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ABSTRACT: We present a preprocessing method for an underwater target detection model based on a
convolutional neural network. The acoustic characteristics of the ship show ambiguous expression due to the
strong signal power of the low frequency. To solve this problem, we combine feature preprocessing methods with
various feature scaling methods and spectrogram methods. Define a simple convolutional neural network model
and train it to measure preprocessing performance. Through experiment, we found that the combination of log
Mel-spectrogram and standardization and robust scaling methods gave the best classification performance.
Keywords: Underwater target, Convolution neural network, Preprocessing, Scaler, Outlier
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Table 1. Size of the DeepShip'™ dataset,
Class Duration (s) Number of ships
Cargo 38,400 69
Passenger ship 44,520 46
Tug 40,620 17
Tanker 45,900 133
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Table 2. Number of data per classes.

Class Train Validation Test
Cargo 8189 2081 2531
Passenger ship 9869 2397 3144
Tug 8618 2181 2696
Tanker 9527 2359 2876

(a) Cargo Passengership

1.25
1.00
0.5
0.50
0.25

(b) Cargo Passengership

0.0

~2:5
-5.0
=75

-10.0
~12.5

Aol xe) 45 vl 631

el

:
A Blo| 5 & A9 2 B3t £
2622 W& o] 224 8H, 0% ElAE Ho]

jm s
B2 ARG-5F AT Table 2= S~

REEE

LFERA LY.
2.2 Hjojg] E4 24

Fig. 1()¢} (b= 22 55 £4] ool disf| 242
w ABeEg I 7| HY 27 W AUERZ 73 7|
= 5ol =SS AR Aot 1ol A
H AdERTH oju|Rz 2 W AT ER T
o] o] x|o} v| Wal| Sef 2 o] FHEHSEA] gk
HGe Heltk 53] At AFuk o) Az = Qs
iAoz nFut o] EX50] ofsfiA= 54
o] Lhepte}. o] 2l gt WAk A} 31.6-0] 7] 47 28
a} e g 5 o] of x| 2] Tl io] 1kHz o]
o] A} o ol =] o] 9)7] o]k

sl o2l et AR Alute] 7 % &wof v
o 217} o2 P2 ehdc telbA s A3t
T S AASH A2 mdlo] &8 Q=¥
7K, A4 Bo] 2AE= AL ojujgith. we
A, B7 A% B el ees] A5 g

Tug Tanker

0.8
0.6
0.4
0.2

Tanker

|
-

Fig. 1. (Color available online) Preprocessing results (a) Mel—spectrogram (b) log Mel—-spectrogram.
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Table 4. Accuracy comparison for scalers and spectrograms,

Mel-spectrogram

Log mel-spectrogram

Methods
None Standard | Min-max | Max-abs | Robust None Standard | Min-max | Max-abs | Robust
Precision | 0.8743 0.8312 0.8482 0.8499 0.8966 0.8833 0.9220 0.8921 0.8893 0.9242
Recall 0.8735 0.8320 0.8511 0.8411 0.8963 0.8821 0.9219 0.8913 0.8890 0.9240
Fl-score | 0.8734 0.8309 0.8489 0.8417 0.8963 0.8826 0.9219 0.8923 0.8891 0.9241
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