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Abstract: Among the current methods of synthetic aperture radar (SAR) automatic target recognition
(ATR), unlabeled measured data and labeled simulated data are widely used to elevate the perfor-
mance of SAR ATR. In view of this, the setting of semi-supervised few-shot SAR vehicle recognition
is proposed to use these two forms of data to cope with the problem that few labeled measured
data are available, which is a pioneering work in this field. In allusion to the sensitivity of poses of
SAR vehicles, especially in the situation of only a few labeled data, we design two azimuth-aware
discriminative representation (AADR) losses that suppress intra-class variations of samples with huge
azimuth-angle differences, while simultaneously enlarging inter-class differences of samples with the
same azimuth angle in the feature-embedding space via cosine similarity. Unlabeled measured data
from the MSTAR dataset are labeled with pseudo-labels from categories among the SARSIM dataset
and SAMPLE dataset, and these two forms of data are taken into consideration in the proposed loss.
The few labeled samples in experimental settings are randomly selected in the training set. The phase
data and amplitude data of SAR targets are all taken into consideration in this article. The proposed
method achieves 71.05%, 86.09%, and 66.63% under 4-way 1-shot in EOC1 (Extended Operating
Condition), EOC2/C, and EOC2/V, respectively, which overcomes other few-shot learning (FSL) and
semi-supervised few-shot learning (SSFSL) methods in classification accuracy.

Keywords: semi-supervised learning; few-shot learning; SAR target recognition; discriminative
representation learning

1. Introduction

As a longstanding and challenging problem in Synthetic Aperture Radar (SAR) im-
agery interpretation, SAR Automatic Target Recognition (SAR ATR) has been an active
research field for several decades. SAR ATR plays a fundamental role in various civil appli-
cations including prospecting and surveillance, and military applications such as border
security [1]. (Armored) vehicle recognition [2–4] in SAR ATR aims at giving machines the
capability of automatically identifying the classes of interested armored vehicles (such as
tank, artillery and truck), which is the focus of this work. Recently, high-resolution SAR
images are increasingly easier to produce than before, offering great potential for studying
fine-grained, detailed SAR vehicle recognition. Despite decades of effort by researchers,
including the recent successful preliminary attempts presented by deep learning [5–8],
as far as we know, the problem of SAR vehicle recognition remains an underexploited
research field with the following significant challenges [9].

• The lack of large, realistic, labeled datasets. Existing SAR vehicle datasets, i.e.,
the Moving and Stationary Target Acquisition and Recognition (MSTAR) dataset [10],
are too small and relatively unrealistic, and cannot represent the complex charac-
teristics of SAR vehicles [1] including imaging geometry, background clutter, occlu-
sions, and speckle noise and true data distributions, but are very easy for many
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machine-learning methods to achieve high performance with abundant training sam-
ples. Certainly, such SAR vehicle datasets are hard to create due to the non-cooperative
application scenario and the high cost of expert annotations. Therefore, label-efficient
learning methods deserve attention in such a context. In other words, in the recog-
nition missions of SAR vehicle targets, labeled SAR images of armored vehicles are
usually difficult to obtain and interpret in practice, which leads to an insufficient
sample situation in this field [11].

• Large intra-class variations and small inter-class variations. Variations in imaging
geometry, such as the imaging angle including azimuth angle and depression angle,
imaging distance and background clutter, lead to remarkable effects on the vehicle
appearance in SAR images (examples shown in Figure 1), causing large intra-class
variation. The aforementioned variations in imaging conditions can also cause ve-
hicles of different classes to manifest highly similar appearances (examples shown
in Figure 1), leading to small inter-class variations. Thus, SAR vehicle recognition
demands robust yet highly discriminative representations that are difficult to learn,
especially from a few labeled samples.

• The more difficult recognition missions among extended standard operation (EOCs).
In MSTAR standard operation condition (SOC), the training samples and testing
samples are only different in the depression angles, which are 17◦ and 15◦. When it
comes to EOCs, different from the SOC, the variations in the depression angles and
the configuration or versions of targets lead to obvious imaging behaviors among SAR
targets. Thus, the recognition missions among EOCs are much more difficult than
SOC in the MSTAR dataset. This phenomenon also exists in the few-shot recognition
missions.

Figure 1. The samples of four categories among the MSTAR SOC under the azimuth-angle normaliza-
tion. According to its azimuth angle, the SAR image from each category is selected every 24 degrees.
To ensure the continuity of the samples based on azimuth angles, the image of an adjacent azimuth
angle is chosen if there is a vacancy of the particular degree value.

Recently, in response to the aforementioned challenges, FSL [12] has been introduced
to recognition missions of SAR ATR, aiming to elevate the recognition rate through a few
labeled data. The lack of training data suppresses the performance of those CNN-based SAR
target classification methods, which achieve a high recognition accuracy when the labeled
data are sufficient [2]. To handle this challenge, simulated SAR images generated from
auto-CAD models and the mechanism of electromagnetic scattering are introduced into the
SAR ATR to elevate the recognition accuracy [13–15]. Although some common information
can be transferred from labeled simulated data, there still exists huge differences between
simulated data and measured data. The surroundings of the imaging target, the disturbance
of the imaging platform, and even the material of vehicles make it hard to simulate the
samples in the real environment. Because of this, some scholars are willing to leverage
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unlabeled measured data, instead of simulated data, in their algorithms, which launches
the settings of semi-supervised SAR ATR [16–19].

Building upon our previous study in [11], this paper presents the first study of SSFSL in
the field of SAR ATR, aiming to improve the model by making use of labeled simulated data
and unlabeled measured data. Besides leveraging these data, information on azimuth angle
is regarded as a kind of significant knowledge in digging discriminative representation in
this paper.

When there are enough labeled SAR training samples, the feature-embedding space
based on the azimuth angle of a category is approximately complete from 0◦ to 359◦. Hence,
under this situation, the influence of a lack of several azimuth angles on recognition rate
is limited. Nevertheless, if there are only an extremely small number of labeled samples,
their azimuth angle will dominate the SAR vehicle recognition results. Figure 1 shows
four selected categories of SAR images from the MSTAR SOC within the azimuth-angle
normalization [11]. It is obvious that the SAR vehicle images with huge differences in
azimuth angles from the same category own quite different backscattering behaviors, which
can be considered to be high intra-class diversity. When the difference of the azimuth angles
of samples is over 50 degrees, the backscattering behaviors, including the shadow area
and target area of the target, are dissimilar in accordance with the samples in the same
row of Figure 1. In the meantime, the SAR vehicle images with the same or adjacent
azimuth angles from different categories share similar backscattering behaviors, which
is the inter-class similarity. The samples in the same column in Figure 1 are homologous
in the appearance of the target area and shadow area, especially when vehicle types are
approximate; for instance, the group of BTR60 and BTR70, and T62 and T72. These two
properties among SAR images cause confusion in representation learning and mistakes in
classification results.

To solve this problem, an azimuth-aware discriminative representation (AADR) learn-
ing method is proposed, and this algorithm can grasp the distinguishable information
through azimuth angles among both labeled simulated data and unlabeled measured data.
The motivation of the method is to design a specific loss to let the model study not only the
category information but also the azimuth-angle information. For suppressing the intra-
class diversity, the pairs of SAR samples from the same category within huge azimuth-angle
differences are selected, and their absolute value of cosine similarity of representations will
be adjusted from zero-near value to one-near value. Simultaneously, to enlarge inter-class
differences, samples from different categories with the same azimuth angle are selected
and their feature vectors will be pulled from approximately overlap to near orthogonality
in the metric manner of cosine similarity. Following this idea, the azimuth-aware regular
loss (AADR-r) and its variant azimuth-aware triplet loss (AADR-t) are proposed, and
the details will be introduced in Section 3. Furthermore, the cross-entropy loss from the
labeled simulated datasets and the KL divergence of pseudo-labels from the unlabeled
measured dataset (MSTAR) are also considered in the proposed loss. After experiencing the
modification through the proposed loss, the algorithm is used to learn the discriminative
representation from the few-shot samples and be tested among the query set.

Based on the baseline in SSFSL, there is no overlap between categories among the
source domain and the target domain. The number of simulated data in the source domain
is abundant, whereas there are an extremely small number of measured samples with labels
and enough unlabeled measured data in the target domain. According to the settings of
SSFSL, samples from the support and query sets are distinguished by different depression
angles, and the unlabeled data are only chosen from the samples in the support set.

Extensive contrast experiments and ablation experiments were carried out to show
the performance of our method. In general, the three contributions of the paper are
summarized below:

• Due to the lack of large and realistic labeled datasets among SAR vehicle targets,
for the first time, we propose the settings of semi-supervised few-shot SAR vehicle
recognition, which takes both unlabeled measured data and labeled simulated data
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into consideration. In particular, simulated datasets act as the source domain in
FSL, while the measured dataset MSTAR serves as the target domain. Additionally,
the unlabeled data in MSTAR dataset are available in the process of model training.
This configuration is really close to the active task in few-shot SAR vehicle recognition
that labeled simulated data, and unlabeled measured data can be obtained easily.

• An azimuth-aware discriminative representation loss is proposed to learn the simi-
larity of representations of intra-class samples with large azimuth-angle differences
among the labeled simulated datasets. The representation pairs are considered to be
feature vector pairs, which are pulled close to each other in the direction of the vector.
Meanwhile, the inter-class differences of samples with the same azimuth angle are also
expanded by the proposed loss in the feature-embedding space. The well-designed
cosine similarity works as the distance to make representation pairs in the inter-class
be orthogonal to each other.

• tlo information and phase data knowledge are adopted in the stage of SAR vehicle data
pre-processing. Moreover, the variants of azimuth-aware discriminative representation
loss achieve 47.7% (10-way 1-shot SOC), 71.05% (4-way 1-shot EOC1), 86.09% (4-way
1-shot EOC2/C), and 66.63% (4-way 1-shot EOC2/V), individually. Plenty of contrast
experiments with other FSL methods and SSFSL methods prove that our proposed
method is effective, especially in three EOC datasets.

There are five sections in this paper. In Section 2, the semi-supervised learning
and its applications in SAR ATR, FSL and its applications in SAR ATR, and SAR target
recognition based on azimuth angle are introduced in the related work. The settings of
SSFSL among SAR target classification is presented in Section 3.1. Then, in Section 3.2,
the whole framework of the proposed AADR-r is shown. After that, AADR-t is described
in Section 3.3. Then, in Section 4, experimental results among SOC and three EOCs are
demonstrated in diagrams and tables. Sufficient contrast experiments, ablation experiments,
and implementation details are introduced and analyzed in Section 5. Finally, this paper is
concluded, and future work is designed in Section 6.

2. Related Work
2.1. Semi-Supervised Learning and Its Applications in SAR Target Recognition

(1). Semi-supervised learning: Semi-supervised learning uses both labeled and unla-
beled data to perform certain learning tasks. In contrast to supervised learning, it permits
the harnessing of large amounts of unlabeled data available in many cases [20]. Generally,
there are three representative approaches for semi-supervised learning—generative mod-
els [21,22], conditional entropy minimization [23], and pseudo-labeling [24]. Among the
methods of generative models, various auto-encoders [25,26] were proposed by adding
consistency regularization losses computed on unlabeled data. However, all unlabeled ex-
amples were encouraged to make confident predictions on some classes in the approaches
of conditional entropy minimization [27]. The means of pseudo-labeling [28], which was
adopted in this article, imputes approximate classes on unlabeled data by making predic-
tions from a model trained only on labeled data.

(2). Semi-supervised SAR target recognition: According to the classification of meth-
ods in semi-supervised learning, the methods of semi-supervised SAR target recognition
can also be divided into three parts. A symmetric auto-encoder was used to extract
node features and the adjacency matrix is initialized using a new similarity measurement
method [16]. The methods with generative adversarial networks were also popular in
solving the semi-supervised SAR target recognition [29]. In [30], the pseudo-labeling and
the consistency regularization loss were both adopted, and these unlabeled samples with
pseudo-labels were mixed with the labeled samples and trained together in the designed
loss to improve recognition performance. Multi-block mixed (MBM) in [31], which could
effectively use the unlabeled samples, was used to interpolate a small part of the training
image to generate new samples. In addition, semi-supervised SAR target recognition under
limited data was also studied in [18,19]. Kullback–Leibler (KL) divergence was introduced
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to minimize the distribution divergence between the training and test data feature repre-
sentations in [18]. The dataset attention module (DAM) was proposed to add the unlabeled
data into the training set to enlarge the limited label training set [32].

2.2. Few-Shot Learning and Its Applications in SAR Target Recognition

(1). Few-shot learning: Currently, few-shot learning is proposed to learn a classifier
from the base dataset and adapt with extremely limited supervised information of each class.
The methods to solve the few-shot learning problems are generally divided into metric-
based and optimization-based. The metric-based methods tend to classify the samples
by judging the distance between the query-set image and the support-set image, such as
matching networks [33], prototypical networks [34], deep nearest-neighbor neural network
(DN4) [35]. Optimization-based algorithms designed novel optimization functions [36],
better initialization of training models [37] and mission-adapted loss [38] to improve the
rapid adaptability to new tasks, which could be regard as common solutions in few-shot
learning methods.

(2). Semi-supervised few-shot learning: When there are only a few labeled examples
among novel classes, it is intuitive to use extra unlabeled data to improve the learning [39].
This leads to the setting of semi-supervised few-shot learning. Prototypical networks were
improved by Ren et al. [40] to produce prototypes for the unlabeled data. Liu et al. [41]
constructed a graph between labeled and unlabeled data and used label propagation to
obtain the labels of unlabeled data. By adding the confident prediction of unlabeled to
the labeled training set in each round of optimization, Li et al. [42] applied self-training in
semi-supervised few-shot learning. In [43], a simple and effective solution was proposed to
tackle the extreme domain gap by self-training a source domain representation on unlabeled
data from the target domain.

(3). Few-shot SAR target recognition: Few-shot SAR target recognition [44–53] has had
more and more emphasis placed on it in recent years. An AG-MsPN [9] was proposed to
consider both complex-value information of SAR data and the prior attribute information
of the targets. The connection-free attention module and Bayesian-CNN were proposed
to transfer common features from the electro-optical domain to the SAR domain for SAR
image classification in the extreme few-shot case [54]. The Siamese neural network [55]
was also ameliorated to cope with the problems of few-shot SAR target recognition [51].
The MSAR [45] with a meta-learner and a base-learner could learn a good initialization as
well as a proper update strategy. The inductive inference and the transductive inference
were adopted in the hybrid inference network (HIN) [49] to distinguish the samples in
the embedding space. These methods divided the MSTAR dataset into query set and
support set and the performance is not reflected on the whole MSTAR dataset. DKTS-N
was proposed to take SAR domain knowledge into consideration and evaluated among the
whole categories in the MSTAR dataset, but the performance of DKTS-N among MSTAR
EOCs was not pleasant according to [11].

2.3. SAR Target Recognition Based on Azimuth Angle

The information on azimuth angle, which is a kind of important domain knowledge
in SAR images, has been applied in the algorithms for a long time. Usually, a series of SAR
images with regular azimuth angles are input into the network, which is named multiview
or multi-aspect [56–60]. In [56], every input multiview SAR image was first examined by
sparse representation-based classification to evaluate its validity for multiview recogni-
tion. Then, the selected views were jointly recognized with joint sparse representation.
Multiview similar-angle target images were used to generate a joint low-rank and sparse
multiview denoising dictionary [57]. MSRC-JSDC learned a supervised sparse model from
training samples by using sample label information, rather than directly employing a
predefined one [61]. A residual network (ResNet) and bidirectional long short-term mem-
ory (BiLSTM) network was proposed to learn the azimuth-angle information among SAR
images [58]. However, to exploit the spatial and temporal features contained in the SAR
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image sequence simultaneously, this article proposed a sequence SAR target classification
method based on the spatial-temporal ensemble convolutional network (STEC-Net) [59].
The authors in [60] adopted a parallel network topology with multiple inputs and the
features of input SAR images from different azimuth angles would be learned layer by
layer. Although these above-mentioned methods made full use of the azimuth angles,
a certain number of SAR images with different azimuth angles were required, which was
impossible in extremely few-shot SAR target recognition. In this article, the discriminative
representation information among different samples is refined from specially designed loss
during model training.

3. Proposed Method

To cope with the challenge of semi-supervised few-shot SAR target recognition,
the AADR framework is proposed within three stages in Figure 2. In this section, the set-
tings of SSFSL are illustrated first. Then, the whole framework of AADR-r is introduced.
Finally, the variant loss AADR-t will be described in detail.

Figure 2. The whole framework of the azimuth-aware discriminative representation framework with
regular loss.

3.1. Problem Setting

Initially, the definition of terminology used in semi-supervised few-shot SAR tar-
get recognition can be written as follows: a huge labeled simulated dataset Dsim =
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{
(xi, li, αi)|i = 1, 2, . . . , p, li ∈ Csim

}
. xi is the image in the labeled simulated dataset Dsim.

li is the label of xi and the αi is the azimuth angle of the xi. Csim is the categories among
the simulated dataset. The measured MSTAR datasets are divided into Dtrain

mea and Dtest
mea,

according to the popular baseline. The train dataset and test dataset can be formulated by

Dtrain
mea =

{
(xtrain

i , ltrain
i , αtrain

i )|i = 1, 2, . . . , r, ltrain
i ∈ Ctrain

mea
}

(1)

Dtest
mea =

{
(xtest

j , ltest
j , αtest

j )|j = 1, 2, . . . , s, ltest
j ∈ Ctest

mea

}
(2)

xtrain
i , ltrain

i , αtrain
i are the image, label and azimuth angle of the image among the train-

ing measured dataset, respectively, while xtest
j , ltest

j , αtest
j are the image, label and azimuth

angle of the image among the testing measured dataset. Ctrain
mea and Ctest

mea are the categories in
the training and testing dataset and satisfy the relationship of Ctrain

mea ⊇ Ctest
mea. Actually, in the

experiment settings of MSTAR SOC and EOC1, the relationship between categories among
training and testing sets is Ctrain

mea = Ctest
mea, while in the experimental settings of EOC2/C and

EOC2/V, there are more categories in the training set than categories in the testing set, so the
relationship changes to Ctrain

mea ⊃ Ctest
mea. The unlabeled measured dataset Dunlabel is the same

dataset as the Dtrain
mea without the label information, Dunlabel =

{
(xj, αj)|j = 1, 2, . . . , r,

}
.

N-way K-shot indicates that there are N categories and each category contains K
labeled samples. In most times, K is set to 1 or 5 in the experiments of MiniImageNet [36]
and Ominiglot [62]. At the pre-train stage, all the labeled data are sampled from the
Dsim, and the unlabeled data Dunlabel are the same samples as the Dtrain

mea but without the
labels. In addition, Dsim and Dunlabel are involved in the azimuth-aware discriminative
representation learning stage. It should be noted that there is not any FSL setting at either
the first or the second stages. At the few-shot recognition stage, N-way K-shot samples
are randomly selected from the Dtrain

mea , which act as the support set. All the data in Dtest
mea

compose the query set.

3.2. The Whole Framework with AADR-r

The whole framework of the azimuth-aware discriminative representation method
is illustrated in Figure 2. At the pre-training stage, after the processing of azimuth-angle
normalization, the simulated labeled data are fed into the deep neural network [6] within
cross-entropy loss.

min
θ

∑
(xi ,li ,αi)εDsim

Lce( fθ(xi), li) (3)

In Formula (3), a trained model φ with parameters θ0 and classifier are achieved. Due
to the plenty of labeled data in the labeled simulated dataset, the recognition accuracy
among Dsim is perfect, which is shown in the first row in the pre-training stage in Figure 2.
φ embeds the input image x into Rd. The input dim of the classifier is d, and the output
dim is the number of classes among labeled simulated dataset Csim. Then, the trained
model φ with parameters θ0 and the classifier is adopted to classify the unlabeled data
in Dtrain

mea with the pseudo-labels Csim. After that, the pseudo-label of each unlabeled data
are achieved, which is shown in Formula (4) and described in the second row in Figure 2.
Every pseudo-label Csim of the unlabeled image is fixed thorough the whole azimuth-aware
discriminative representation learning stage. Formula (5) describes the process of feature
extraction and classification, which appears many times in the training stage with the
changing parameters θ.

lj = fθ0(xj), ljεCsim, ∀xjεDunlabel (4)

fθ(xj) = classi f ier(φ(xj)) (5)

The azimuth-aware discriminative representation learning module works at the second
stage. Both simulated labeled data and unlabeled measured data experience azimuth-angle
normalization before being fed into the network. Among the simulated labeled data,
the information on labels and azimuth angles is accessible, so it is feasible to calculate
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the difference in azimuth angles between the samples from the same category. In the
article, the gap is set to 50 degrees. The selected pair of samples among simulated labeled
datasets obeys the rule according to Formula (6). The number of pairs in Psim is Nsim =
Card(Psim), which is involved in Formula (7). The cos distance restricts the directions
among representations of selected pairs. Before optimization, the cos distance of samples
from the same category with huge differences in azimuth angle is relatively close to zero.
However, through the designed azimuth-aware discriminative representation learning
regular loss in simulated labeled dataset modules, the above-mentioned situation can
be alleviated and the result of cos distance is guided to one. The cross-entropy loss of
recognition among simulated labeled datasets is also taken into consideration to restrict the
adaptation of θ in the whole optimization.

Psim =

{
(xi1 , li1 , αi1), (xi2 , li2 , αi2)|1 ≤ i1 < i2 ≤ p,

50 <
∣∣αi1 − αi2

∣∣ < 310, li1 = li2 εCsim

}
(6)

Lsim = ∑
(xi ,li ,αi)εDsim

Lce( fθ(xi), li) +
λ

Nsim
∑

1≤i1<i2≤p

1∣∣cos(φ(xi1), φ(xi2))
∣∣+ 1 (7)

When it comes to the unlabeled measured dataset Dunlabel , although the samples
are selected from the Dtrain

mea , only the pseudo-labels from the pre-training stage can be
achieved, which is lj in Formula (8). The azimuth angles of samples are known. It is
worth noting that, among the MSTAR dataset, the azimuth angles of any two samples
in one category are different. Therefore, in Dunlabel , if there are two samples with the
same azimuth angle, then these two samples must come from two different categories.
Actually, before optimization, the cos distance of these two samples may be closer to 1
than 0, because of the similar backscattering behaviors. The purpose of the designed loss
in Formula (9) is to make the model distinguish data from various categories within the
same azimuth angle, through which the proposed loss enlarges the inter-class differences
of samples and lets the feature vectors of these sample pairs be orthogonal to each other
as far as possible. The selected samples pair Punlabel is described in Formula (8) and the
number of pairs in Punlabel is Nunlabel = Card(Punlabel). λ is the hyper-parameter in the
loss. The KL loss introduces noise during training by encouraging the model to learn the
representations that emphasize the groupings induced by the pseudo-labels among the
unlabeled measured samples. The total loss of the second stage is shown in Formula (10).
In ablation experiments, the effects of different parts of loss will be discussed and the results
are shown in the corresponding tables.

Punlabel =

{
(xj1 , lj1 , αj1), (xj2 , lj2 , αj2)|
1 ≤ j1 < j2 ≤ r, αj1 = αj2

}
(8)

Lmea = ∑
(xj ,αj)εDunlabel

LKL( fθ(xj), lj) +
λ

Nunlabel
∑

1≤j1<j2≤r

∣∣cos(φ(xj1), φ(xj2))
∣∣ (9)

Ltotal = Lsim + Lmea (10)

In terms of the few-shot recognition stage, it is composed of a training and testing
process, as shown in Figure 2. N way K shot labeled samples are randomly selected from
the Dtrain

mea , acting as the support set, and all the samples in Dtest
mea comprise the query set.

The parameters θ are reserved from the second stage and frozen in this stage. Because the
output categories in the fully connected classifier are different between the second stage and
the third stage, the parameter of the classifier needs adapting through the few labeled data.
After that, the feature extractor and the fully connected classifier are tested through the
query set. The operation in the third stage is repeated 600 times and the average recognition
rate and variance are recorded.
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3.3. The Variants of AADR-t

In fact, the motivation of our designed AADR-r is similar to the triplet loss but without
the anchor samples. To compare with the standard triplet loss, the AADR-t is designed
to minimize the distance between an anchor sample and a positive sample with the same
category, and maximize the distance between the anchor sample and a negative sample of
a different category [63]. The differences between AADR-r and AADR-t are the selection
rules of sample pairs and the loss function, which all exist in the second stage. It is worth
noticing that, in this article, the selection of anchor sample (xa

i , la
i , αa

i ), its hard negative
sample (xn

i , ln
i , αn

i ) and its hard positive sample (xp
i , lp

i , α
p
i ) take the azimuth angle into

consideration. The hard negative sample shares the same azimuth angle as the anchor
samples, but they are from different categories. The hard positive sample is the same class
as the anchor sample but with a huge difference in azimuth angle. The details of selection
rules are shown in Formulas (11) and (12). The categories among unlabeled samples are
from pseudo-labels in the simulated dataset. The numbers of the triplet group in Pt

sim
and Pt

unlabel can be expressed through Nt
sim = Card(Pt

sim) and Nt
unlabel = Card(Pt

unlabel).
Unlike the max operation and settings of margin in the raw triplet loss, the proposed
AADR-t expands the cosine distance among the anchor sample and hard negative sample,
and pulls in the cosine distance between the anchor sample and hard positive sample in
both simulated dataset and unlabeled dataset, as shown in Formulas (13) and (14). The total
triplet loss is composed of the loss in the simulated dataset and the unlabeled dataset, which
is similar to Formula (10).

Pt
sim =


(xa

i , la
i , αa

i ), (xp
i , lp

i , α
p
i ), (xn

i , ln
i , αn

i )|
1 ≤ i ≤ p, 50 <

∣∣∣αa
i − α

p
i

∣∣∣ < 310,

αn
i = αa

i , la
i = lp

i 6= ln
i , la

i , lp
i , ln

i εCsim

 (11)

Pt
unlabel =


(xa

j , la
j , αa

j ), (xp
j , lp

j , α
p
j ), (xn

j , ln
j , αn

j )|
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λ

Nt
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∑
1≤i≤p

|cos(φ(xa
i ), φ(xn

i )| −
∣∣∣cos(φ(xa

i ), φ(xp
i )
∣∣∣ (13)

Lt
mea = ∑

(xa
j ,la

j ,αa
j )εDunlabel

LKL( fθ(xa
j ), la

j )+

λ

Nt
unlabel

∑
1≤j≤r

∣∣∣cos(φ(xa
j ), φ(xn

j )
∣∣∣− ∣∣∣cos(φ(xa

j ), φ(xp
j )
∣∣∣ (14)

Lt
total = Lt

sim + Lt
mea (15)

4. Experiments

To test the validity of AADR for semi-supervised few-shot SAR vehicle classification,
extensive experiments were performed under the experimental settings that the public
simulated SARSIM dataset and the simulated part of Synthetic and Measured Paired
Labeled Experiment (SAMPLE) dataset were combined as the Dsim. The public MSTAR
dataset was recognized as the Dmea. Actually, the few-shot labeled data are sampled from
Dtrain

mea , and the data in the query set Dtest
mea are from different depression angles or different

types. The unlabeled data are all from Dtrain
mea . Take MSTAR SOC (Standard Operating

Condition) as an example: the few-shot labeled data comprise the support set, while the
unlabeled measured data are selected from the set of 17◦ depression angle in MSTAR SOC,
while the samples within 15◦ depression angle in MSTAR SOC compose the query set.
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Contrast experiments with traditional classifiers, other advanced FSL approaches, and semi-
supervised learning approaches were conducted. Additionally, ablation experiments
with different dimensions of features, various base datasets, and errors in azimuth-angle
estimation are also involved in our work.

Without the phase data, the data in the SAMPLE dataset and the SARSIM dataset only
experience the gray-image adjustment and azimuth-angle normalization. However, the
samples in the MSTAR database experience the phase data augmentation as in [11].

The feature extractor network in Figure 2 contains four fully convolutional blocks [64],
which own a 3 × 3 convolution layer with 64, 128, 256 and 512 filters, relatively, 2 × 2
max-pooling layer, a batch-normalization layer, and a RELU (0.5) nonlinearity layer. We use
the SGD with momentum optimizer with momentum 0.9 and weight decay 1× 10−4. All
experiments were run on a PC with an Intel single-core i9 CPU, four Nvidia GTX-2080 Ti
GPUs (12 GB VRAM each), and 128 GB RAM. The PC operating system was Ubuntu 20.04.
All experiments were conducted using the Python language on the PyTorch deep-learning
framework and CUDA 10.2 toolkit.

4.1. Datasets

(1). SARSIM: The public SARSIM dataset [15] contains seven kinds of vehicles (humvee
9657 and 3663, bulldozer 13,013 and 8020, tank 65,047 and 86,347, bus 30,726 and 55,473,
motorbike 3972 and 3651_Suzuki, Toyota car and Peugeot 607, and truck 2107 and 2096).
Every image is simulated in the identical situation to MSTAR and for 5◦ azimuth-angle
interval at the following depression angles (15◦, 17◦, 25◦, 30◦, 35◦, 40◦, and 45◦), so there
are 72 samples in each category under a certain depression angle.

(2). SAMPLE: The public SAMPLE dataset [65,66] is released by Air Force Research
Laboratory with both measured and simulated data in 10 sorts of armored vehicle (tracked
cargo carrier: M548; military truck: M35; wheeled armored transport vehicle: BTR70; self-
propelled artillery: ZSU-23-4; tanks: T-72, M1, and M60; tracked infantry fighting vehicle:
BMP2 and M2; self-propelled howitzer: 2S1). The azimuth angles of the samples, which
are 128x128 pixel, in the SAMPLE dataset are from 10◦ to 80◦ and their depression angles
are from 14◦ to 17◦. For every measured target, a corresponding synthetic image is created
with the same sensor and target configurations, but with totally different background
clutter. In order to make the categories in the few-shot recognition stage and pre-training
stage different, in most experiment settings in this article, only the synthetic images in
the SAMPLE dataset are leveraged and combined with the SARSIM dataset to expand the
richness of categories in the base dataset.

(3). MSTAR: In recent years, the MSTAR SOC dataset [10], including ten kinds of
military vehicles during the Soviet era (military truck: ZIL-131; tanks: T-72 and T-62;
bulldozer: D7; wheeled armored transport vehicle: BTR60 and BTR70; self-propelled
howitzer: 2S1; tracked infantry fighting vehicle: BMP2; self-propelled artillery: ZSU-23-4;
armored reconnaissance vehicle: BRDM2), was remarkable for verifying the algorithm
performance among SAR vehicle classification missions. Imaged under the airborne X-
band radar, the samples in this dataset were HH polarization mode within the resolution
of 0.3 × 0.3 m. Targets, whose depression angles were 17◦, were for the support set and
consisted of the unlabeled measured data, and 15◦ were for testing, whose numbers among
each category were shown in Table 1. The EOC1 (large depression variation) contained four
kinds of target (ZSU-23-4, T-72, BRDM-2 and 2S1). The depression angle of the training
and testing set were 17◦ and 30◦, relatively. The targets in the EOC2/C (configuration
variation) were various in parts of the vehicle, including explosive reactive armor (ERA)
and an auxiliary gasoline tank. The EOC2/V (version variation) corresponded to the target
version variation and shared the identical support set to the EOC2/C, but with a different
query set, which is displayed in Table 2.
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Table 1. Categories among MSTAR SOC.

SOC 17◦ Support Set 15◦ Support Set

2S1 299 274
BMP2 233 196
BRDM2 298 274
BTR60 256 195
BTR70 233 196
D7 299 274
T62 299 274
T72 232 196
ZIL131 299 274
ZSU-23-4 299 274

Table 2. Categories among MSTAR EOCs.

Target Support Set EOC1 Query Set

2S1 299 2S1-b01 288
BRDM2 298 BRDM2-E71 287
T72 691 T72-A64 288
ZSU-23-4 299 ZSU-23-4-d08 288

Target Support Set EOC2/C Query Set

BMP2-9563 233 T72-S7 419
BRDM2-E71 298 T72-A32 572
BTR70-c71 233 T72-A62 573
T72-SN132 232 T72-A63 573

T72-A64 573

Target Support Set EOC2/V Query Set

BMP2-9563 233 T72-SN812 426
T72-A04 573

BRDM2-E71 298 T72-A05 573
T72-A07 573

BTR70-c71 233 T72-A10 567
BMP2-9566 428

T72-SN132 232 BMP2-C21 429

4.2. Experimental Results
4.2.1. Experiments in SOC

Comparative experiments including classical classifiers (CC), FSL methods and SSFSL
methods are shown in Table 3, under the FSL setting among 10-way K-shot (K = 1, 2, 5, 10).
The average recognition rate and variance of 600 random experiments for each setting are
displayed in Table 3. CC algorithms include LR (logistic regression) [67], DT (decision
tree) [68], SVM (support vector machine) [69], GBC (gradient-boosting classifier) [70] and
RF (random forest) [71]. These methods share the same feature extractors as the AADR
with individual classifiers. The average recognition rate of algorithms in SSFSL is higher
than in FSL and CC in Table 3. Although the recognition rates of classical classifiers are
unsatisfactory in few-shot conditions, some of them achieve a higher result than SSFSL in
the settings of 10-way 10-shot. Our proposed AADR-r and AADR-t obtain a relatively better
recognition rate in few-shot settings (K ≤ 5), which are only a little lower than DKTS-N.
The DKTS-N outstrips all the other methods in the settings of both few-shot and limited
data in SOC for the following reason. The advantage of DKTS-N is learning the global and
local features. The samples in training and testing sets in MSTAR SOC are similar because
of the approximate depression angle 17◦ and 15◦. Hence, the global and local features
between the two sets are close and easy to be matched through Earth’s mover distance
and nearest-neighbor classifiers in DKTS-N. However, highly different configurations and
versions of armored vehicle lead to huge discrepancies in local features, which influence
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the scattering characteristics among SAR images. Therefore, the performance in the EOCs
of DKTS-N decreases, which is the restriction of this metric-learning-based algorithm.
The proposed AADR, an optimization-based method, overcomes the difficulties and shows
an overwhelming performance in EOCs.

Table 3. Few-shot classification accuracy of SOC among CC, FSL and SSFSL algorithms.

SOC (10-Way)

Algorithm 1-Shot 2-Shot 5-Shot 10-Shot

SVM [69] 38.75 ± 0.45 50.32 ± 0.41 67.49 ± 0.34 77.99 ± 0.27
LR [67] 41.96 ± 0.35 52.82 ± 0.37 69.06 ± 0.32 79.52 ± 0.24

CC DT [68] 18.54 ± 0.47 26.02 ± 0.44 40.70 ± 0.43 50.31 ± 0.38
GBC [70] 34.64 ± 0.41 36.49 ± 0.40 38.72 ± 0.39 47.56 ± 0.36
RF [71] 18.64 ± 0.50 24.79 ± 0.43 39.96 ± 0.38 51.86 ± 0.35

DeepEMD [72] 36.19 ± 0.46 43.49 ± 0.44 53.14 ± 0.40 59.64 ± 0.39
DeepEMD grid [73] 35.89 ± 0.43 41.15 ± 0.41 52.24 ± 0.37 56.04 ± 0.31
DeepEMD sample [73] 35.47 ± 0.44 42.39 ± 0.42 50.34 ± 0.39 52.36 ± 0.28

FSL DN4 [35] 33.25 ± 0.49 44.15 ± 0.45 53.48 ± 0.41 64.88 ± 0.34
Prototypical Network [34] 40.94 ± 0.47 54.54 ± 0.44 69.42 ± 0.39 78.01 ± 0.29
Relation Network [74] 34.23 ± 0.47 41.89 ± 0.42 54.32 ± 0.37 64.45 ± 0.32
DKTS-N [11] 49.26 ± 0.48 58.51 ± 0.42 72.32 ± 0.32 84.59 ± 0.24

ICI [75] 49.18 ± 0.54 54.31 ± 0.46 57.82 ± 0.35 63.92 ± 0.22
EP [76] 44.74 ± 0.64 47.82± 0.57 53.20 ± 0.46 57.16 ± 0.30
PPSML [77] 36.56 ± 0.48 46.19 ± 0.34 59.56 ± 0.23 73.36 ± 0.16

SSFSL STARTUP [43] 36.19 ± 0.33 49.81 ± 0.32 65.27 ± 0.26 74.47 ± 0.20
STARTUP (no SS) [43] 37.96 ± 0.37 51.61 ± 0.39 67.17 ± 0.30 75.47 ± 0.19
ConvT [78] 42.57 ± 0.79 54.37 ± 0.62 75.16 ± 0.21 88.63 ± 0.22
our AADR-r λ = 0.5 46.84 ± 0.43 57.00 ± 0.37 69.12 ± 0.27 78.19 ± 0.20
our AADR-t λ = 0.7 47.70 ± 0.45 58.37 ± 0.38 69.91 ± 0.29 78.77 ± 0.19

4.2.2. Experiments in EOCs

Due to the huge differences among SAR vehicle images, the FSL missions are harder
in EOCs than in SOC. However, most of the SSFSL methods are better than FSL methods in
the results of both SOC setting and EOCs settings, which means the usage of unlabeled data
is beneficial for the FSL among SAR vehicles. In addition, the awareness of the azimuth
angle also helps the model to grasp the important domain knowledge among SAR vehicles
and overcome the intra-class diversity and inter-class similarity in few-shot conditions.
From Table 4, it is obvious that our proposed AADR-r and AADR-t do a good job in EOCs,
and the recognition results are much higher than other FSL methods and SSFSL methods.
Instead of comparing the metric distances between the features, the model optimization
through designed loss performs well in a large difference in depression angle, vehicle
version, and configuration.

A similar process with different losses causes different results such that the accuracy
of AADR-r exceeds AADR-t in most times. In fact, the categories of the anchor sample,
hard negative sample, and hard positive sample among unlabeled data are generated by
the trained model in the pre-training stage, according to Figure 2. Thus, the pseudo-labels
participate in the loss and influence the result. For instance, the anchor sample and its hard
negative sample are from the different categories, which are the pseudo-labels among the
simulated data. However, if these two samples are from the same actual category in Dtrain

mea ,
this will lead to the wrong training in the second stage. Therefore, the results of AADR-t
contain more uncertainties than AADR-r.
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Table 4. Few-shot classification accuracy of EOCs.

EOC1 (4-Way)

Algorithm 1-Shot 2-Shot 5-Shot 10-Shot

DeepEMD [72] 56.81 ± 0.99 62.8 ± 0.78 65.16 ± 0.61 67.58 ± 0.49
DeepEMD grid [73] 55.95 ± 0.43 57.46 ± 0.41 63.81 ± 0.37 65.72 ± 0.31
DeepEMD sample [73] 49.65 ± 0.44 54.00 ± 0.42 58.19 ± 0.39 60.34 ± 0.28

FSL DN4 [35] 46.59 ± 0.83 51.41 ± 0.69 58.11 ± 0.49 62.15 ± 0.43
Prototypical Network [34] 53.59 ± 0.93 56.57 ± 0.53 61.94 ± 0.48 65.13 ± 0.43
Relation Network [74] 43.21 ± 1.02 46.93 ± 0.81 54.97 ± 0.56 38.62 ± 0.49
DKTS-N [11] 61.91 ± 0.91 63.94 ± 0.73 67.43 ± 0.48 71.09 ± 0.41

ICI [75] 57.90 ± 1.03 61.02 ± 0.84 64.31 ± 0.61 65.49 ± 0.45
EP [76] 51.46 ± 0.85 55.81 ± 0.72 57.62 ± 0.59 58.20 ± 0.49
PPSML [77] 65.01 ± 0.96 74.32 ± 0.79 79.56 ± 0.61 84.23 ± 0.46

SSFSL STARTUP [43] 52.83 ± 0.60 60.20 ± 0.52 69.23 ± 0.40 74.07 ± 0.26
STARTUP (no SS) [43] 63.33 ± 0.67 70.99 ± 0.58 76.34 ± 0.35 77.77 ± 0.25
ConvT [78] 59.57 ± 0.76 64.06 ± 0.88 68.17 ± 0.38 74.80 ± 0.20
our AADR-r λ = 0.5 71.05 ± 0.74 76.00 ± 0.57 82.52 ± 0.38 85.83 ± 0.33
our AADR-t λ = 0.7 70.02 ± 0.69 75.43 ± 0.59 81.13 ± 0.42 83.61 ± 0.33

EOC2/C (4-way)

Algorithm 1-shot 2-shot 5-shot 10-shot

DeepEMD [72] 38.39 ± 0.86 45.65 ± 0.75 54.53 ± 0.60 62.13 ± 0.50
DN4 [35] 46.13 ± 0.69 51.21 ± 0.62 58.14 ± 0.54 63.08 ± 0.51

FSL Prototypical Network [34] 43.59 ± 0.84 51.17 ± 0.78 59.15 ± 0.70 64.15 ± 0.61
Relation Network [74] 42.13 ± 0.90 48.24 ± 0.82 53.12 ± 0.71 36.28 ± 0.59
DKTS-N [11] 47.26 ± 0.79 53.61 ± 0.70 62.23 ± 0.56 68.41 ± 0.51

ICI [75] 69.85 ± 1.73 73.62 ± 1.44 80.26 ± 1.10 85.32 ± 0.93
EP [76] 81.74 ± 1.35 86.36 ± 1.02 89.68 ± 0.81 93.77 ± 0.65
PPSML [77] 46.67 ± 1.66 50.83 ± 1.31 60.85 ± 1.09 71.32 ± 0.85

SSFSL STARTUP [43] 67.22 ± 1.47 79.54 ± 1.41 89.95 ± 0.86 95.95 ± 0.50
STARTUP (no SS) [43] 69.42 ± 1.29 80.33 ± 1.16 91.46 ± 0.94 96.38 ± 0.46
ConvT [78] 44.32 ± 0.65 51.93 ± 0.82 64.12 ± 0.34 89.74 ± 0.18
our AADR-r λ = 0.5 83.78 ± 1.19 90.41 ± 0.71 95.69 ± 0.34 97.02 ± 0.17
our AADR-t λ = 0.7 82.52 ± 1.06 87.38 ± 0.77 90.65 ± 0.56 92.22 ± 0.38

EOC2/V (4-way)

Algorithm 1-shot 2-shot 5-shot 10-shot

DeepEMD [72] 40.92 ± 0.76 49.12 ± 0.65 58.43 ± 0.51 67.64 ± 0.42
DN4 [35] 47.00 ± 0.72 52.21 ± 0.61 58.87 ± 0.55 63.93 ± 0.52

FSL Prototypical Network [34] 45.13 ± 0.72 52.86 ± 0.65 62.07 ± 0.52 67.71 ± 0.40
Relation Network [74] 40.24 ± 0.91 46.32 ± 0.82 54.22 ± 0.68 35.13 ± 0.52
DKTS-N [11] 48.91 ± 0.70 55.14 ± 0.58 65.63 ± 0.49 70.18 ± 0.42

ICI [75] 50.75 ± 1.38 56.44 ± 1.12 68.19 ± 1.01 84.00 ± 0.83
EP [76] 51.33 ± 1.22 55.48 ± 1.07 61.62 ± 0.89 64.16 ± 0.65
PPSML [77] 46.74 ± 1.14 51.66 ± 0.96 61.09 ± 0.87 71.43 ± 0.61

SSFSL STARTUP [43] 50.94 ± 1.06 61.04 ± 1.01 68.40 ± 0.74 75.07 ± 0.42
STARTUP (no SS) [43] 53.63 ± 0.98 63.14 ± 0.91 71.89 ± 0.67 80.18 ± 0.47
ConvT [78] 42.27 ± 0.89 58.27 ± 0.68 68.05 ± 0.52 83.55 ± 0.25
our AADR-r λ = 0.5 66.63 ± 1.21 73.99 ± 0.96 81.41 ± 0.45 84.64 ± 0.32
our AADR-t λ = 0.7 62.77 ± 1.24 69.42 ± 0.92 77.77 ± 0.55 83.10 ± 0.41

5. Discussion

In this section, the value of hyper-parameter λ in the total loss is discussed, which
determines the proportion of the azimuth-aware discriminative representation learning
loss. Then, the influence of different compositions of categories among base datasets is
analyzed in this subsection. Moreover, the dimension configuration of the feature extractor
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is also discussed. The azimuth angles are accurate in the processing of normalization, but in
this subsection, the angle errors are taken into account in both MSTAR SOC and EOCs.

5.1. The Influence of Loss Modules

In Table 5 and Table 6, the influence of different loss modules and their parameters
on the recognition rate is shown, and other experiment settings are the same. Both 10-way
recognition in SOC and 4-way recognition in EOCs are conducted. Azimuth-aware in the
table is the proposed module in this article, which uses azimuth angle to suppress intra-
class diversity of samples with huge azimuth-angle differences and enlarged inter-class
differences of samples. The × in the table means that the related loss is not in the total loss.
The SimCLR module is proposed in [23] and widely leveraged in semi-supervised learning.
It encourages augmentations such as cropping, adding noise, and flipping. KL and CE
indicate the Kullback–Leibler divergence and the cross-entropy loss, respectively. “-r” and
“-t” represent the “AADR-r” and “AADR-t” and the hyper-parameter λ ranges from 0.1
to 0.7.

Table 5. Influence of different loss module among SOC (10-way).

Azimuth-
Aware KL CE SimCLR 1-Shot 2-Shot 5-Shot 10-Shot

# ! ! ! 36.19 ± 0.33 49.81 ± 0.32 65.27 ± 0.26 74.47 ± 0.20

# ! ! # 37.96 ± 0.37 51.61 ± 0.39 67.17 ± 0.30 75.47 ± 0.19

-r (λ = 0.7) ! ! # 46.23 ± 0.47 55.26 ± 0.40 68.84 ± 0.26 77.32 ± 0.19

-r (λ = 0.5) ! ! # 46.84 ± 0.43 57.00 ± 0.37 69.12 ± 0.27 78.19 ± 0.20

-r (λ = 0.3) ! ! # 43.92 ± 0.42 53.65 ± 0.38 68.88 ± 0.29 77.86 ± 0.19

SOC -r (λ = 0.1) ! ! # 41.68 ± 0.41 53.79 ± 0.36 67.06 ± 0.27 76.13 ± 0.20

-r (λ = 0.7) # ! # 38.94 ± 0.41 48.17 ± 0.37 59.95 ± 0.27 68.32 ± 0.22

-t (λ = 0.7) ! ! # 47.70 ± 0.45 58.37 ± 0.38 69.91 ± 0.29 78.77 ± 0.19

-t (λ = 0.5) ! ! # 41.94 ± 0.43 51.13 ± 0.39 63.27 ± 0.28 71.21 ± 0.21

-t (λ = 0.3) ! ! # 43.76 ± 0.43 53.56 ± 0.39 65.34 ± 0.29 74.77 ± 0.22

-t (λ = 0.1) ! ! # 41.17 ± 0.37 55.17 ± 0.34 68.05 ± 0.27 76.19 ± 0.21

The loss in the first row in each experiment setting is the result of STARTUP [43] and
the loss in the second row is the result of STARTUP (no SS) [43]. Although the SimCLR
module is beneficial to the classification rate in optical image datasets, it is obvious that the
total loss without SimCLR (no SS) shows a better performance. Actually, the targets are in
the center of the images and with the behaviors of backscatterings, which is different from
the optical images. The operations in the SimCLR module, such as cropping, adding noise,
and flipping, are not suitable for the SAR vehicle images. For instance, the crop operation
may cut the key part of the SAR vehicles and the added noise is not reasonable according
to the SAR imaging mechanism. The AADR-r is more stable than its variants AADR-t
because the anchor samples among AADR-t, involving the pseudo-labels, which are the
classification results of the unlabeled data, participate in the triplet loss. Every unlabeled
sample actually owns its real label. If different unlabeled samples, which are from the same
real category, are classified into different pseudo-labels, the results of AADR-t will be poorly
influenced. The λ indicates the proportion of the azimuth-aware module in the total loss,
and a fixed λ cannot be competent to all experimental settings. Comparatively, the result of
λ = 0.5 in AADR-r is better. When it comes to the contribution of KL divergence, which is
an important part of the semi-supervised learning with pseudo-labeling, it is easy to see
that the absence of KL in the AADR-r with λ = 0.7 decreases a lot, compared to the raw
contrast version.
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Table 6. Influence of different loss module among EOCs (4-way).

Azimuth-Aware KL CE SimCLR 1-Shot 2-Shot 5-Shot 10-Shot

# ! ! ! 52.83 ± 0.60 60.20 ± 0.52 69.23 ± 0.40 74.07 ± 0.26

# ! ! # 63.33 ± 0.67 70.99 ± 0.58 76.34 ± 0.35 77.77 ± 0.25

-r (λ = 0.7) ! ! # 66.98 ± 0.61 72.17 ± 0.46 76.60 ± 0.31 81.80 ± 0.29

-r (λ = 0.5) ! ! # 71.05 ± 0.74 76.00 ± 0.57 82.52 ± 0.38 85.83 ± 0.33

-r (λ = 0.3) ! ! # 70.62 ± 0.68 75.91 ± 0.56 80.11 ± 0.31 83.70 ± 0.28

EOC1 -r (λ = 0.1) ! ! # 68.31 ± 0.68 74.50 ± 0.51 81.74 ± 0.30 84.87 ± 0.21

-r (λ = 0.7) # ! # 60.36 ± 0.41 65.87 ± 0.74 70.32 ± 0.52 71.47 ± 0.38

-t (λ = 0.7) ! ! # 70.02 ± 0.69 75.43 ± 0.59 81.13 ± 0.42 83.61 ± 0.33

-t (λ = 0.5) ! ! # 61.34 ± 0.94 66.07 ± 0.80 70.35 ± 0.55 72.08 ± 0.42

-t (λ = 0.3) ! ! # 65.34 ± 0.93 70.90 ± 0.79 76.34 ± 0.56 78.86 ± 0.43

-t (λ = 0.1) ! ! # 65.13 ± 0.57 69.24 ± 0.52 77.72 ± 0.41 82.09 ± 0.32

# ! ! ! 67.22 ± 1.47 79.54 ± 1.41 89.95 ± 0.86 95.95 ± 0.50

# ! ! # 69.42 ± 1.29 80.33 ± 1.16 91.46 ± 0.94 96.38 ± 0.46

-r (λ = 0.7) ! ! # 76.32 ± 1.46 83.64 ± 1.11 91.15 ± 0.63 94.81 ± 0.43

-r (λ = 0.5) ! ! # 83.78 ± 1.19 90.41 ± 0.71 95.69 ± 0.34 97.02 ± 0.17

-r (λ = 0.3) ! ! # 81.60 ± 1.49 89.13 ± 1.02 95.41 ± 0.49 97.02 ± 0.30

EOC2/C -r (λ = 0.1) ! ! # 86.09 ± 1.13 92.75 ± 0.75 97.00 ± 0.48 99.00 ± 0.24

-r (λ = 0.7) # ! # 70.05 ± 2.34 80.86 ± 1.65 89.95 ± 1.12 90.27 ± 1.06

-t (λ = 0.7) ! ! # 82.52 ± 1.06 87.38 ± 0.77 90.65 ± 0.56 92.22 ± 0.38

-t (λ = 0.5) ! ! # 82.45 ± 2.19 90.04 ± 1.41 94.16 ± 0.81 95.63 ± 0.56

-t (λ = 0.3) ! ! # 82.50 ± 2.20 90.13 ± 1.42 94.40 ± 0.80 95.65 ± 0.58

-t (λ = 0.1) ! ! # 68.83 ± 1.14 80.28 ± 1.04 90.16 ± 0.74 95.25 ± 0.45

# ! ! ! 50.94 ± 1.06 61.04 ± 1.01 68.40 ± 0.74 75.07 ± 0.42

# ! ! # 53.63 ± 0.98 63.14 ± 0.91 71.89 ± 0.67 80.18 ± 0.47

-r (λ = 0.7) ! ! # 56.15 ± 1.20 61.50 ± 0.99 74.66 ± 0.66 83.92 ± 0.39

-r (λ = 0.5) ! ! # 66.63 ± 1.21 73.99 ± 0.96 81.41 ± 0.45 84.64 ± 0.32

-r (λ = 0.3) ! ! # 61.94 ± 1.32 69.22 ± 1.14 79.06 ± 0.68 84.99 ± 0.40

EOC2/V -r (λ = 0.1) ! ! # 60.93 ± 1.04 66.36 ± 0.90 74.40 ± 0.62 81.46 ± 0.40

-r (λ = 0.7) # ! # 53.21 ± 1.5 60.87 ± 1.26 69.53 ± 0.89 74.28 ± 0.71

-t (λ = 0.7) ! ! # 62.77 ± 1.24 69.42 ± 0.92 77.77 ± 0.55 83.10 ± 0.41

-t (λ = 0.5) ! ! # 57.76 ± 1.65 64.61 ± 1.28 73.11 ± 0.89 78.47 ± 0.58

-t (λ = 0.3) ! ! # 58.04 ± 1.64 65.20 ± 1.26 74.23 ± 0.88 79.75 ± 0.57

-t (λ = 0.1) ! ! # 54.62 ± 1.11 62.98 ± 0.96 74.34 ± 0.68 82.24 ± 0.43

5.2. Estimation Errors of Azimuth Angle

Figure 3 illustrates the accuracy of SOC and EOCs with various azimuth-angle es-
timation errors from 1-shot to 30-shot in 10-way and 4-way. The five-set of experiments
shares the same configurations and parameters but with random estimation errors within a
given range. The given range ±α◦ indicates that the estimation errors of azimuth-angle
range from −α◦ to α◦. ±0◦ shows that the estimation error of azimuth angle is approximate
to zero and achieves the highest recognition rate in the figure, which is regarded as the
baseline. From the figure, when the estimation azimuth-angle errors are less than ±5◦,
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there are almost 1% decreases in comparison to the baseline in SOC, EOC1, and EOC2/V.
This demonstrates that our AADR is impressive under low estimated errors of azimuth
angle. If the random errors ascend to ±20◦, the recognition rates will witness a nearly
10% drop in SOC and EOC1. However, in the result of EOC2/C and EOC2/V, within the
changes among weapon configurations and versions, the impact of estimated azimuth error
on the accuracy is relatively tiny. According to these results, the estimated errors of azimuth
angle have a more marked influence on the large variation of depression angle between the
source tasks and the target tasks, than the changes in version or weapon configuration.

Figure 3. The line charts of estimated azimuth-angle errors to the accuracy among SOC and EOCs.

6. Conclusions

To sum up, we put forward the AADR to deal with the task of few-shot SAR target
classification, especially in the situations of a huge difference between support sets and
query sets. The use of unlabeled measured data and labeled simulated data are one of the
key means to elevate the recognition rate in a fresh semi-supervised manner. Additionally,
azimuth-aware discriminative representation learning is also an available way to cope
with the intra-class diversity and inter-class similarity among vehicle samples. In gen-
eral, a large number of experiments showed that AADR was more impressive than other
FSL algorithms.

There are still some flaws in the proposed methods. First, due to the optimization-
based design, the classifier of the fully connected layer in AADR is not pleasant when
the number of labeled data is over 10. According to Figure 3, as the number increases,
the elevation of performance is limited. Hence, how to use more labeled data is significant
to making the AADR powerful in situations of both few-shot and limited data. Second,
the hyper-parameter λ in the loss, which indicates the proportion of azimuth-aware module,
is fixed in the current algorithm. From the results, it is hard to determine a certain value of
λ that can fit four experiments. Thus, a self-adaptation λ in the loss, related to the training
epochs and learning rate, can guide the gradient descent in a better way.
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AADR Azimuth-Aware Discriminative Representation
EOC Extended Operating Condition
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FSL Few-shot Learning
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MSTAR Moving and Stationary Target Acquisition and Recognition
KL Kullback–Leibler
MBM Multi-block mixed
DAM Dataset attention module
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HIN Hybrid Inference Network
ResNet Residual Network
BiLSTM Bidirectional Long Short-term Memory
STEC-Net Spatial-temporal Ensemble Convolutional Network
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