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Abstract: SAR image target recognition relies heavily on a large number of annotated samples,
making it difficult to classify the unseen class targets. Due to the lack of effective category auxiliary
information, the current zero-shot target recognition methods for SAR images are limited to inferring
only one unseen class rather than classifying multiple unseen classes. To address this issue, a
conditional generative network with the category features from the simulated images for zero-shot
SAR target recognition is proposed in this paper. Firstly, the deep features are extracted from the
simulated images and fused into the category features that characterize the entire class. Then, a
conditional VAE-GAN network is constructed to generate the feature instances of the unseen classes.
The high-level semantic information shared in the category features aids in generalizing the mapping
learned from the seen classes to the unseen classes. Finally, the generated features of the unseen classes
are used to train a classifier that can classify the real unseen images. The classification accuracies
for the targets of the three unseen classes based on the proposed method can reach 99.80 + 1.22%
and 71.57 & 2.28% with the SAMPLE dataset and the MSTAR dataset, respectively. The advantage
and validity of the proposed architecture are indicated with a small number of the seen classes and a
small amount of the training data. Furthermore, the proposed method can be extended to generalized
zero-shot recognition.

Keywords: synthetic aperture radar (SAR); zero-shot recognition; category features; feature learning;
conditional generative network

1. Introduction

Synthetic Aperture Radar (SAR) is a remote sensing technology that uses microwave
signals to observe the Earth’s surface. Unlike optical remote sensing techniques, SAR has the
advantage of being able to operate in all weather conditions and at all times of day [1]. SAR
images are widely used in various fields due to their unique advantages. SAR Automatic
Target Recognition (SAR-ATR) is a crucial component of SAR image processing techniques
and plays a significant role in both civil and military applications. A standard SAR ATR
system consists of three main components: detection, discrimination, and classification [2].
The classification of targets in SAR has become a challenging research issue.

SAR target classification methods can be categorized into the traditional and the
deep learning-based methods. The traditional method comprises the template matching
method [3,4], the model-based method [5], and the machine learning-based method [6].
Among these, the machine learning-based method exhibits a fast processing speed, a high
recognition capability and a robust performance. However, it relies on a manually designed
feature extractor, which requires specialized knowledge and experience. Compared to the
traditional method, the deep learning-based approach has the advantage of automatically
extracting features, which provides stronger generalization capabilities and enhances
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recognition performance. The use of neural networks for image classification has rapidly
developed since the first application of the AlexNet network [7]. The convolutional neural
network (CNN) models, such as VggNet [8] and ResNet [9], have achieved excellent
performance in this field. Additionally, network architectures like recurrent neural networks
(RNN) [10] and graphic neural networks (GNN) [11] can also play a unique role in the
image recognition task. The deep learning methods have demonstrated an outstanding
performance in SAR image recognition [12-16]. However, deep learning methods are
data-driven and typically require a large amount of data for effective feature extraction.
When the data are scarce, the recognition capability of the network significantly decreases.
It is difficult to obtain large quantities of SAR images due to various limitations such
as technological and policy constraints. Thus, the issue of the small sample size is a
prominent concern in the field of SAR image target recognition. There are various methods
to address the issue of the small sample size. Expanding the training dataset is a common
approach [17-21]. On the other hand, the transfer learning-based methods [22-24] and
meta-learning methods [25,26] are also effective strategies. While the methods mentioned
above can address the issue of scarce data, they are unable to recognize the unseen class
targets that lack any training data.

In real-world scenarios, it is often impossible to acquire SAR images of non-cooperative
military facilities and other specific targets in advance for network training. Therefore,
there is an urgent need for the ability to recognize the targets appearing for the first time.
The issue of identifying the unseen classes with no training data is referred to as zero-
shot recognition, which is an extreme case of the few-shot recognition problem. Figure 1
illustrates the learning approaches under the conditions of sufficient samples, limited
samples, and zero samples. Four types of vehicle targets from the MSTAR SAR image
dataset [27], 251, BMP2, BTR70, and T72, are used as examples. In cases where there are
sufficient samples, a large amount of the labeled data for the 251 and BMP2 target classes can
be used to train the network. However, in few-shot learning scenarios, the network can only
be trained with a small number of samples. In zero-shot learning scenarios, it is impossible
to obtain the data for the BTR70 and T72 target classes in advance for training. The network
trained with the 251 and BMP2 requires to recognize the unseen classes such as BTR70 and
T72. The concept of zero-shot learning was first proposed by Larochelle et al. [28], typically
referring to training learning models based on the data from the seen classes and the prior
auxiliary information, then the training enables the model to recognize the data from the
unseen classes. The methods for solving zero-shot recognition include the direct semantic
prediction methods [28,29], embedding model-based methods [30-33], and visual sample
generation methods [34-37].
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Figure 1. Different types of network learning methods.

Although zero-shot recognition has been widely studied in the natural image do-
main, the research on zero-shot target recognition in SAR images is quite limited. Some
studies [38—40] draw inspiration from the zero-shot recognition methods in the optical
domain. The semantic information such as label one-hot encoding or attribute information
is constructed to assist in zero-shot recognition for SAR images. During the training phase,



Remote Sens. 2024, 16, 1930

30f23

the seen class data are used to construct an embedding space. During testing, the im-
ages from unseen classes are mapped to this embedding space, and their relationships
are inferred by measuring the distances between embedding points. Reference [38] pro-
posed a SAR image zero-shot recognition method to explore the relationships between
the unseen class target T72 and the seven seen class targets based on a two-dimensional
embedding space. Reference [39] proposed an architecture consisting of two autoencoders
that utilize the reflection information of SAR images to assist in constructing the embedding
space. Reference [40] utilized data mining techniques to annotate binary 10-dimensional
attribute information for SAR targets and employed a classifier to assist in constructing
the embedding space. The main challenge faced by the aforementioned methods is that
the manually designed semantic information is too simple to effectively characterize SAR
targets. The names of SAR targets, such as 251 and T72, are merely symbols composed of
characters without actual semantic meaning. Defining effective class attribute information
is also a challenging task. Because of the difficulty in assuring the quality of semantic
information and the absence of supervised learning, the embeddings of unseen classes
frequently encounter significant domain shift issues and become discrete. The embedding
model-based method can only infer one unseen class at a time, rather than completing the
recognition of multiple unseen class targets.

SAR electromagnetic simulated images generated from CAD models of targets have been
used for SAR target recognition due to their provision of many target details similar to real
images (the real images from the real measurement of a radar system) [23,41,42]. In certain
studies, the networks are trained on fully simulated images and tested on real images [43—46].
However, the distributional differences between the simulated and real images limit the
transferability of the model between these two types of images. The generative networks
such as generative adversarial networks (GANSs) [47] have been used to convert simulated
data into pseudo-real data (the generated data approximating real images) that more closely
resemble the distribution of real images in the case of sufficient or small samples [48,49].
The generated pseudo-real data can serve as more effective training data for training the
classification network. However, these generation networks cannot generate data for unseen
classes in a zero-shot setting because the real images of unseen classes cannot participate in
training [46].

To classify the unseen targets with multiple classes, a conditional generative net-
work with category features from simulated images for zero-shot SAR target recognition
is proposed for generating pseudo-real data of unseen classes for supervised learning.
The feature extraction network called CANet was first designed to extract deep features
from both the simulated and real SAR images. The features from the simulated images
are fused into the category features which serve as auxiliary information to represent the
characteristics of the entire category. A conditional VAE-GAN network is then constructed.
The network utilizes the category features of the seen classes as the conditions to learn the
mapping relationship between these features and the deep features of the real SAR images.
This mapping relationship can be extended to generate the features for the unseen classes.
Ultimately, the generated features of the unseen classes are utilized to train a classifier
for the classification of the real SAR images. The main contributions of the article are
as follows:

*  The category features constructed from the simulated images are proposed. The feasi-
bility of these category features utilized as the category auxiliary information for SAR
zero-shot learning is verified.

* A framework for zero-shot generation of SAR data based on the conditional VAE-GAN
is proposed. The network establishes a connection between the seen and the unseen
class data through the category features. By learning the mapping from the category
features to the real data using the seen class data, it can generate the unseen class data.

*  Compared to the embedding model-based methods assisted by the semantic infor-
mation, our architecture can recognize multiple unseen class SAR targets instead of
inferring a single one.
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The rest of this article is organized as follows. Section 2 provides a detailed overview
of the method, including the complete architecture and the entire training and testing
processes. Section 3 presents the experimental results of our method and further analyzes
the impact of various factors on our approach, besides, a generalized zero-shot recognition
extension experiment is conducted. In Section 4, the limitations of the proposed method and
directions for future improvements are discussed. Finally, Section 5 summarizes the paper.

2. Methodology

Figure 2 shows the overall architecture of the proposed method, which comprises three
parts: the feature extraction module (the red dashed box), the feature generation module
(the green dashed box), and the classification module (the yellow dashed box). The feature
extraction module is the first stage of the overall architecture. The real features and the
category features are extracted using the pre-trained CANet in this stage. Then, the feature
generation module is the second stage. The real features and the category features of
seen classes extracted in the first stage are used to train the feature extraction network.
The network learns the mapping from the category features to the real features. The last
stage is the classification recognition module. The category features of unseen classes,
extracted in the first stage, are used to generate the pseudo-real features of unseen classes
using the learned mapping from the second stage. The generated features are used to train a
classifier to recognize the real images. The specific modules of the proposed method and the
detailed training and testing procedures are explained in this section. Section 2.1 provides
the symbolic representation of zero-shot target recognition. Sections 2.2-2.4 introduce the
feature extraction module, the feature generation model, and the classification module,
respectively. Section 2.5 presents the detailed processes of the training and the testing.
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A g
X _ ) -
— 4.|:| — - KL e
> T Classi
CANet = = »ﬁ
ﬁ

»(p

fier Recognition

<[

Seen Real Target

J4o—>

C

Y |
+
Seen Simulated Target m
—| | || [~
=) D

Unseen Simulated Target >,

Unseen Real Target CANet

Test Stage

Figure 2. The overall architecture of the proposed method.
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2.1. Symbolic Representation of Zero-Shot Target Recognition

Suppose there are a total of k target categories, with m categories as the seen classes,
and 7 categories as the unseen classes. The set of the seen class samples can be represented
as S={x°,1°,a° | ¥ € X°,y° € Y°,a° € A%}, where x° represents the samples from the seen
classes, Y* = {y3,45, - , ¥}, } represents the labels for the seen classes, and A* = {a3, a5, - - - , a3, }
represents the auxiliary information. The set of the unseen class samples can be represented
asU = {y",a" | y* € Y",a" € A"}, where Y" = {y¥,y4,--- ,y} represents the labels for the
unseen classes, and A" = {a%, ag,---, aﬁ} represents the auxiliary information for the unseen
classes. m +n =k, Y* NY® = @. The zero-shot learning task in this paper involves training
a network using S to learn the mapping A — X°, with X° being the generated pseudo-real
data. The network can then achieve A* — X", with X" being the generated pseudo-real data
of the unseen classes. Finally, a classifier f,; : {X" — Y"} can be trained using X" to classify
the unseen class real images.

2.2. The Feature Extraction Module

Feature extraction is the first stage of the overall architecture, consisting of extract-
ing the real features from the real images and the category features from the simulated
images. The extracted features are then used to support the subsequent learning of the
feature mappings.

2.2.1. Extraction of the Real Features

The feature extraction module called CANet designed in this paper represents an
improvement over A-ConvNet [18] which replaces fully connected layers with sparsely
connected convolutional structures. First, the CANet kept the first 4 layers of the A-
ConvNet to preserve the feature extraction capability. Second, the additional fifth and sixth
layer are added to extract features with a shape of 1 x 1 x 256 to facilitate the training of
the subsequent feature generation network. The specific structure of CANet is illustrated
in Figure 3. The network is composed of six layers. The first three layers consist of a
combination of a convolution module, ReLU activation function and maxpooling module.
After the fourth layer, a Dropout operation is applied. The design of the first four layers
of the network is based on A-ConvNet. On this basis, the last two separate convolution
layers have been added to extract effective features. The input image size is initially
128 x 128, and it is resized to 88 x 88 x 3 before being fed into the network. The feature
size after the fourth layer is 3 x 3 x 128. The convolutional kernel size of the fifth layer
is designed as 3 x 3 x 256, resulting in a 1 x 1 x 256 feature output of the network.
The 256-dimensional feature reduces the complexity of subsequent model training while
maintaining the representation capability for the SAR image target. The kernel size of the
sixth layer is designed as 1 x 1 x n, enabling it to output the probabilities of n categories
for the loss calculation and the gradient backpropagation.

The CANet network is pre-trained to extract the real features from the real images.
Only the real images of the seen classes are used to train the network, as the real images of
the unseen classes cannot participate in training. The real features of the seen classes are
extracted for training in the next stage.
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Figure 3. The specific structure of CANet.

2.2.2. Extraction of Category Features

The existing research on generating real images from simulated images has primarily
focused on one-to-one mapping [48,49]. In these works, the generative network maps
each simulated image to a unique pseudo-real image corresponding to it, which limits the
generation of the pseudo-real data. A conditional generative network [50,51] is used in this
paper to achieve a one-to-many generation. Therefore, a category feature is constructed
from the simulated images for each class and used as the condition to generate the multiple
pseudo-real features.

The simulated images are used to extract the category feature. The extraction process
is illustrated in Figure 4. First, CANet is pre-trained using real images of the seen classes.
Then, for all simulated images in the same class, the pre-trained CANet is used to extract
simulated features 4;;. Finally, these simulated features are fused into the category feature
;. To ensure that a category feature accurately reflects the distinctive features of a given
class, we define it as the average of all simulated features of that class. The approach is
similar to the prototype network used in the few-shot learning [52]:

aj

M»

1
= 1 L ij 1)
Ly

1

where k; represents the number of the simulated images for the class i. The category
features of the seen classes are extracted for training in the next stage. Meanwhile, the cate-
gory features of the unseen classes are extracted to generate pseudo-real features for the
unseen classes.
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CANet

Figure 4. The process of extracting category features.

2.3. The Feature Generation Module

The learning of the feature generation is the second stage of the overall architecture.
The goal is to learn the mapping relationship between the category features and the real
features of the seen classes, allowing for better generalization to the generation of the
unseen classes. A conditional generation network is created by integrating a VAE network
and a GAN network. Additionally, a category feature reconstructor and a feedback module
are integrated to enhance the generation capabilities of the network. The generation module
learns the mappings at the deep feature level without focusing on the image reconstruction.
Therefore, it is constructed only with shallow fully connected layers.

Figure 5 shows the composition of the feature generation module, where x is the real
features and a represents the category features. The conditional variational autoencoder
(CVAE) is formed by conditioning the encoder E(x,a) and generator G(z,a) on a, while
the conditional generative adversarial network (CGAN) is formed by conditioning G(z, a)
and the discriminator D(x, %, a) on a. The CVAE and CGAN share a generator, forming
a conditional VAE-GAN (CVAE-GAN) [53]. The VAE-GAN combines the advantages
of the latent space encoding of the VAE with the high-quality feature generation of the
GAN, resulting in more stable training and the ability to generate more smoothly varying
pseudo-real features.

For the feature generation part of the CVAE, we use the category feature a as a
condition and concatenate the real feature x as the input for E(x, a). Firstly, the encoder
E(x,a) encodes the real feature into a low-dimensional vector z in the continuous latent
space. Assuming z follows an isotropic Gaussian distribution, the output of E is the
mean vector and variance vector of the Gaussian distribution, denoted as ( Hx, oy). Then,
the generator G decodes z and produces the fake feature #. Finally, ensuring the cyclic
consistency of the generated features with the original features is achieved by minimizing
the difference between & and x. CVAE is optimized through the following loss function:

Coae = by +4¢

b = KL(q(z|x,0) || p(zla)) 2)

lg = _Eq(z\x,a) [log p(f | Z,Ll)]
where the conditional distribution q(z | x, a) represents the probability distribution mod-
eled by E(x,a), while p(z|a) is the prior distribution following N(0,1). ¢k refers to the
Kullback-Leibler divergence between q(z | x,a) and p(z | a). p(X | z,a) is equal to G(z,a).
{; is the generation reconstruction loss of VAE, which is set as the cross-entropy loss
between the generated feature and the original feature.
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Figure 5. The specific structure of the feature generation module.

For the feature generation part of CGAN, the generator is identical to the generator G
of CVAE. The discriminator D(x, X, a) takes the real feature, the fake feature and condition a
as input, and outputs a real number indicating the authenticity of the input feature. CGAN
is optimized through the improved WGAN loss [54]:

Coonn = E[D(x,0)] — E[D(%,a)] — AE[(]| VsD(,a) |2 —1)°] 3)

where ¥ = G(x,a), £ = ax + (1 —a)%, here a ~ U(0,1). The penalty term coefficient is
represented by A. The first two terms in the formula approximate the Wasserstein distance
between the distribution of the generated features and the real features, and the last term is
the gradient penalty term that forces the gradient at any point to be close to the unit norm.
The improved WGAN loss enhances training smoothness and stability, mitigating model
collapse issues during traditional GAN network training. The CVAE-GAN optimization
objective combines the losses from both the CVAE and CGAN parts:

CVAE—GAN = Ii}lél max lyae + alwgan (4)

where a is a hyperparameter, for specific details please refer to the literature [36]. The gen-
eration module introduces two new modules, the category feature reconstruction module
(CFR) and the feedback module (F), based on VAE-GAN. These modules enhance the
generative capabilities of the network. CFR reconstructs the generated fake features into
the category features, learning the inverse mapping from category features to real features
to ensure the semantic consistency of the generated features. The network is optimized
through cycle consistency loss.

lr = E[[|a —al] ©)

where @ = CFR(%). F provides feedback by feeding the intermediate layer embedding &
from CFR into G. This allows G to iteratively improve the feature generation and obtain
improved feature representations. In summary, the overall loss function of the zero-shot
feature generation module is as follows:

Cror = Lyar_can + Bk (6)
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where B is the weighting coefficient, with specific details please refer to in the literature [37].
After training the feature generation module, the network can generate pseudo-real features
from category features of unseen classes. These features are then fed into the classification
module to train the classifier.

2.4. The Classification Module

The third stage of the model involves the classification module training. The objective
is to train the classifier using generated features of unseen classes, allowing it to classify
real unseen class images. Figure 6 illustrates the structure of the classification module.

CFR C .
o
>+

C

it
|
Q

Figure 6. The specific structure of the classification module.

In the classification module, we retained CFR, rather than directly using the generated
features ¥ from unseen classes to train the classifier. CFR is the inverse mapping of G(z,a).
The intermediate layer embedding h and the reconstructed category feature 4 encode the
complementary category information to the generated feature instances, serving as an
auxiliary information source to assist in training the classifier. We concatenate %, 4, and h
as classification features c to train the classifier, which outputs the probability of unseen
classes and is optimized through the cross-entropy loss:

1
le=—177 Y. logp(ylc;) )
(cy)eu

T
(0 genotes the
Y exp (GiTc)

probability of the output class. Once the classifier training is complete, the entire module
is trained.

here, 6 represents the parameters of the classifier, and P(y|c;0) =

2.5. Training and Test Process

Figure 2 illustrates the complete training process of the proposed method. In the
feature extraction stage, as shown in Section 2.2, the seen class features x° are extracted.
Simultaneously, the category features ° and " are extracted for both the seen and the
unseen classes. x°, @°, and 4" are all 256-dimensional features. During the feature gener-
ation training stage, x° is concatenated with the corresponding category feature 4° and
inputted into the encoder E. The encoder outputs a 256-dimensional mean and variance
for the latent code z. Then, z is concatenated with @° and inputted into G, which produces
the reconstructed pseudo-real feature ¥°. G is composed of two fully connected layers,
with the first layer having 2048 neurons and the second layer having 256 neurons as the
dimension of the real feature. Next, ¥° and a° are concatenated to train the discriminator
D. The optimization of E, G, and D is conducted preliminarily through the loss {ysr_gan-
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Afterward, #° is input into the CFR module to reconstruct the category features °. The CFR
module comprises two fully connected layers, with the first layer having 2048 neurons.
The second layer has the same number of neurons as the dimension of the category feature.
The first layer of CFR produces a 2048-dimensional vector known as the intermediate layer
feature h, which is then sent to the feedback layer F. The feature , after passing through the
feedback layer F, is weighted and fused with the feature after the first fully connected layer
of the generator G. F is also a two-layer fully connected layer, with both layers consisting of
2048 neurons, the same dimension as the input intermediate layer feature. CFR and F are
optimized through the loss /g, and ¢ further constraining the learning parameters of E, G,
and D. During the classification training phase, the pseudo-real feature £ for the unseen
class is generated by the feature concatenating random noise with @“. Next, ¥ is input
into CFR and concatenated with the output fake category feature 4 and the intermediate
feature h to train the final classifier. The parameters of the classifier are optimized through
the loss function ¢¢. During the testing phase, the pre-trained CANet should be used
to extract the real features x" of the unseen class images. These features should then be
input into the trained classification module for classification recognition. The training
and testing processes in this paper are integrated, with testing being conducted after each
training iteration.

3. Experiments

To verify the performance of the proposed method, we first introduce the dataset
settings in Section 3.1. In Section 3.2, we present the experimental results. Section 3.3
examines how the intermediate layer dimension size affects the effectiveness and efficiency
of the method. In Section 3.4 we investigate the impact of different settings for the category
feature and the seen class real features. In Section 3.5, we further discuss the impact of
the seen class number on the model. Finally, we present extended experiments on the
generalized zero-shot recognition in Section 3.6.

All the experiments are carried out with both the Matlab platform and the Pytorch
framework on a NVIDIA GeForce RTX 3090 GPU card manufactured by NVIDIA Corpora-
tion, which is based in Santa Clara, California, USA.

3.1. Datasets

The experiments are conducted on the SAMPLE public dataset [55] and the MSTAR
datasets. The SAMPLE public dataset is a subset of the SAMPLE dataset, consisting of SAR
real images and simulated images of 10 vehicle targets. The image size is 128 x 128 pixels
with a resolution of 0.3 m x 0.3 m, and there is a one-to-one correspondence between the
simulated and the real images. The data cover a range of depression angles from 14° to
17° and a range of aspect angles from 10° to 80°. The MSTAR dataset was developed with
funding from the Defense Advanced Research Projects Agency (DARPA) of the United
States Department of Defense. It consists of 10 classes of vehicle targets with a resolution
of 0.3 m x 0.3 m. The dataset taken at multiple depression angles (15°, 17°, 30°, 45°) over
a 0°-360° range of aspect angles. In this paper, the data from the SAMPLE public dataset
with the depression angles of 16° and 17°, as well as the data from the MSTAR dataset with
a depression angle of 15°, are utilized.

Two experimental groups are established: SAMPLE-MSTAR and SAMPLE-MSTAR.
The category features are extracted from the simulated images of the SAMPLE public
dataset, while the real images from both the SAMPLE and MSATAR datasets are used for
testing. The SAMPLE-SAMPLE experimental group includes all 10 categories from the
SAMPLE public dataset, while the SAMPLE-MSTAR experimental group comprises only
five categories that are shared between the two datasets. Figure 7 displays the simulated
and the real images for each class in the two experimental groups. The unseen classes in
both experimental groups are BMP2, BTR70, and T72, which are used for testing. The seen
class targets comprise the remaining seven and two classes in the respective groups, which
are used for network training. Tables 1 and 2 show the specific composition.
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Figure 7. Examples of image pairs in the two experimental groups.
Table 1. The SAMPLE-SAMPLE experimental group.
Seen Classes Unseen Classes
Type 251 M1 M2 M35 M60 M584 ZSU23-4 BMP2 BTR70 T72
Simulated 108 103 105 105 111 105 108 107 92 108
Real 108 103 105 105 111 105 108 107 92 108

Table 2. The SAMPLE-MSTAR experimental group.

Seen Classes Unseen Classes
Type 251 ZSU23-4 BMP2 BTR70 T72
Simulated 108 108 107 92 108
Real 274 274 195 196 196

3.2. Effectiveness of the Method

The effectiveness of the proposed method has been tested on the two experimental
groups. Ten independent training and testing runs were conducted. Tables 3 and 4
present the minimum, the maximum, and the average recognition accuracies (with standard
deviations) across 10 training—testing cycles, along with the recognition rates for each of the
three unseen target classes. Figures 8 and 9 depict the confusion matrix of the experiment
with the highest recognition rate during the 10 training—testing cycles.

Table 3. Experimental results of SAMPLE-SAMPLE.

Methods BMP2 (%)) BTR70 (0/0) T72 (0/0) Mil‘l (O/o) Max (0/0) AVg (o/o)
A-ConvNet 99.44 98.59 95.74 96.74 98.70 97.88 £ 0.69
ResNet50 76.64 55.98 75.65 66.45 76.55 70.10 +£3.20
Vgglé 99.07 98.91 96.39 94.46 99.35 98.07 £1.29
RN18+ 100 99.78 97.87 98.05 100 99.19 £0.51
baseline 98.69 98.80 98.15 97.07 100 98.53 £0.92
Ours -F 99.91 100 99.26 99.35 100 99.71 £0.23
Ours 99.81 99.89 99.72 99.35 100 99.80 = 0.22

The highest recognition rate achieved for each column are marked in bold.
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Table 4. Experimental results of SAMPLE-MSTAR.

Methods BMP2 (%) BTR70 (%) T72 (%) Min (%) Max (%) Avg (%)

A-ConvNet 60.98 42.50 19.39 35.95 47.19 40.92 +£2.87
ResNet50 43.95 33.01 67.55 43.10 53.66 48.18 £ 3.67
Vgglé 60.77 63.67 2.14 38.33 4497 42.67 £1.90
RN18+ 69.18 54.34 0.26 38.67 42.16 4121 +19
baseline 53.13 49.49 2424 37.48 4497 4227 £2.13
Ours -F 47.39 65.20 90.15 64.91 71.72 67.62 £2.27
Ours 59.59 68.42 86.83 66.78 75.98 71.57 4= 2.28
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Figure 8. The confusion matrix of SAMPLE-SAMPLE.
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Figure 9. The confusion matrix of SAMPLE-MSTAR.
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3.2.1. The Analysis of the Experimental Results

The classic networks A-ConvNet, ResNet18, and Vggl6 were trained directly using
simulated images and then tested on the real images for comparison. RN18+ [46] is a
network trained exclusively on simulated data, with its training and classification strategy
specifically designed based on the SAMPLE dataset. In the SAMPLE-SAMPLE experimental
group, the A-ConvNet and Vggl6 networks were able to recognize the unseen class real
images with an average recognition rate above 97%. RN18+ achieves a recognition rate of
99.19%, which is higher than the classic networks. The proposed method has an average
recognition rate of 99.80 £ 0.22%, with a minimum of 99.35%, outperforming all compared
methods. For RN18+, the recognition rate for BMP2 is 100%, which is better than our
method. However, it exhibits more misclassifications for the T72. Although the maximum
recognition rate of RN18+ can reach 100%, the average recognition rate of the proposed
method over ten 10 training—testing cycles is slightly higher than that of RN18+. In the
SAMPLE-MSTAR experimental group, the classic networks achieved recognition rates
distributed around 40-50%. The confusion matrix shows that the comparative methods
tend to identify the three classes’ targets as two of them. For example, Vgg16 and RN18+
almost exclusively identify all T72 targets as either BMP2 or BTR70. This indicates that the
networks trained on the simulated images are prone to confusion when directly tested on
the real images. The proposed method achieved a final recognition rate of 71.57 & 2.28%,
with a maximum recognition rate of 75.68%. This represents an improvement of nearly
20-30% compared to the classic networks. The confusion matrix of the proposed method
demonstrates that the proposed method correctly identifies the majority of targets in each
class, indicating that it significantly reduces class confusion.

Furthermore, the ablation experiments are conducted on the overall feature generation
module and the feedback module (F) within the feature generation module. The baseline
represents the results of training CANet using only simulated images through cross-entropy
loss and directly testing it on real images without training the subsequent feature generation
network. Ours -F represents the results when the feature generation module is involved
in training but the feedback module (F) is discarded. Firstly, in both experimental groups,
the recognition results of the baseline are higher than those of A-ConvNet, indicating
that the modification of CANet from A-ConvNet retains the feature extraction capability
when adapting to the subsequent feature generation network training. Both the baseline
and the proposed method achieve a maximum recognition rate of 100% in the SAMPLE-
SAMPLE experimental group, while the proposed method maintains the smallest standard
deviation. Secondly, the average recognition rates of Ours -F and Ours are both higher than
that of the baseline, indicating that the classifier trained using the generated pseudo-real
data has better generalization to real data. This validates the effectiveness of the feature
generation module. Finally, the average recognition rate of Ours is higher than that of Ours
-F. This indicates that the feedback module (F) effectively improves the capability of feature
generation during training, resulting in enhanced feature representations.

The experimental results demonstrate that the proposed method can recognize three
unseen class targets for both experimental groups. The recognition performance surpasses
that of classic networks trained directly using the simulated images, demonstrating the
effectiveness of the proposed method. The reason is that the feature generation architecture
can create pseudo-real features for the unseen class targets, which aids in classifier training.
The generated data have a stronger resemblance to the real data than the simulated data,
resulting in a network with better generalization ability.

3.2.2. The Significance Test of the Experimental Results

The Wilcoxon signed-rank test is a non-parametric statistical test employed to assess
the dissimilarities between two sets of related samples. In this context, the Wilcoxon signed-
rank test is utilized to ascertain the statistical significance of the discrepancy between the
proposed method and the comparison method in two experimental groups, as it cannot
be assumed that the recognition rates of each method satisfy the normal distribution
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assumption. Tables 5 and 6 show the p-values of the paired Wilcoxon test at the 95%
significance level for SAMPLE-SAMPLE and SAMPLE-MSTAR. The null hypothesis of the
Wilcoxon test is that there is no significant difference between the proposed method and
the comparison method. When the p-value is less than 0.05, the null hypothesis is rejected,
indicating that the proposed method is significantly superior to the comparison method.

Table 5. The p-value of the paired Wilcoxon test at the 95% significance level for SAMPLE-SAMPLE.

Method A-ConvNet ResNet50 Vggl6 RN18+ Baseline Ours -F
p-value 9.8x107% 98x10* 98x107* 70x107% 38x1073 0.13

Table 6. The p-value of the paired Wilcoxon test at the 95% significance level for SAMPLE-MSTAR.

Method A-ConvNet ResNet50 Vggl6 RN18+ Baseline Ours -F
p-value 98x107* 98x10* 98x107* 98x107* 98x10* 29x1073

The results demonstrate that for the SAMPLE-SAMPLE experimental group, the p-
values for A-ConvNet, ResNet50, Vggl6, RN18+ and baseline are all significantly less than
0.05, indicating that the proposed method outperforms them. The p-value for Ours -F is
0.13 which is greater than 0.05, indicating that the absence of the feedback module (F) in
the feature generation module does not significantly affect the final recognition results for
the SAMPLE-SAMPLE experimental group. For the SAMPLE-MSTAR experimental group,
the p-values for all comparison methods are less than 0.05, indicating that the proposed
method is significantly superior to the comparison methods. In this case, the recognition
rate of Ours is superior to that of Ours -F, demonstrating that when there is a signifi-
cant difference between the simulated and measured images, the feedback module (F)
demonstrates its advantage.

3.2.3. The Analysis of the Differences between the Two Experimental Groups

Upon further analysis of the experimental results, a significant difference in the recog-
nition rate of the unseen classes is observed between the SAMPLE-SAMPLE and the
SAMPLE-MSTAR experimental groups. The difference is attributed to the varying dispari-
ties between the simulated and the real data in the two experimental groups. The T-SNE
visualization plots Figure 10 show that the simulated images of the unseen classes in the
SAMPLE are mostly distributed near their corresponding real images, indicating a strong
similarity between them. However, the distribution of the real images in the MSTAR
shows weaker correlations compared to the corresponding simulated images in the SAM-
PLE. When there is a significant difference between the simulated and the real images,
the transferability of the networks trained on simulated images is greatly reduced. This
is particularly noticeable for the RN18+ network, which enhances performance in the
SAMPLE-SAMPLE experimental group but has no impact in the SAMPLE-MSTAR experi-
mental group. The experimental results indicate that the proposed method is effective in
the SAMPLE-MSTAR experimental group. It indicates that even when the quality of the
simulated images is not high, the extracted category features can still assist the proposed
framework in achieving zero-shot recognition of the targets of the multiple classes
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Figure 10. The T-SNE visualization plots of three unseen targets.

3.3. Impact of the Intermediate Layer Dimension Size

The intermediate layer dimension size of G and CFR is equal to the dimension of the
feedback feature F. It is an important parameter that impacts the training effectiveness and
complexity of the model. Tables 7 and 8 display the average recognition rates with different
intermediate layer dimension sizes.

Table 7. Experimental results for different intermediate dimension sizes in SAMPLE-SAMPLE.

Dimensions Min (%) Max (%) Avg (%) Time (s)
512 99.67 100 99.77 £ 0.15 128.75
1024 99.35 100 99.80 £ 0.22 134.52
2048 99.67 100 99.84 £+ 0.16 158.19
4096 99.35 100 99.71 +£0.23 226.76

Table 8. Experimental results for different intermediate dimension sizes in SAMPLE-MSTAR.

Dimensions Min (%) Max (%) Avg (%) Time (s)
512 63.54 73.25 67.56 £ 2.56 130.54
1024 64.05 75.13 69.30 £ 3.24 140.40
2048 66.78 75.98 7157 + 2.28 164.37
4096 66.61 75.98 71.14 +£2.72 237.83

The highest recognition rate achieved for each column are marked in bold.

Four different intermediate layer dimension sizes: 512, 1024, 2018, and 4096 are
tested. The results show that for the intermediate layer dimension size less than 2048,
the average recognition rate increases with the increase in the intermediate layer dimension
size. However, when the dimension size further increases to 4096, the average recognition
rate decreases. The analysis indicates that expanding the intermediate layer dimension size
can enhance the representational and learning capabilities of the model, thereby improving
the recognition performance. However, enlarging the intermediate layer dimension size
also increases the parameter count. If the capacity of the model is too large, it may overfit
irrelevant features, resulting in a decrease in the final recognition rate. Analyzing the
training efficiency of the model, it was observed that the training time increases as the
dimension of the intermediate layer increases. This is mainly due to the increase in the
model complexity. However, the increase in the training time was relatively slow compared
to the change in the intermediate layer dimension. For example, the training time for the
2048 dimension only increased by less than 20 s compared to the 1024 dimension. Even
when the intermediate dimension size is set to 4096, the training time for 1000 epochs does
not exceed 4 min. This due to the fact that the generation module in this paper consists
entirely of simple, shallow fully connected layers. In the feature generation stage, there
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is no need to update the weights of the feature extraction module, which significantly
improves the training efficiency. For the experimental dataset in this paper, a network
with an intermediate layer dimension size of 2048 achieves the best performance without
significantly increasing the training time and is considered an appropriate size setting.

3.4. Impact of the Number of Simulated and Real Images

The impact of the quantity of the data on the method is further explored in this section.
It is important to note that the final performance of the model may be influenced by the
simulated and the real images used by the network. Firstly, The representational capability
of the categories may vary depending on the number of simulated images used to extract
the category features. Secondly, the mapping between the real features and the simulated
category features is learned using the real features of the seen classes, which means that
the amount of real data can affect the model training. We focus on the SAMPLE-SAMPLE
experimental group. Different numbers of the simulated images are used to extract the
category features, and various numbers of the real images are used for the model training.
The number of the images is determined by the range of the aspect angle. The aspect angle
range is represented by 1°, 5°, 10°, 20°, 30°, 40°, 50°, 60°, 70°, which correspond to 10°-11°,
10°-15°, 10°-20°, 10°-30°, 10°—40°, 10°-50°, 10°-60°, 10°-70°, and 10°-80°, respectively.
The specific relationship between the aspect angle range and the number of images used
is shown in Table 9, where the quantity represents the total number of images across all
categories. The number of simulated or real images decreases as the range decreases.

Table 9. The correspondence between the aspect angle range and the number of images.

The Aspect Angle Range 1° 5° 10° 20° 30° 40° 50° 60° 70°
The Simulated Image Number 7 35 147 268 395 504 603 670 745
The Real Image Number 7 35 147 268 395 504 603 670 745

Table 10 shows the average recognition rate for unseen classes in different combi-
nations. According to the table, the recognition performance reaches its maximum at
99.80% when all simulated and real images are used. The lowest recognition rate of 97.31%
occurs when the aspect angle range of the simulated images is 10° and only one real image.
Figure 11 presents a visualization of the changes in recognition rates. The high recognition
rates are mostly achieved when the number of simulated and real images is greater than 40.
The recognition rate generally decreases as the quantity of both types of images is reduced,
but the decreasing trend is not significant, with a difference of 3% between the minimum
and maximum recognition rates.

Table 10. Experimental results for different number configurations (%).

Real
1° 5° 10° 20° 30° 40° 50° 60° 70°

1° 97.92 97.79 98.14 98.79 98.86 98.70 98.99 98.63 98.79

5° 97.62 97.65 98.53 98.50 98.08 98.40 98.37 98.53 98.60

10° 97.31 97.82 98.40 98.31 98.31 98.40 98.34 98.24 98.21

20° 98.37 98.31 98.50 98.50 98.53 98.40 98.79 98.96 98.70

Simulated  30° 98.91 98.70 99.06 99.06 99.06 99.25 99.32 98.93 99.35
40° 99.19 99.58 99.35 99.54 99.48 99.54 99.51 99.67 99.35

50° 99.41 99.51 99.61 99.48 99.64 99.54 99.67 99.58 99.67

60° 99.48 99.48 99.77 99.67 99.45 99.61 99.84 99.67 99.67

70° 99.51 99.67 99.64 99.71 99.58 99.51 99.77 99.77 99.80
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Figure 11. The visualization of the changes in recognition rates.

First, the impact of the number of simulated images is analyzed. When there are
enough simulated images, the coverage of the aspect angle is broad encompassing more
information. As a result, the category features possess stronger representational capabilities.
A decrease in the number of simulated images results in a reduction in the introduced
aspect angle information, which weakens the representational capacity of the category
features. This, in turn, affects the generation of pseudo-real features and further impacts
the final classification performance. However, the model maintains its effectiveness with a
recognition rate above 97% even when using a small number of simulated images. It may be
because the deep features still include scatter characteristics and other category information,
which to an extent represent the entire category. Second, concerning the impact of the
number of real images. When the training data volume is large, the model can learn rich
mappings as the aspect angle range of the seen class can cover 0-80°. The features generated
for the unseen class incorporate information from multiple aspect angles, resulting in the
effective recognition of true samples with varying aspect angles. As the number of real
images decreases, the acquisition of aspect angle information also decreases, leading to
a slight decline in the recognition performance of the model. However, the model can
still achieve a relatively high recognition rate because the model can focus on learning the
relatively simple mappings and other features unrelated to the aspect angle.

The results suggest that the proposed method can maintain a relatively high recogni-
tion rate when training on a sparse set of simulated and real images. The requirement for
the number of simulated and real images is reduced.

3.5. Impact of the Seen Class Number

The ability to generalize to unseen classes of the model may be affected by the number
of seen classes in addition to the number of images used by the network. This is because
the number of seen classes is related to the coverage of the feature space. More seen classes
may provide additional features shared with unseen classes, which can improve the ability
to generate unseen class data. In this section, the number of the seen classes will be reduced
to explore their impact on the final recognition rate. The unseen classes remain BMP2,
BTR70, and T72. The initial number of the seen classes was seven in the SAMPLE-SAMPLE
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and two in the SAMPLE-MSTAR. Both experimental groups ultimately ended up with a
single commonly seen class, which is 251. Tables 11 and 12 present the experimental results.

Table 11. SAMPLE-SAMPLE experimental results for different seen class number (%).

The Seen Class Number

7 6 5 4 3 2 1

Average Accuracy

99.80 99.74 99.90 99.32 99.48 92.41 88.83

Table 12. SAMPLE-MSTAR experimental results for different seen class number (%).

The Seen Class Number 2 1
Average Accuracy 71.57 69.23

The results show a decrease in accuracy when the number of seen classes is less than
three for the SAMPLE-SAMPLE experimental group. Specifically, the final accuracy for
the two and one seen classes is 92.41% and 88.83%, respectively. Similarly, the recognition
rate for one seen class in the SAMPLE-MSTAR experimental group is 2.34% lower than
the recognition rate for two seen classes. However, the performance of the model is not
strictly proportional to the number of the seen classes. In the experimental group SAMPLE-
SAMPLE, the recognition rate of the method can reach 99% or higher when the number of
seen classes is three or more. This may be due to the fact that when the number of seen
classes is more than three, the features selected from the seen classes can already cover
most of the common information with the unseen classes. As a result, the mapping learned
from the seen classes can generalize well to the unseen classes.

The recognition performance of the model decreases as the number of seen classes
decreases, but there is not necessarily a linear relationship between them. Moreover,
the model can maintain a certain level of performance even with fewer seen classes.

3.6. Extended Experiments on the Generalized Zero-Shot Recognition

In real-world scenarios, both the seen class samples and the unseen class samples often
coexist. Therefore, it is necessary to be able to recognize both types of samples simultane-
ously. This recognition problem is known as the generalized zero-shot recognition problem,
which is an extension of the zero-shot problem. The training process for generalized zero-
shot recognition remains consistent with that of zero-shot recognition, allowing only the
seen class samples to be used for training. During the testing phase, the network must be
able to recognize both seen and unseen class targets simultaneously. To achieve this, the fi-
nal classifier training includes both the real features of the seen classes and the generated
features of the unseen classes. That is, a softmax classifier fo.q : {X*UX" = YSUY"} is
trained with X® U X*, and the classifier can recognize both the seen and the unseen class
samples. Compared to the zero-shot recognition, the generalized zero-shot recognition is
more challenging.

This section presents the results of an extension experiment on the generalized zero-
shot SAR target recognition with two experimental groups. In the SAMPLE-SAMPLE
experimental group, the separation of the seen and the unseen classes aligns with zero-shot
target recognition. In the SAMPLE-MSTAR experimental group, the unseen classes are
BMP2 and BMP2, with T72 designated as the seen class. In the comparison experiment,
the network is trained with a combination of simulated images of the unseen class and real
images of the seen class. Tables 13 and 14 display the experimental results.
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Table 13. Experimental results of the generalized zero-shot recognition in SAMPLE-SAMPLE (%).

Seen Classes Unseen Classes

251 M1 M2 M35 M548 ZSU23-4  M60 BMP2 BTR70 T72  Accuracy
A-ConvNet 99.43 98.45 96.09 100 100 100 100 0 0 12.04 77.55
ResNet50 100 100 100 100 100 100 98.85 1.87 0 0.93 77.25
Vggl6 100 100 100 100 100 100 100 0 0 3.70 77.47
RN18+ 97.70 100 96.88 95.35 100 100 100 3.74 60.87 64.81 85.80
baseline 100 100 99.22 100 100 98.86 100 31.78 45.65 25.93 84.68
Ours 93.10 95.35 95.31 100 100 100 100 95.33 51.09 84.26 91.45

Table 14. Experimental results of the generalized zero-shot recognition in SAMPLE-MSTAR (%).

Seen Classes Unseen Classes

T72 ZSU23-4 251 BMP2 BTR70 Accuracy
A-ConvNet 100 100 100 0 0 65.55
ResNet50 99.49 100 100 2.05 0 65.81
Vggl6 100 100 100 1.54 0 65.81
RN18+ 73.98 100 79.20 0 0 56.04
baseline 100 100 100 0 0.51 65.64
Ours 91.33 100 86.13 51.28 67.35 81.15

In the SAMPLE-SAMPLE experimental group, the classic networks A-Convnets,
ResNet50 and Vggl6 almost misclassify all unseen category targets as seen class targets.
While RN18+ and baseline have some recognition ability for the unseen classes, the recogni-
tion rate does not exceed 45%. In the SAMPLE-MSTAR experimental group, the comparison
methods trained directly with supplemented simulated images of unseen classes have an
almost 0% recognition rate for unseen class targets. The reason for the results is that there
are statistical distribution differences between the real and the simulated images and the
model more easily captures features from real images that dominate the training set. In the
SAMPLE-SAMPLE experimental group, the recognition rate of the best comparison method,
RN18+, reached 85%. At the same time, our method achieved an overall recognition rate
of 91.45%. Although the recognition rate for seen class targets has slightly decreased,
the recognition rate for unseen category targets has significantly increased, with an average
recognition rate of over 70%. For the SAMPLE-MSTAR experimental group, our method
achieved an overall recognition rate of 81.15%, which is approximately 15% higher than
that of the comparison methods. Our method generates pseudo-real features for unseen
classes that have a feature distribution closer to the real features. When mixing training
with real samples of the seen classes, the model preference for the seen classes is reduced
and achieves a balance between the seen and unseen classes. The results indicate that our
method contributes to the generalized zero-shot recognition.

4. Discussion

The experiments in Section 3 demonstrate that the proposed method can achieve zero-
shot recognition for multiple classes of targets, rather than inferring only a single class. It
represents a breakthrough compared to existing embedding model-based methods for SAR
target zero-shot recognition. Furthermore, the proposed feature generation architecture
outperforms classical networks trained directly on simulated images in terms of recognition
performance. The effectiveness of the architecture is highlighted. Several factors influencing
the method were examined, as discussed in detail in Section 3. Additionally, the proposed
method has the following limitations.

1. The deep features utilized for network learning in this paper are extracted solely from
a model pre-trained on seen class real images. It may limit their representational
capacity thereby influencing the learning of the network.
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2. The proposed method relies on the similarity of the features between the seen and the
unseen class targets, allowing for the transfer of the mapping learned from the seen
classes to the unseen classes. If there is a significant difference between the seen and
the unseen classes, the proposed method may have limitations.

Based on the analysis above, the proposed method presents a new approach to address
zero-shot recognition in SAR images. However, it still has limitations that require further
exploration and improvement. In the future, the following directions will be mainly
researched. Firstly, multiple feature extraction methods will be adopted. For example,
initially using a large-scale SAR image pre-trained feature extraction network, and then
transferring it to specific tasks. Alternatively, we will use self-supervised networks like
VAE to learn more effective feature representations. Furthermore, the vector embedding of
large models can also be utilized. Secondly, the situations where there is a notable contrast
between the seen and the unseen classes will be examined. Domain adaptation methods
will be introduced into zero-shot recognition tasks to address this issue.

5. Conclusions

The traditional classification networks cannot classify unseen SAR targets. To generate
pseudo-real samples of unseen classes for supervised learning and achieve classification of
the targets for the multiple unseen classes, a conditional generative network with category
features from simulated images for zero-shot SAR target recognition is proposed. Specif-
ically, the process begins with the extraction of the category features from the simulated
images. Next, a conditional VAE-GAN network is trained using samples of seen classes.
Pseudo-real samples of the unseen classes are then generated using the category features
of unseen classes as conditions. Finally, the classification network is trained using the
generated samples to achieve supervised learning. The proposed method can recognize
three unseen category targets in both the SAMPLE and MSTAR datasets, achieving recogni-
tion rates of 99.80 £ 1.22% and 71.57 &£ 2.28%, respectively. The recognition performance
of the method decreases slightly when fewer simulated images are used to extract cat-
egory features and when fewer seen class real images are used for training. However,
the decrease is not significant, with a difference of no more than 3% between the lowest
and highest recognition rates. The proposed method remains effective even with only a
few seen classes. The recognition rates for the three unseen class targets in the SAMPLE
and MSTAR datasets exceed 90% and 70%, respectively, when only two seen classes are
used. Additionally, the proposed method can be expanded to the tasks of the generalized
zero-shot recognition tasks.
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