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Abstract

The reason why the current Bayesian Neural Network(BNN) method is difficult to apply directly to real-time
reasoning compared to the traditional Deep Neural Network(DNN) method is that the process of finding the
distribution of data takes a lot of time. To improve this, this paper introduces a method of real-time inference of the
distribution of data in frame units from fire videos by applying a time series analysis technique for real-time
inference to BNN. The BNN-time series method predicts the time series uncertainty distribution in units of video
frames using temporal consistency, which is the diffusion characteristic of fire. The accuracy of inference was
improved by withholding or changing BB only for specific Bounding Boxes(BB) with high uncertainty. As a result,
compared to the existing DNN inference method, the BNN-time series inference method is the same in time, but the
recognition rate improves by about 7% compared to the existing inference detection performance.

Keywords
bayesian neural network, deep neural network, time series, mc-dropout

* Follgn AA-Fs AR - Received: Mar. 12, 2024, Revised: Apr. 24, 2024, Accepted: Apr. 27, 2024
- ORCID: https://orcid.org/0000-0002-1459-1943 + Corresponding Author: Dae-Seong Kang

#k Foltf st AR wp(RLAAH A Dept. of Dong-A University,37 NaKdong-Daero 550, beon-gil saha-gu,
- ORCID: https://orcid.org/0000-0003-0186-2430 Busan, Korea

Tel.: +82-51-200-7710, Email: dskang@dau.ac.kr


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2024.22.5.131&domain=http://ki-it.com/&uri_scheme=http:&cm_version=v1.5

132 W4 #5o) Yt A9

AA H5E vlA okl A BNN(Bayesian Neural
Network)[1]°] dl& E84A371A] —Zri?é} T 9}4—
L

P>

8 AZF wjZoltt. &
S FOF(Monte Carlo

dropout)

2 %ﬂlﬂ ofd = gltk. ©]
vy F8 £5E /48] ste] K. Brach

7 s(Moment

g wolA ¢k Hefd&
5] dritge] $aER 7:‘4011 %‘ l%
w39 dolEst 714d ElolE Alole] HAEE
7HreE AAeh= c} Holth. & Y B2 3AS
71FOE AAY] EREA A5 =S wEIUT
2 = YA A S 2
S(&E) A% g 71% =7} 80% olatd
Bolls Add 2pEY Ade A HRdit O
g3 A BN E )E o4 ZAE Hrlo g

TUE AAE ZEq 99E FAHEA AALH

o F 51038 At A R EgaAo] =

_1_
o
=
e
ol
ol
N
c]
e
=>.;
fu ©
> Mo SL

21 AAE Hlolg

AAE HOlEl= Time series data[4]2}al
2L I E AR sAtE 98 F71=
ZAE HolHES AAE HolEet st /\]74]
olHE 7} Wo] FLEE Hol:= fo]HE
0 F 3= o= Holo|t} A7 A9 [q.g]_
= folEE A9 dolgd HEFS o)
Hhol glth. ol2|g vl W3} ik
o7 ofgA WIAE d3she Aot YEH
tlolH ¢f‘i°ﬂ Fol oY oy EolHE
S & 3 I o Holge M MAM3] 7

o]-gsto] AR|ZolH ol 71F Fhol
Fe=AE dSsto FNE A2 = O‘E}
AAE dHolHe ARt mE W
EA4ste] o]Fof o tolEE
3= A 7 8% EFots). 1
FA9] golEE o] L3 mjEl A
dlelgle] gk o5& AFstr] o
ElofA oWl g3} oj WEE F
A7F B s HEE Hor] o

AN ok
O

g,
o
=

n]I.
2N

2 rulo

fr o ol o N o AN b MR rfF HE Y o & Xl

4

O =3
€Tr:j|°
)|

Jo

o=
T

A —%

= A
=

515
2

[-n:
AN TN
N

:eriﬁé

£ W
M 2 o

>
o2

e

W)

=

lo

fr
orr =

>
=

o
ftl
S
12X

ol
ol

d

O

W)

A

. f f .

4

"*ilv-t

E(y) ~

OC)
HS &8

T2 1. BNN-AA

st A

=

7 9 I‘!O P2 1

: V. = 0.8
: Intra frames

P Prediction frames

: Inference accuracy

AAIZE =2 7|2 19

Fig. 1. Basic concept diagram of real- t|me inference using BNN-time series



Journal of KIIT. Vol 22, No. 5, pp. 131-137, May 31, 2024. pISSN 1598-8619, elSSN 2093-7571 133

E0F(Monte Carlo dropout)

A5 Held 22 A o S(Point estimate)<
Agste A7 AR, o3 33 BHEE =
HAEe SAIE g ofHth ESAEE 7
ke 7HE B3 e sl BNNOE o5 £
IE FESHE Aotk BHEE EFoRS o]
A T2 g doltt. B84 A (Uncertainty)s T

st o Y el 7 gol AHEE Wl
H7IEE ot ZHIER EFokrdlAM=
oo weh 4 EFokR %“E 23t = %1%

AT EEoI2e BHB, ‘T-r%—i HEdas e

E MEY she ot ol Bl oY MY &
g %s 7o olgA U &Y HEY dF £
IE ATGENAN MEY F EX9 ZHE HI,
B B2 Aakd 4= ohe).
2.3 VQ(Vector quantized) - BNN

BNN2 & &£571 Lgithes & wiol 48

1

Aoz melsldl BE Akl ATk, ol A2
e Aol 7199 A5S AN FE S8
BNN.

g WE AR dolAd Hed(vo
Vector Quantized Bayesian Neural Network)< A ]?_3]'

oot

HTH2). VQ-BNNS BNN 2] #= dlo|Edl| ]
3 g Wk 01]5—% FE3H= Al Aol 71eE
s AHg FE £t eve de e
st WAolt) o, 719E dZo] dupntEe] F
S(Importance)Z  A¥e]  WFIAE #H=H
(Observed)® H|o]E1<} 7] H (Memorized) BlolE At
o]9] FAIEE 7Nto g AXH.
VQ-BNNZ o] #AoA FHuls
gk Mgk FE817] wzoll, E&3

¢ o A7 A
24 4 Itk VQBNN F2¢ 4AZ #4317 9
AAE ojd TREEYS AT AUA, FLEES
oALA AT AQIA AAsoF stT}7]

Il ®etsk= &

31 AAHE == M(uncertainty) EHzH

ot o‘:o Ho
2 o

2 o2

AAITE Y4 A BNN(EEIZHEE céo}
£317] YME ¢4 VQ-BNN =EAH
FAgolu Big F540 2}%
AHEEE7] ole dAdol JITHS
o] 2 U9E Rk FErt W

)

fo A
e
%E

(
-

[\ L rr

&
~ o
N
|o
u
fou o
N

o
N rr

= X
oo
ol
N
2
rr
2
Av3
o
o
30
2 rr

fu rS —Ho ok
1
>,

U oo Moo b omik
oL

)
2
il
4o
A
o
rr
lo
=i
N
AN
off
oX
s
Hir
i3
b
ro
Al

. e)_)// \K

. y:>08

:LEI 2 )\|74|od %il-)\lkl _'Z,’_iE
Fig. 2. Real-time fire inference method using

| : Intra frames
Vi P : Prediction frames

e ¥, : Inference accuracy
%%@ MAIZH B EE w

me series uncertainty distribution



134 4% g9l Bt A9 AAHE A

JgA B =2odAe A 54 F 9 gt
L5 v M2 $A4Y E4S 18389 CCTV
SFANA AN A FEo] Thesd WHe Al
ot 29 20 A B A S ®BEE 2
g 9HE et Jdo® FASA 1ZE Y
o aAls] Webh Aol 2xale) B Bl v
§]r | B2 FETE Hol oA ARleR 28319
ok AJAE ol A %—."” L
sty g FEF
oVl o zhad
7} 81% olsfole, SZAUY A% ko) 2t
’é"é‘% FE3t c’ﬂ# =
Aels A4E ey dds FA BERska o
3 =

11:1 2 o

(€]

BHYY BEE WIE FIE 2 AF)
22 Y] A% 81% oldeld HELEE ehuY
& Ak T A% ZaAYH 81% olstold 2
Fa4 FEE 1AM WA BT 2Ry 2
E7} 04 ool 23] BA U F A% ehuy
e a4 B
3l

T 1. AAHL0A SEAIM Tt A

Table 1. Uncertainty judgment condition in time series
CNN 1st 2nd
inference o~ | f b~ | f Labeling
ace 1~ 15 10S 6~ lio 1PS
81% 1 - - BB
81 | BNN-TS(04 | ) - BB
° BNN-TS(04 1) | BNN-TS06)) | BB

BNN-TS: BNN-time series, ACC: Accuracy

32 1% ZARE 10U

ANAILAA A BB FA= dA 14E A9
Ag=o] weh BB EAE SA @ & 9l 2H|
7HEE Egokxd AAYE 237h B2 w7
AN A 0332714 BB EAE HiFshe 4
7F e gnk A ojuf AAEAM & i
A48 749l A4 BBE FHstd EAT 79l
<A BBl tsl EAE X AU 2749 sATE

rlr 2 Ho

Multi-Armed Bandit 71¥+e] €8 323 d2&

T stz FAE 5 7] dEolt{10].
2 =i A4 oA 10U B4e 288
TH7FEE EFoke] AAYE X7 Axtol
=g M7 sAe FH=sl I0US Alrtsha A
Ao AE FA sk ol

e

ot rk.Q_&

L

Hig{ Ol Z47

V. }él oH x EJ—I'

0o

BNNel| AAE BS4HA E2E 283 AARE
A 38 A7 43S CPU: AMD Ryzen 7 3700X
8-Core Processor 3.6 GHz, GPU: NVIDIA GeForce
RTX 8000, RAM 32GB 7+7E] A A&
THI0J ol¥ Aol A4 T R Aol £
o7 gy g A (weight) el BNN-AAE
& WAe A8ste] Hlu Ao

p,] ) ]L @zﬂoﬂ /\].Jg_zsl- Eog PAR-R 5:“&

o

I 2 AEo ALEE YA HE
Table 2. Video information used in the experiment

File name | Format Time Contents

Fire testi mp4 527 Car fire suppression

image

~
>
el
1IN
i)

FES 98 &8 network— CNN(Darknet-53)%
A&t om A AA HAEE YolovdE AHESHAA
E]-. 3 39& fire testl.mpd TGS A3t |
NNE AHEStSis o A4 HE: F28
B2 S AR S W AA A

o, R
N

Ay
o rix

|



Journal of KIIT. Vol 22, No. 5, pp. 131-137, May 31, 2024. pISSN 1598-8619, elSSN 2093-7571 135

E 3. CNNZ} BNN-A|H Y FE 42 A7t H[W
Table 3. CNN and BNN-time series inference time
comparison
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Fig. 3. Improvements using BNN-time series compared to existing CNN
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