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Abstract

Focusing on the open set recognition problem of Synthetic
aperture radar (SAR) targets, a simple and robust open-
set recognition approach using only a simple convolutional
neural classification network is proposed in this paper. The
proposed approach constructs the D-SCORE feature and
uses the statistical method to model the D-SCORE obtained
in the training phase, so as to obtain the threshold for identi-
fying the known and unknown classes, and ultimately real-
izes the open-set recognition of SAR targets. Experiments
on the moving and stationary target acquisition and recog-
nition (MSTAR) dataset show that the proposed approach
achieves better open-set recognition performance.

1 Introduction

Synthetic aperture radar (SAR) is a remote sensing tech-
nology that offers several advantages and unique charac-
teristics [1]. Firstly, SAR has the ability to operate day or
night and can penetrate through clouds, fog, providing an
all-weather imaging solution. Additionally, SAR systems
have wide-area coverage capabilities, allowing for the ac-
quisition of large amounts of data in a single pass. Hence,
a large number of SAR image processing research has been
undertaken.
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Figure 1. Schematic diagrams of closed-set and open-set.
(a) Close-Set. (b) Open-Set.

In recent years, the application of deep learning techniques
in SAR image processing has gained significant popularity
[2, 3, 4]. Deep learning has demonstrated its powerful fea-

ture extraction ability, enabling the accurate processing of
SAR images. However, as shown in Fig.1(a), it is important
to note that deep learning algorithms typically operate un-
der closed-set assumptions, i.e., training and testing on data
with the same number of classes. In real-world scenarios,
such as classification or recognition, it is usually an open-
set problem. Open-set recognition involves classifying not
only known classes but also identifying unknown classes
that were not part of the training data, as shown in Fig.1(b).
This introduces additional challenges as the system needs
to differentiate between known and unknown classes.

Therefore, some scholars have paid attention to the open
set recognition of SAR targets. For instance, Liao et al.
[5] propose an encoder-decoder-Classifier network that in-
troduces class information to learn the latent multivariate
Gaussian distribution of each known class, and then dis-
criminates the known classes from the unknown classes
through the reconstruction loss difference. Ma et al. [6]
propose a generative adversarial network (GAN), which
uses a generator with category information to enhance
the discriminator’s ability to distinguish unknown classes
in the training phase. Ma et al. [7] propose an open-
set recognition method based on joint training of class-
specific sub-dictionary learning. However, the above meth-
ods have complex network structures, including multiple
sub-network structures, so that the loss between each sub-
network is not well balanced in the training phase, resulting
in difficulties in training, and ultimately making the meth-
ods not robust.

In this paper, we propose a simple and robust SAR tar-
get open-set recognition approach, the network structure of
which contains only a convolutional neural network (CNN)
classifier, and finally we essentially utilize the difference in
class scores between the known and unknown classes for
open-set recognition of SAR targets..

2 Proposed Approach

2.1 Network Structure

Fig.2 shows the network structure used in our proposed ap-
proach. The network structure is a CNN architecture used



Figure 2. Schematic diagram of network structure in the proposed method.

for classification. Due to the excellent feature extraction
ability of denseNet [8], we use it as the backbone of the
network structure in this paper. And we use cross entropy
as the classification loss in the training phase. The formula
is as follows
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where N is the number of training samples, K is the number
of known classes, I, is a one-hot vector for label y;, and y;
is the predicted class probability vector by the network.

In general, when the network performs classification, the
class with the largest class score in the classifier is taken
as the target class. However, we found that other classes
of scores are also useful in SAR target open-set recogni-
tion. When the network classifies the target test samples of
known classes, the maximum class score obtained by the
classifier generally has a large gap with other class scores
because the network has already recognized the traing sam-
ples of known classes in the training phase. As a compari-
son, the maximum class score obtained by the classifier for
target samples of unknown classes is generally not signifi-
cantly different from the scores of other classes due to lack
of training phase. Therefore, we utilize this feature for SAR
target open-set recognition.

2.2 Unknown Class Identification

In this paper, we use the difference between the maximum
class score and the second largest class score as the feature
for identifying unknown classes. And we abbreviated the
difference as D-SCORE. As shown in Fig. 3, the D-SCORE
of known and unknown classes is presented.

Using the relevant strategies of constant false alarm rate
(CFAR) detection, we conduct statistical modeling on the
known classes D-SCORE obtained in the training phase,
and obtain the D-SCORE threshold for identifying the un-
known classes. The formula for obtaining the D-SCORE
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Figure 3. D-SCORE distributions for known and unknown
classes.

threshold is as follows

1-P = /OTf(x)dx (2)

where P, is the recall rate of the known classes, T is the
D-SCORE threshold. And f(x) is the probability density
function of the known classes D-SCORE, which is modeled
as a normal distribution in this paper.
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Figure 4. Schematic diagram of open-set recognition pro-
cess.
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The SAR target open-set recognition process is shown in
Fig. 4. After network classification, the unknown and
known classes are first identified. For those identified as the



Table 1. The Specific Number of Various Target Classes in MSTAR

Target Class BMP2 BTR70 T72 BTR60 2S1 BRDM2 D7 T62 ZIL131 ZSU23/4
Number 820 429 814 451 573 572 573 572 573 573
known classes, the class with the highest score is selected Table 3. F'1 with Different P,
as the final class.
P 0.99999 0.9999  0.999 0.99
Our approach  0.8641  0.8782 0.8826 0.8566

3 Experiments and Results

To evaluate our proposed method, experiments are per-
formed on the moving and stationary target acquisition and
recognition (MSTAR) dataset. The MSTAR dataset con-
tains 10 classes of SAR target images. And the size of the
images is 128 x 128. The specific number of various target
classes in MSTAR is shown in Table 1.

In the experiment, we train the network using SAR target
images of 9, 8 and 7 classes in MSTAR dataset respectively.
The tests are performed on all classes of SAR images. And
we use F'1 score to measure the performance [9]. The for-
mula of F1 score is
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where ¢ p is the number of true positives, fp is the number
of false positives, and fn is the number of false negatives.

In Table 2, two methods are used to compare with the pro-
posed approach. One of them is MLOSR [10], and the other
is the classifier that removes the open-set recognition pro-
cess in our approach. And it can be seen that our approach
has achieved better performance in SAR target open-set
recognition with different number of unknown classes. And
P, in our approach is set to 0.9995 at this moment.

Table 2. F1 with Different Unknown Classes of Different
Methods

(Known, Unknown) (9, 1) 8,2) (7, 3)
MLOSR 0.9401 0.8680 0.8299
Classifier 0.9467 0.8925 0.8296

Our approach 0.9631 0.9209 0.8863

Under the condition that the number of known classes is 7
and the number of unknown classes is 3, we conduct ex-
periments with different P,. The experimental results are
shown in Table 3. It can be seen that the best performance
is achieved when P, is 0.999.

4 Conclusion

In this paper, we propose an open-set recognition approach
for SAR targets with simple network structure and using
only classification scores. By utilizing the different fea-
tures of the known classes and the unknown classes in
D-SCORE, a threshold for identifying the known and un-
known classes is obtained by modeling the D-SCORE ob-
tained during the training phase. Ultimately a good SAR
target open-set recognition performance is achieved. For
future research, the work of this paper lays a foundation for
further incremental SAR target recognition.
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