum of TP, FN, FP.

MIoU =
1
2
(

TP
TP + FP + FN

+
TN

TN + FN + FP
) (25)

(4) Frequency Weighted Intersection over Union: This is a slight improvement on
MIoU, which assigns weight to each class based on its frequency of occurrence. It can be
computed as

FWIoU =
( TP∗(TP+TN)

TP+FP+FN + TN∗(TN+FP)
TN+FN+FP )

TP + TN + FP + FN
(26)

(5) F1-Score: The F1-score is a measure of classification issues. Its value is between 0
and 1. It is the harmonic average of precision and recall. It can be computed as

Precision =
TP

TP + FP
(27)

Recall =
TP

TP + FN
(28)

F1− Score =
2Recall × Precision
Recall + Precision

(29)
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4.3. Implementation Details

The proposed MtAD-Net is composed of three modules: MCTM, LUFE, and GVTE.
For MCTM, we set the false alarm rate Fa = {0.005, 0.01, 0.1, 0.25, 0.5}. For LUFE, all input
images are resized to 96× 96 after CentreCrop. ResNet is chosen as our LUFE backbone.
The output channels for Down0, Down1, and Down2 are set to 8, 16, and 32. The output
channels of Up0, Up1, and Up2 are set the same as the output channels of the Down module.
For GVTE, utilizing Vit as the backbone, all images are resized to 96× 96; then, the size
of each patch is set to 6× 6, the number of heads is set to 12, and the number of layers of
the Transformer Encoder is set to 3. We initialize the parameters with SARShipDataset and
LS-SSDD’s pre-trained weight [39,40]. Our network was trained using the PLC-Loss and
optimized by the Adam method [41] with the CosineAnnealingLR scheduler. We set the
learning rate, batch size, and epoch as 1× 10−5, 2, and 100, respectively. All models were
implemented in PyTorch [42] on a computer with an Intel(R) Xeon(R) Gold 6342 CPU @
2.80 GHz and an NVIDIA A800 80 GB PCIe GPU.

4.4. Comparison with Representative Methods

To demonstrate the superiority of our method, we compare the MtAD-Net with several
representative methods, including two traditional methods (OTSU [10] and CFAR [13]),
two deep learning methods for optical images (Kim-Net [21] and PiCIE [23]), and two
deep learning methods for SAR images (IDUDL [32] and CDA-SAR [34]). For a fair
comparison, we retrained all the deep learning methods on two datasets of SSDD and
HRSID, respectively.

(1) Qualitative Results: Qualitative results on our datasets are shown in Figures 6–9,
where Figure 6 (ship region with 175 pixels) and Figure 7 (ship region with 116 pixels)
show the qualitative results of small-size ship segmentation on the SSDD dataset and the
HRSID dataset by different unsupervised segmentation methods, respectively. It can be
seen that, compared with other methods, our method has better ability to locate the ship
target boundary.

Figure 8 (ship region with 2661 pixels) and Figure 9 (ship region with 6994 pixels)
show the qualitative results of large-size ship segmentation on the SSDD dataset and the
HRSID dataset by different unsupervised segmentation methods, respectively.

It can be seen that the segmentation difficulty of large-size ships is higher than that
of small-size ships. This is because there are usually pixels inside large ships that have a
very low contrast with the sea surface background. Therefore, for the CFAR method, to
reduce the number of false negative pixels inside the ship, it is necessary to increase the
false alarm rate, resulting in a significant number of false positive pixels around the ship.
The OTSU method relies on pixel values to complete image segmentation, so this method
can only segment high-brightness pixels in the ship area.

Both Kim-Net and PiCIE are deep learning methods for optical images, so the two
methods pay more attention to the intensity information of the ship region, and can segment
high-brightness pixels in the ship well, but it will produce false negative pixels when the
contrast between the ship region and the background region is low.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6. Qualitative analysis achieved by different unsupervised segmentation methods on small-
size ship in the SSDD dataset. (a) Input image, (b) GT, (c) CFAR, (d) OTSU, (e) Kim-Net, (f) PiCIE,
(g) CDA-SAR, (h) IDUDL, (i) Ours. The false negative areas and false positive areas are highlighted
by green and red.

Both CDA-SAR and IDUDL are deep learning methods for SAR images, so the segmen-
tation results produced by these two methods are better than the above methods. However,
CDA-SAR requires cross-domain conversion, which may cause the loss of SAR-specific
features, leading to discontinuous segmentation results or inaccurate edge positioning,
and increasing false positives and false negatives. Similarly, IDUDL generates pseudo-
labels using a super-pixel merging mechanism, which also contributes to inaccurate edge
positioning in the segmentation results, resulting in false positives and false negatives.

Our method can partition the ship into a continuous region and produce only a
few false positive and false negative regions when facing such a large ship target with
low contrast.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 7. Qualitative analysis achieved by different unsupervised segmentation methods on small-
size ship in the HRSID dataset. (a) Input image (b) GT, (c) CFAR, (d) OTSU, (e) Kim-Net, (f) PiCIE,
(g) CDA-SAR, (h) IDUDL, (i) Ours. The false negative areas and false positive areas are highlighted
by green and red.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 8. Qualitative analysis achieved by different unsupervised segmentation methods on large
ship in the SSDD dataset. (a) Input image, (b) GT, (c) CFAR, (d) OTSU, (e) Kim-Net, (f) PiCIE,
(g) CDA-SAR, (h) IDUDL, (i) Ours. The false negative areas and false positive areas are highlighted
by green and red.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 9. Qualitative analysis achieved by different unsupervised segmentation methods on large
ship in the HRSID dataset. (a) Input image, (b) GT, (c) CFAR, (d) OTSU, (e) Kim-Net, (f) PiCIE,
(g) CDA-SAR, (h) IDUDL, (i) Ours. The false negative areas and false positive areas are highlighted
by green and red.

(2) Quantitative Results: Tables 1 and 2 show the quantitative analysis results of
different methods on the SSDD and the HRSID datasets, respectively. It is worth noting
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that the improvements achieved by our MtAD-Net over other methods are obvious. On
the SSDD dataset, the proposed MtAD-Net achieves 0.963 on PA, 0.846 on kappa, 0.865 on
MIoU, 0.932 on FWIoU, and 0.868 on F1-Score, and the proposed MtAD-Net outperforms
other methods more than 1.1% on PA, 5.8% on kappa, 4.5% on MIoU, 2.2% on FWIoU, and
4.8% on F1-Score. On the HRSID dataset, the proposed MtAD-Net achieves 0.963 on PA,
0.830 on kappa, 0.853 on MIoU, 0.935 on FWIoU, and 0.851 on F1-Score, and the proposed
MtAD-Net outperforms other methods by more than 0.4% on PA, 6.5% on kappa, 4.4% on
MIoU, 1.0% on FWIoU, and 5.4% on F1-Score. This is because our MtAD-Net has the ability
to make adaptive decisions compared to other methods. Compared with other methods,
MtAD-Net can locate the boundary of ships in SAR images more accurately. Moreover,
MtAD-Net can find the most suitable threshold in low-resolution and low-contrast SAR
images to segment the ship in the image into complete regions.

Table 1. PA, kappa, MIoU, FWIoU, and F1-Score achieved by different methods on the SSDD dataset.
Larger values indicate better performance. The best results are shown in red and the second best
results are shown in blue.

Method Description PA Kappa MIoU FWIoU F1

CFAR 0.948 0.788 0.820 0.906 0.820
OTSU 0.933 0.631 0.720 0.874 0.665
KIM 0.909 0.565 0.676 0.839 0.608
PiCIE 0.936 0.683 0.749 0.883 0.719
CDA-SAR 0.952 0.762 0.802 0.910 0.789
IDUDL 0.952 0.734 0.792 0.910 0.760
Ours 0.963 0.846 0.865 0.932 0.868

Table 2. PA, kappa, MIoU, FWIoU, and F1-Score achieved by different methods on the HRSID dataset.
Larger values indicate better performance. The best results are shown in red and the second best
results are shown in blue.

Method Description PA Kappa MIoU FWIoU F1

CFAR 0.941 0.737 0.784 0.901 0.771
OTSU 0.933 0.564 0.681 0.874 0.596
KIM 0.919 0.537 0.668 0.859 0.574
PiCIE 0.945 0.706 0.773 0.903 0.735
CDA-SAR 0.946 0.765 0.803 0.909 0.797
IDUDL 0.959 0.757 0.809 0.925 0.779
Ours 0.963 0.830 0.853 0.935 0.851

To further validate the effectiveness of the proposed MtAD-Net, we conducted statisti-
cal significance analysis using the paired t-test [43] and McNemar test [44]. The significance
level was set to α = 0.05. These analyses were performed on the SSDD and HRSID datasets
to assess the statistical reliability and robustness of our method in comparison with other
methods. The experimental results indicate that the proposed MtAD-Net shows statis-
tically significant differences compared to other methods. Specifically, the p-values for
comparisons between MtAD-Net and other methods are all less than 0.05, indicating that
the performance differences are statistically significant and unlikely to have occurred by
random chance.

In conclusion, the experimental results of the quantitative analyses show that the
proposed method achieves significantly better segmentation performance than the exist-
ing methods on both the SSDD and the HRSID datasets. Statistical analyses using the
paired t-test and McNemar test further validate that the performance improvements are
statistically significant.
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4.5. Ablation Study
4.5.1. Ablation Study on Removing the Percentage of Pixel Values in RemoveLargeValue()

Ship targets are surrounded by not only sea clutter noise but also strong scatter points
caused by sidelobe leakage. These strong scatter points arise from the scattering effect
caused by the ship targets themselves, and they can interfere with the CFAR method. To
remove these scatter points, we utilized the RemoveLargeValue() function. This function
sorts all pixels in the noise region in ascending order and removes the last x% of pixel
values. To determine the optimal percentage for removing pixel values, we tested the
removal of 1%, 2%, 5%, 10%, and 20% of the pixel values, comparing the results with those
of no removal. The experimental results are shown in Tables 3 and 4.

Table 3. PA, kappa, MIoU, FWIoU, and F1-Score achieved by MtAD-Net on the SSDD dataset after
removing different percentages.

PA Kappa MIoU FWIoU F1

not remove 0.948 0.742 0.792 0.902 0.769
remove 1% 0.956 0.794 0.827 0.918 0.819
remove 2% 0.960 0.816 0.842 0.924 0.839
remove 5% (selected) 0.963 0.846 0.865 0.932 0.868
remove 10% 0.960 0.841 0.860 0.932 0.867
remove 20% 0.952 0.827 0.849 0.918 0.857

Table 4. PA, kappa, MIoU, FWIoU, and F1-Score achieved by MtAD-Net on the HRSID dataset after
removing different percentages.

PA Kappa MIoU FWIoU F1

not remove 0.953 0.718 0.786 0.913 0.740
remove 1% 0.962 0.789 0.829 0.930 0.818
remove 2% 0.962 0.822 0.847 0.933 0.844
remove 5% (selected) 0.963 0.830 0.853 0.935 0.851
remove 10% 0.956 0.814 0.840 0.926 0.839
remove 20% 0.941 0.771 0.807 0.904 0.805

The best performance was observed when 5% of the pixel values were removed. This
percentage achieved the highest values in all evaluation metrics for both SSDD and HRSID
datasets. Specifically, for SSDD, PA reached 0.963, kappa was 0.846, MIoU was 0.865, FWIoU
was 0.932, and F1-Score was 0.868. Similarly, for HRSID, PA was 0.963, kappa was 0.830,
MIoU was 0.853, FWIoU was 0.935, and F1-Score was 0.851. Experimental results show
that removing the last 5% pixel values can significantly improve the segmentation accuracy
and reduce the influence of the strong sidelobe leakage phenomenon. Removing 1% and
2% of the pixel values resulted in small improvements in performance, but these increases
were not as significant as with the 5% removal. This indicates that a small percentage
cannot completely remove the strong scatterers caused by strong sidelobe leakage. When
the removal percentage increased to 10% and 20%, the performance began to decrease. This
indicates that removing too many pixel values leads to the loss of information belonging
to sea clutter, which is not conducive to the CFAR method to extract the threshold, thus
adversely affecting the segmentation process. Therefore, we selected 5% as the optimal
percentage for removing pixel values in the RemoveLargeValue() function.

4.5.2. Ablation Study on the Impact of Different Fa Vectors

We performed an ablation study to explore the effect of different combinations and
lengths of false alarm rate vectors on the segmentation performance. The experiment is
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divided into two parts: (1) The effect of Fa vectors with different lengths on the results.
(2) The influence of different combinations of Fa vectors on the results. The experimental
results are shown in Tables 5 and 6.

Table 5. PA, kappa, MIoU, FWIoU, and F1-Score achieved by MtAD-Net on SSDD dataset after using
different false alarm rate vectors.

False Alarm Rate Vector Configuration PA Kappa MIoU FWIoU F1

Fa = {0.005, 0.1, 0.5}, Length = 3 0.961 0.822 0.848 0.926 0.844
Fa = {0.005, 0.0075, 0.01, 0.05, 0.1, 0.2, 0.25, 0.5}, Length = 8 0.965 0.848 0.867 0.935 0.869
Fa = {0.004, 0.008, 0.16, 0.32, 0.64} 0.962 0.844 0.863 0.930 0.867
Fa = {0.007, 0.02, 0.1, 0.3, 0.6}, Length = 5 0.963 0.840 0.860 0.931 0.862
Fa = {0.003, 0.05, 0.2, 0.4, 0.7}, Length = 5 0.960 0.834 0.856 0.927 0.858
Fa = {0.001, 0.05, 0.15, 0.35, 0.8}, Length = 5 0.961 0.836 0.858 0.930 0.860
Fa = {0.005, 0.01, 0.1, 0.25, 0.5}, Length = 5 (selected) 0.963 0.846 0.865 0.932 0.868

Table 6. PA, kappa, MIoU, FWIoU, and F1-Score achieved by MtAD-Net on HRSID dataset after
using different false alarm rate vectors.

False Alarm Rate Vector Configuration PA Kappa MIoU FWIoU F1

Fa = {0.005, 0.1, 0.5}, Length = 3 0.961 0.796 0.833 0.931 0.817
Fa = {0.005, 0.0075, 0.01, 0.05, 0.1, 0.2, 0.25, 0.5}, Length = 8 0.963 0.827 0.851 0.935 0.849
Fa = {0.004, 0.008, 0.16, 0.32, 0.64} 0.959 0.825 0.849 0.930 0.849
Fa = {0.007, 0.02, 0.1, 0.3, 0.6}, Length = 5 0.961 0.828 0.851 0.933 0.851
Fa = {0.003, 0.05, 0.2, 0.4, 0.7}, Length = 5 0.954 0.812 0.838 0.923 0.839
Fa = {0.001, 0.05, 0.15, 0.35, 0.8}, Length = 5 0.957 0.820 0.845 0.927 0.845
Fa = {0.005, 0.01, 0.1, 0.25, 0.5}, Length = 5 (selected) 0.963 0.830 0.853 0.935 0.851

(1) Impact of Different Fa Lengths: When the false alarm rate vector length was
reduced to 3, the performance dropped significantly. This decrease in performance is likely
due to the insufficient coverage of Fa values, which are too few to effectively capture the
necessary noise conditions, leading to lower accuracy. When the length of false alarm rate
vector was increased to 8, the performance increases slightly on the SSDD dataset, but the
results on the HRSID dataset do not improve or even decrease slightly. This suggests that
adding more elements to Fa may introduce redundant information. The Fa vector of length
5 performed the best, providing optimal segmentation results for both datasets. The choice
of five values strikes a balance between coverage and efficiency, avoiding the redundancy
of longer vectors and the insufficient coverage of shorter ones.

(2) Impact of Different Fa Combinations: We tested different combinations of false
alarm rate vectors of length 5 to determine which combination produced the best per-
formance. Test combinations included Fa = {0.005, 0.01, 0.1, 0.25, 0.5} and several other
configurations with different values.

The results show that the combination Fa = {0.005, 0.01, 0.1, 0.25, 0.5} performs the
best in both SSDD and HRSID datasets, achieving the highest performance in terms of PA,
kappa, MIoU, FWIoU, and F1-Score.

4.5.3. Effectiveness of Different Components

In this section, we compare our MtAD-Net with several variants to investigate the po-
tential benefits introduced by our MCTM, LUFE, GVTE, PLC-Loss, and the label smoothing
module. The results are shown in Tables 7 and 8.

(1) Multiple CFAR Threshold-extraction Module: The MCTM is used to obtain a
set of threshold vectors using different constant false alarm rates. To demonstrate the
effectiveness of our MCTM, we introduced the following network variant.
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• MtAD-Net without MCTM: We remove the MCTM from the proposed MtAD-Net and
replace the threshold vector provided by the MCTM with a constant set of thresholds
{10, 50, 100, 150, 200}. For a fair comparison, we retrained this variant on our datasets.

As shown in Tables 7 and 8, compared to MtAD-Net, MtAD-Net without MCTM
decreased in PA by 1.3% and 0.3%, kappa by 6.7% and 5.7%, MIoU by 4.1% and 3.1%,
FWIoU by 2.3% and 0.8%, and F1-Score by 6.6% and 5.9% on the SSDD and HRSID datasets,
respectively.This is because, without MCTM, MtAD-Net without MCTM cannot utilize the
CFAR method to extract a unique set of threshold vectors for each SAR ship image. Instead,
it can only use a fixed set of threshold vectors, leading to a decline in performance.

(2) Local U-shape Feature Extractor: The LUFE is used to map each pixel of SAR image
into a high-dimensional feature space. To demonstrate the effectiveness of our LUFE, we
introduced the following network variant.

• MtAD-Net without LUFE: We use SegNet [45] with the same number of layers to re-
place the LUFE module in the proposed MtAD-Net. For fair comparison, we retrained
this variant on our datasets.

As shown in Tables 7 and 8, compared to MtAD-Net, MtAD-Net without LUFE
decreased in PA by 0.6% and 0.1%, kappa by 2.3% and 2.5%, MIoU by 1.5% and 1.4%,
FWIoU by 1.0% and 0.3%, and F1-Score by 2.2% and 2.5% on the SSDD and HRSID datasets,
respectively. This is due to the insufficient ability of the SegNet module to preserve local
details during feature extraction and reconstruction, and the lack of multi-scale fusion and
residual linkage design in the LUFE module, which leads to a decrease in the model’s
ability to localize the target boundaries, thus reducing the overall segmentation accuracy.

(3) Global Vision Transformer Encoder: The GVTE is used to obtain global feature,
and then, we use the global feature to obtain a probability vector, which is the probability
of each CFAR threshold.

• MtAD-Net without GVTE: We use ResNet to replace the GVTE module in the proposed
MtAD-Net. For fair comparison, we retrained this variant on our datasets.

As shown in Tables 7 and 8, compared to MtAD-Net, MtAD-Net without GVTE
decreased in PA by 0.6% and 0.3%, kappa by 3.6% and 2.4%, MIoU by 2.3% and 1.6%,
FWIoU by 1.1% and 0.6%, and F1-Score by 3.7% and 2.2% on the SSDD and HRSID datasets,
respectively. This is because the GVTE module can better understand the relationship
between noise regions and target regions in ship images based on the multi-head self-
attention mechanism, and can more accurately capture global features in images. In contrast,
ResNet mainly relies on local receptive fields to gradually extract global information, which
leads to the loss of feature information as the number of layers increases, thus leading to
performance degradation.

(4) PLC-Loss: The PLC-Loss helps MtAD-Net adaptively reduce the feature distance
of pixels of the same category and increase the feature distance of pixels of different cate-
gories. To demonstrate the effectiveness of our loss function, we introduced the following
network variant.

• MtAD-Net without PLC-Loss: we retrained the MtAD-Net using the InfoNCE loss for
a fair comparison.

As shown in Tables 7 and 8, compared to MtAD-Net, MtAD-Net without PLC-Loss
decreased in PA by 0.5% and 1.2%, kappa by 6.2% and 6.2%, MIoU by 3.9% and 4.2%,
FWIoU by 0.9% and 2.0%, and F1-Score by 6.0% and 5.7% on the SSDD and HRSID
datasets, respectively.

This is because, compared with InfoNCE Loss, the PLC-Loss has more significant
advantages in unsupervised SAR ship instance segmentation tasks. First, the loss function
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is based on the cosine similarity at the pixel level, and the geometric distance between
features is explicitly modeled by the non-linear transformation

√
2− 2cos(), which en-

hances the sensitivity to distance changes between similar and dissimilar pixels. Secondly,
Sigmoid mapping is introduced to further smooth distance compression, which alleviates
the instability of extreme samples for gradient optimization. Different from InfoNCE Loss
which focuses on global representation optimization, PLC-Loss not only focuses on global
features, but also focuses on local feature relationships. In addition, compared with the
problem of gradient dilution of InfoNCE when the number of negative samples is long,
the gradient distribution of the PLC-Loss is more balanced and the optimization process
is more stable. Therefore, the proposed PLC-Loss can replace InfoNCE loss for target
segmentation in SAR images.

(5) Label Smoothing Module: Our label smoothing module can denoise the pepper
noise in the ship area and the salt noise in the background area after using Tf inal to
segment SAR images. To demonstrate the effectiveness of our label smoothing method, we
introduced the following network variant.

• MtAD-Net without Label Smoothing: we removed the label smoothing module from
our MtAD-Net, and retrained this variant on our dataset.

As shown in Tables 7 and 8, compared to MtAD-Net, MtAD-Net without Label
Smoothing decreased in PA by 0.9% and 1.1%, kappa by 4.0% and 4.7%, MIoU by 3.2% and
3.7%, FWIoU by 1.6% and 1.8%, and F1-Score by 3.3% and 4.0% on the SSDD and HRSID
datasets, respectively. This is because, without the label smoothing module, the MtAD-Net
will lose the ability to denoise the salt and pepper noise, so the performance is poor.

Table 7. PA, kappa, MIoU, FWIoU, and F1-Score achieved by several variants of MtAD-Net on the
SSDD dataset.

Model PA Kappa MIoU FWIoU F1

MtAD-Net without MCTM 0.950 0.779 0.824 0.909 0.802
MtAD-Net without LUFE 0.957 0.823 0.850 0.922 0.846
MtAD-Net without GVTE 0.957 0.810 0.842 0.921 0.831
MtAD-Net without PLC-Loss 0.958 0.784 0.826 0.923 0.808
MtAD-Net without Label Smoothing 0.954 0.806 0.833 0.916 0.835
MtAD-Net 0.963 0.846 0.865 0.932 0.868

Table 8. PA, kappa, MIoU, FWIoU, and F1-Score achieved by several variants of MtAD-Net on the
HRSID dataset.

Model PA Kappa MIoU FWIoU F1

MtAD-Net without MCTM 0.960 0.773 0.822 0.927 0.792
MtAD-Net without LUFE 0.962 0.805 0.839 0.932 0.826
MtAD-Net without GVTE 0.960 0.806 0.837 0.929 0.829
MtAD-Net without PLC-Loss 0.951 0.768 0.811 0.915 0.794
MtAD-Net without Label Smoothing 0.952 0.783 0.816 0.917 0.811
MtAD-Net 0.963 0.830 0.853 0.935 0.851

4.6. Analysis of Tf inal in MtAD-Net

For a clear understanding of how Tf inal is obtained, we provide the false alarm rate
vectors Fa used in Figures 6i, 7i, 8i, and 9i, the threshold Ti obtained by CFAR based on
each false alarm rate Fai, the probability Pi corresponding to each threshold Ti, and the
final segmentation threshold Tf inal . The results are shown in Tables 9–12.
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Table 9. The relationship between the final segmentation threshold Tf inal and false alarm rate vector
Fa in Figure 6i.

False Alarm Rate CFAR Threshold Probability of Each
Threshold Tf inal

0.005 37 0.382
0.01 36 0.192
0.1 24 0.161 26.77

0.25 12 0.133
0.5 2 0.132

Table 10. The relationship between the final segmentation threshold Tf inal and false alarm rate vector
Fa in Figure 7i.

False Alarm Rate CFAR Threshold Probability of Each
Threshold Tf inal

0.005 20 0.636
0.01 20 0.351
0.1 14 0.007 19.89

0.25 11 0.002
0.5 7 0.004

Table 11. The relationship between the final segmentation threshold Tf inal and false alarm rate vector
Fa in Figure 8i.

False Alarm Rate CFAR Threshold Probability of Each
Threshold Tf inal

0.005 80 0.002
0.01 76 0.002
0.1 48 0.507 41.25

0.25 34 0.487
0.5 23 0.002

Table 12. The relationship between the final segmentation threshold Tf inal and false alarm rate vector
Fa in Figure 9i.

False Alarm Rate CFAR Threshold Probability of each
Threshold Tf inal

0.005 43 0.069
0.01 42 0.083
0.1 32 0.707 32.45

0.25 25 0.119
0.5 18 0.022

For the same set of false alarm rate vectors Fa = 0.005, 0.01, 0.1, 0.25, 0.5, different SAR
ship images can obtain different CFAR threshold vectors T. According to different SAR
ship images, the GVTE module can provide a set of probability vectors P, with the length
equal to the threshold vectors T, where Pi denotes the probability corresponding to Ti.

Tf inal is the probability of the decision fusion of vector T, which is calculated as
Tf inal = ∑5

i=1 Ti× Pi. It can be found that Tf inal is not equal to the value in the T vector.
This phenomenon shows that our MtAD-Net has excellent decision fusion capability. It
is able to generate a more appropriate segmentation threshold Tf inal by considering the
threshold vector T and its corresponding probability weight vector P. This process is not
simply selecting a single value from the threshold vector T as the segmentation threshold,
but through an intelligent decision fusion mechanism to achieve better segmentation results.
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5. Conclusions
In order to convert BBox-level annotations to pixel-level GT, we propose a novel

pipeline for unsupervised SAR ship image instance segmentation, which contains the
MtAD-Net, the PLC-Loss, and the label smoothing module. Specifically, a Multiple CFAR
Threshold-extraction Module, Local U-shape Feature Extractor, and Global Vision Trans-
former Encoder are designed to complete the multi-threshold adaptive decision in the
proposed MtAD-Net. The PLC-Loss is proposed to help MtAD-Net adaptively reduce
the feature distance of pixels of the same category and increase the feature distance of
pixels of different categories, and the label smoothing module is proposed to denoise
the salt-and-pepper noise from the results. Experimental results on the datasets show
that the proposed MtAD-Net model outperforms traditional methods and existing deep
learning-based methods in a set of evaluation metrics.
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