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ABSTRACT: Active sonar transmits sound waves to detect covertly maneuvering underwater objects and detects
the signals reflected back from the target. However, in addition to the target's echo, the active sonar's received signal
is mixed with seafloor, sea surface reverberation, biological noise, and other noise, making target recognition
difficult. Conventional techniques for detecting signals above a threshold not only cause false detections or miss
targets depending on the set threshold, but also have the problem of having to set an appropriate threshold for
various underwater environments. To overcome this, research has been conducted on automatic calculation of
threshold values through techniques such as Constant False Alarm Rate (CFAR) and application of advanced tracking
filters and association techniques, but there are limitations in environments where a significant number of detections
occur. As deep learning technology has recently developed, efforts have been made to apply it in the field of
underwater target detection, but it is very difficult to acquire active sonar data for discriminator learning, so not only
is the data rare, but there are only a very small number of targets and a relatively large number of non-targets. There
are difficulties due to the imbalance of data. In this paper, the image of the energy distribution of the detection signal
is used, and a classifier is learned in a way that takes into account the imbalance of the data to distinguish between
targets and non-targets and added to the existing technique. Through the proposed technique, target misclassification
was minimized and non-targets were eliminated, making target recognition easier for active sonar operators. And the
effectiveness of the proposed technique was verified through sea experiment data obtained in the East Sea.
Keywords: Active sonar, Target/non-target discrimination, Deep learning, Target recognition
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Fig. 1. (Color available online) Detection display of
active sonar.
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Fig. 2. (Color available online) Conventional active SONAR multi—layer processing.
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Table 1. SNR of Data set for training/validation/test.
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Fig. 11. (Color available online) Detection result :
target with 314 non—targets.
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Fig. 12, (Color available online) Classification result :
target with 6 non—targets.

Table 3. Performance of trained classifiers,

Best Worst Average
Rate of targe.:t 50, 77 % 59%
misclassification
Rate of remained 03% 11.1% 52%
non-target
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2 b 274 ¥ Table 55 4733131 Egs. B)~ (9)E ©|
83t =, A S, 55}33% 1 score)2r 1k
2}0.936, 0.924, 0.93

true positive 3)
true positive + false positive *

precision =

A oA 7)e) 24 1414 A 231

Table 4. Confusion matrix of selected classifier
(original).

True
Estimation Target Non-target
Target 206 3,398
Non-target 14 40,605

Table 5. Confusion matrix of selected classifier
(adjusted).

True
Estimation Target Non-target
Target 206 17
Non-target 14 203

Table 6. Performance index of classifier (adjusted).

Precision Recall F-1 Score
0.936 0.924 0.930

Table 7. False positive rate (FPR) and true positive
rate (TPR).

FPR 0.035 0.070 0.08 0.09
TPR 0.918 0.932 0.946 0.955
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Fig. 13. (Color available online) ROC curve of selected
classifier.
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Fig. 14. (Color available online) Track management
result,

Table 8. Result of proposed algorithm : set 1 (74
ping).

Number of Target Min Max Average
Detection 225 361 284
Classification 1 16 7.4
Track 1 9 3.4

Table 9. Result of proposed algorithm : set 2 (136
ping).

Number of Target Min Max Average

Detection 118 259 151.9

Classification 4 17 10.1

Track 2 10 3.8
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