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ABSTRACT

In this paper, we propose a method for detecting
novel acoustic signals that deviate from the learned
data distribution in underwater acoustic environments.
Specifically, we utilize Monte Carlo dropout
(MCDO) to quantify the uncertainty in the model’s
predictions and model the distribution of predictions
for normal signals using a Gaussian Mixture Model
(GMM). We measure the distance between the
estimated GMM and the Gaussian mixture model
obtained from the input signal. If this distance
exceeds a predefined threshold, the signal is detected
as an unlearned novelty signal, indicating that it
deviates from the training data distribution. This
framework offers a new approach to identifying
acoustic anomalies by leveraging model uncertainty

and the probabilistic modeling capabilities of GMMs.

LM E
P 2h AL B el S| ERES A4
o] $F 238 74 9 BASH: A2, 25 2
Dol A, A, 012 4 Tl 55 919 948
Yaki ol ARG
el Held 714 2ol shiel FAF A4

(Convolutional Neural Network)S £ 33l w2
Al5e] RIS shgsle], Mkl 7% 53 HelA
= ®4 FTHE R T e ol AR R 7N
(Target Recognition)o] &= Qe =z} b=
gl of=]e} B2 AL R $3e] He 84E Al
EAE Vg o F §lol, IR ARl 'REE ol
EFX](Novelty Detection) 7]*Ho] Za3}c} o]& £
AlZ2 LSTM(Long-Short term memory) V| EHZE
ARgSle] 4135 melgslar, B eAFE o83l vl
28] FeE ek Whe] A7 vl slARE, S
2opet 58] MBS =ZE 24 shsysfo dvhe wPdol
oAr}. o] ©HH-S- Stacked autoencoderE ©|-8-31] =
B3 o ©A] A7 oA, FEiE Sl

¥ o] =i 20239 % AF(ERIAI A Al ez bl Bl A A whel 3Rl o]l (No. 21-107-B00-008-02(KRIT-

CT-23-009-02), &l A8 438 7MAE A z=E 714

¢ First Author : AI Graduate School, Gwangju Institute of Science and Technology (GIST), nayeunkl117@gm.gist.ac.kr, SH3]<]

(GIST), hongkook@gist.ac.kr, £413]<]

Corresponding Author : School of Electrical Engineering and Computer Science, Gwangju Institute of Science and Technology

* Dept. of Computer Engineering, Chosun University, cjchun@chosun.ac.kr
T3 1 202407-159-A-LU, Received July 27, 2024; Revised August 27, 2024; Accepted August 27, 2024

1702


mailto:nayeunk1117@gm.gist.ac.kr
mailto:hongkook@gist.ac.kr

5 5% A ZHTleE =Rk 2 7RI £ 2dE 43 ol 54U 2
e E‘Xl dsol ARl 1 dE} 14, ‘“ﬂi Aol g GMM

A P

A f19] AT Fu] $15)e] 5
o3k A o|x] BEAA sk o) 2 B2 7S
Alakich, FA L 2 MCDOMS o]-gfo] wile]
2L 245t olelat B AuE o) 43}
= GMME Fgale] 44 A5 =g
Wt 22 A 2t A5 tjsl MCDOE
A GMM] 7E]E 7IHke R ot 5
%]J: ZH TS Ak}

Ad

ok
e,

II. Monte Carlo Dropout 2! Gaussian
Mixture Model 7|HI2| OJA S2I EIX|

Alkehs W 15 19] el ehdlle)] digk R
2dls sl FAH, GMMS 45 &3 v
oh 4 A olpeld sich

MCDO2%} GMME- 83t oA} 251 ¥ ¢]s]e]
cEolgo] A4y BE ut‘ﬂ__]_% shesle] 7EAE 1
A3t} Attention ResNet(AResNet)-S #-Frwll 2 A}
$3}a7, 7484 5 CAM(channel attention modules)
253} AConv Block(Attention-based convolutional
residual block)oll EA5}= A3} = o] Fof| =50}
3 Hololst ALgale] FARLP. el walel 7}
S e, SEeky dplolE s Tk ofe
we] sk el Aals ZRge %
o5 $EE vlgkow 7 Folan GMME 4T

GMM ol el 3 237} stel A 4}
43le] 2plEE GMME A=) 7 AEHEE GMM
22 98w 22a, & ATANE 100023
wAsisieh

iR ake 2 g~ E dlolefe] gk 2 L o

J

“

Training Phase

Classifier Training ~ m Forward Passes GMM Fitting
Classes
Known A —> | Classifier | — | [g\/C’ A
Classes c;. A [
lasses | |- o
A B,C X m wi Dropout

¢ Classes N
— : B Classifier | —» B
Cl o
Class erJ et P wi Dropout

~ w/ Dropout
Classes
— - c Classlﬂer
A B C Classes -'m
c wIDrapout

38 1. ARk e S U FE W FEE

—> di
with fitted GMMs
KL-divergences

I e} me] 25 FEll,
S A} s 3 ol|A] _,i_.ﬂﬂ Zej~ GMM T,
FE AZ2] GMM 7+ KL-divergence S 7} o]
Aele S A FEele] ARE vehlle A%
2, AP 7R - R} ulseshs Sl wlitel
A7} 71 b BES RO R =3 4 9k
Tl 23R o2 A2 739 dolelr} 2 A
2 SIS vl ofu g 2hile] Lxekw A

27] vl 7 7 ArldAlEke 54 3k 0
Hol7HA| "t o] & o]8-3te] 71 7ke- A lke]
HAAE dol7he 7% o1 =4 (novelty) = HAI§F
ol QAH= 0.1 5714 0.1 7P 2R Al§l5]e] v]
sapeh

. A&

oo

2 g

HI

.I
>

ol 4EFE BRE 26559 A} el
9] 223 ¥llo]elS EF3H= DeepShip 371 Flolel &
AR, SRS AES T2y WS ]
S, Log-mel spectrum, mel-frequency cepstral co-
efficient(MFCC),
zero-crossing rate(CCTZ) EAl-S 53k} feature fu-
siong 1% FHZ ARSI,

mde] 5 ¥ o]} ©X] ASA|EE Average
detection Rate(AKR)3} Average
Unknown class detection Rate(AUR)S- AH&-315ic}.
AKR-S 8h2rol| Z3hel ghillo]] th3lo] o)A} B2 4
A3 wle] Bt GTwoln, AURES AZE

94
dlolele] 7% o35 vehthe o4 B AREE

contrasts, chroma Tonnetz,

Known class

O.u.,

i
loﬂl—_ o]/\l— F,]_uﬂo] Cargo, E- ]_%‘_0_ 0.5 Eﬂoﬂ
r,q.__ 1:!1:—1]'/] \:ﬂ o]/x]— F/]—x] 7(‘];@]-1::&_ 7];_,] INE

wlos 7]k wpe} AlRkehs GMM e wlits}s)
Inference Phase

- LA

= 7] -> Classifier

~ Wi Dropout
p Test sample GMM

Compute

KL-divergence | —» <min(dy, dg, dc) Novelty

=da,dg dc

Fig. 1. Scheme of training and inference phase of proposed method
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Table 1. Novelty detection performance

Novelty class thresholding AKR | AUR
Softmax method 0.59 0.39

Cargo
Proposed GMM method | 0.68 0.67
Softmax method 0.53 0.35

PassengerShip

Proposed GMM method | 0.64 0.63
Softmax method 0.34 0.56

Tanker
Proposed GMM method | 0.65 0.63
- Softmax method 0.47 0.46

ug

Proposed GMM method | 0.43 0.44
Softmax method 0.48 0.44

Average
Proposed GMM method | 0.60 0.59
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