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ABSTRACT: Detection of abnormal signal generally can be done by using features of normal signals as main
information because of data imbalance. This paper propose an efficient method for abnormal signal detection
using parallel AutoEncoder (AE) which can use features of abnormal signals as well. The proposed Parallel AE
(PAE) is composed of a normal and an abnormal reconstructors having identical AE structure and train features
of normal and abnormal signals, respectively. The PAE can effectively solve the imbalanced data problem by
sequentially training normal and abnormal data. For further detection performance improvement, additional
binary classifier can be added to the PAE. Through experiments using public acoustic data, we obtain that the
proposed PAE shows Area Under Curve (AUC) improvement of minimum 22 % at the expenses of training time
increased by 1.31 ~ 1.61 times to the single AE. Furthermore, the PAE shows 93 % AUC improvement in detecting
abnormal underwater acoustic signal when pre-trained PAE is transferred to train open underwater acoustic data.
Keywords: Abnormal signal detection, Parallel autoencoders, Sequential learning, Imbalanced data
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Fig. 2. Sequential learning procedure for abnormal
signal detection,
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Fig. 3. Transfer learning to train abnormal signal
detection model with sparse dataset.
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Table 1. Parameters and settings for data processing.

Audio data
Sampling rate 16.0 kHz
Mel spectrogram
Window Hanning
Window length Is
Overlap 90 %
Number of band pass filters 128
Network model

Normalization method Standard score

Input matrix size (m, k) 32 x 128
Optimizer Adam
Learning rate 0.001
Epoch (Machine sound dataset) 10
Epoch (Underwater acoustic dataset) 30
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Fig. 4. (Color available online) (a) Network architecture
of autoencoder, (b) network architecture of binary
classifier,

SRR @ BEQA o o FE R FEE Y

3.2 HIZA SEIS B
e Rol A vl YA A5 B o] A Bt

£ ¢J3ll DCASE2020 Challenge Task 2 2] MIMII dataset
of| 4] 4] slide rail o] Th gt 7/ 7hu] of 117 7] o]
71 A &-& ARSI o 7| A, A SRR 714
S0 AAF AL, A Abu]o] o]t 7|48 vl A
A5 LRI, S 9 %7} ol 7 5ol w
2} 10x o919 S3F 1]0151 F20%5 FARI= Al
Bjs}o] 7} o] €] 2 Sgatar 110 80%2] o] e]
= 5145 dlo]El 2 ALgabey, njebAl, s 9 Bl
A= HAF A S glo| g 7+

[¢) -

Z}252605, 8040's, H]
% t|o] €= 212} 2780, 860 s 2 Table 22} 7
g} 2 =Rl sksE mgo] AnA]
5 718 98 7120wl 0 B elwir 7]utke]
A} A1 & BFR] L El(Baseline AutoEncoder, Baseline
AE)°] iRt d5-& & Aloll B7 Rt A5 v E ¢
3]} AH8-%]+= Baseline AE+= A|¢F5}= &ale] &2 A
AF 21719l T3t QB A JLRE /AW, X
SR Ff]r% YA Alteto] HA 455 3
FRITHST o ol o] 591 3} o= Bq, (7T 2
o] 7414}%‘3}-

o

FA]

L.
€

-

g
o]
2l

o_>12

B

o,

Table 2. MIMII dataset for experiments.

. 0 Train data (s) Test data (s)
Machine IDY!
Normal |Abnormal| Normal |Abnormal

00 8,720 3,210 960 350

02 8,720 2,410 960 260

04 3,910 1,610 430 170

06 3,910 810 430 80
Total 25,260 8,040 2,780 860
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Fig. 5. (Color available online) ROC curves evaluated

with machine sound dataset.

Table 3. AUC and training time for detection models
evaluated with machine sound dataset.

Detection model Training time (s) AUC
Baseline AE 3,120 70 %
Binary classifier (CNN) 897 88 %
Parallel AutoEncoder (PAE) 4,088 92 %
PAE + CNN 5,035 99 %
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Fig. 6. (a) Mel spectrograms of normal signals, (b)
Mel spectrograms of abnormal signals.
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Table 4. Underwater acoustic dataset for experiments.

Normal dataset!™

Data type Train data (s) Test data (s)
Ambient noise 116 28
Tug boat 116 28
Dredger 116 28
Mussel boat 116 28
Trawler 116 28
Motor boat 116 28
Yacht 116 28
Pilot boat 116 28
Sail boat 116 28
Passenger boat 116 28
Ocean liners 116 28
Ro-Ro ship 116 28
Total 1,392 336

Abnormal dataset"

Data type Train data (s) Test data (s)
Torpedo 8 20
Active sonar 4 12
Earthquake 4 8
Ice cracking 4 8
Total 20 48
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Fig. 7. (Color available online) ROC curves with and
without transfer learning.
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Fig. 8. (Color available online) ROC curves of abnormal
reconstructor and baseline model according to decision
time.

o} 8H5 A1 7HE LRI T Table Sofl 4] Sh5A17HS 4
% 2% dlolE el thgh sk5AIXHE: ojw] gt Fig. 7
7} Table 5 4] Z o] sh50] AH-E] 2] ¢h= 73 --of] 5
< HlolE o] BE o & 57% o]3}e] AUC %52 L}
Eb i, 0.5 5] A AITHS 2183 7969 %2] AUC
53 ol o, oI RFVIE HEOZ A

The Journal of the Acoustical Society of Korea Vol.40, No.4 (2021)



344 o]7]uj, o]F-&

Table 5. AUC and training time according to transfer
learning and decision time,

ol | time(® | me® | AU
0.1 62 %
Bafféi“e 318 0.5 67%
1.0 72 %
Transfer learning
(used) | (not used)
0.1 76 % 50 %
CNN 8
0.5 82 % 50 %
0.1 84 % 53 %
PAE 325 0.5 98 % 67 %
1.0 100 % 73 %
0.1 93 % 57 %
PAE+CNN 334
0.5 100 % 69 %
79 2 A0 A 0] AUCS0%2] 2745
& Vbt o] Holahs g o83t 4% Aok
£ g o] T 93 %e] AUC 45 Lhehnd,
0.5 59] ZAA7H 2 83ko] 100 %] AUC 4152
Shrok 4= le}. E3, Fig. 83} Table 59 A A|F &
@) W @ EQlElul ALg-3o] 84 %] AUC 4

55 Wolu}, 0559 1 s9] AHAZHE Hg3ho] 98
%, 100 %2] AUC /5= 31 = et o]«= At
ARl T @ B 7]Rke] B A| R e} H] w5}
oF 22 %0l A 31 %8| FF/dH AUCE Hebdth 7}
4.0 2, Fig. 99} 20| A1%of w2 st 217153} of
=), 37 2] 20} S|t 3 Al 52 o &-3ko] 74 Al
el oof mhe Alse ek g ATe skl
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AAE HlolE o] il AHE 2 IS UERH, (b)
of (0)= Algtsl= BG4 4% FA| e A HE
LEQIFTEE o] &3 Ao} o] X771 & A A
&3 AaE YT Fig 99 (b)oll Al HAIE At
PAGE 16.94% Fig. 82 0.1 s AAAto] gt
ROC curve©]| A] true positive rate2} false positive rate 2]
A7k 7V =4 Yedle A o2 A F Fig. 9
ofl A Alotel Fx|mdlo] FEA o2 FoI e
Holm, E3] 160] 4] 20s Afo]of] &7+ © & 735} A
719] Add} MRS B 4T 2 FEske AS
o

Q1 gk 4= At Fig. 99] (b)oll A A7 A[7H0] 0.1s01 A4 1
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Fig. 9. (Color available online) (a) Mel spectrogram
generated with hypothetical scenario, (b) detection
results with the abnormal reconstructor, (c) detection
results with the abnormal reconstructor and binary
classifier.
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