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Smoke Detection Algorithm Using Deep Learning
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ABSTRACT

Fire is a fatal accident that causes personal injury and property damage. Therefore, rapid fire detection and
warning are the best ways to reduce fire damage. Detecting smoke from an early fire is the most important clue
in a fire alarm system. In this paper, we propose an automatic smoke detection algorithm based on camera
surveillance system and image processing technology. In this algorithm, smoke is detected and traced to a
moving object, and then a cascade classification model using CNN (Convolutional Neural Network) is used to
distinguish smoke from non-smoke objects. The results of this study show good results in detecting smoke as

well as reducing false alarms when compared with existing studies.

[ 7R & 23 o Alzmell A= AXE ol o]dsisint. 22y <d7]

A E ARGk Alxgle] AREE gol7] SleiA=

sl B R sl AsE EAle] WhAAIZIck A E 2R i z]eljof sb, 58] 49| 2=t 2

Tt Z7]ell Sl o] AA|7E Slohd, wiiEe = Bl Al elwd Al 2] AA7E ofele o slrk

S‘PHL Aol eftabr ) bAshE ek EAS S e b = W i [ = R it S B ] 0 G =

T Shek mebA 2k B AR AlAEE S ot 2 Abdsta glek melk Fhejte] A2 AlAf el )3

l vl F-88)k A A AAE e slen A bl Age B

Sl A 271l A71E AREkE A e A Yel & 5 glek 53] FHZell= 2] 7hl) Al

25h= 7P F83 WAL HlBR, i) 276l A7) g} 42 B 71eE o187 <d7] A Alz=de] Al
= AABhs AL vl Fasek 71Ee] 7] A A 71RE A AlmEE HAskAL Sl Aotk

¢ First Author : Kongju National University, manhdungbk45@gmail.com, ¥2§3]<]
°  Corresponding Author : Kongju National University, rosh@kongju.ac.kr, F413]<1
+=rHE  KICS2017-06-169, Received June 8, 2017; Revised June 13, 2017; Accepted July 20, 2017

1370

www.dbpia.co.kr



N

=
T

M

1R EdE o] &3 3 3 daelE

lo
(o
L ﬁ U‘{O
r% )
ilo 2
e
o
oL
o 2
4
R o
v
o
o [
_.V:% 2
w N
2N
2
o ME
T o
o
o &2 T
=
k=
Au)

N

717} AEs R oo AR|slar <17]
= AAE EAE AASR: We] = AR
| skl AS gAsks 7 2944l 7]
2= o wagl w7 AA 2 3 3E(optical
flow) W Sl ok
o] Walsh= e A8k A A 77k
e FH 99E A kel Bl HARE 7L
Pz

o
g Mo
CorR

;] [e]

BuAS
7

A A7|E BRI o AgEE A B4
OR339 e3zle] e 3|4, yhe- 34, B4 el
o g 540] B 4 gk e} AA el vl

)
53 AS Zh= W BA7) olow, aEla of| A
Folli= A7|7} ubFrste] w7 el 3RS whE 4
= ok wEkd] A Ar)E AHAshke A=E aket
w7t = 5 ik

a2 ed7] Qe =7 WEl?, «17] ae) AR
AR Q17] Qo) Z7I¥ Ak ofode) AEH S
2 Ee] 7|1 AR o AR HEE AA
517] A8l AD=AARE, 1 5 BT A8 5 A
ol AFE ARE s 5 ook

A7 E Tk = ohE WS o] &Sl (wavelet)
7uk FAo el od7)7) vkgsha w7 shae] A A
e gl drle od s 4 glrk o)A
A7) dede] AANA nFat At A ES Hel

o

rln
=
-+

ol &l ell|ze] 2has Axkshs AL <

o

7% ek hS- Fa8 Bajole), et ofe)
& B4o] 4 e horl, AF Hof Q)7

wlrele- wiE e AAE STMI7IAY, FERa b
Z

WS 2 )} uide) AnEe) AAE )
2 4 sivk

o= 24 3 EA(HOGHistogram  of
Oriented Gradients), SIFT(Scale Invariant Feature
Transform)) 7|Hke] 3} 57 daE|ES AM83)e]
Bag of Visual WordsE A3t 54 H-771E A3
slo] W o) AA MFE S BRI oY
g ATHE T AYE B FuR Qdy|e} A7)
Ue WS ek W es AR S Sl 28

[>

T

P57+ visual wordel] 2]&3}, AAe] A
ES 29 o A (patch) 7Fe] T2 WA
slar Wi ARE 53, o] daeEHS A7
= JrRAel Fdelxe] EwAde] Fits| AlH
o3k}, 714 S<r(machine learning)ol] 91e1A | 2]
J(Deep Learning)> A2 73 gFo]n], AHEA A1A
3] Z7H(CNN : Convolutional Neural Network)” o]z}
= 3P Fhr ol s R 23R RS
HAelA FHE W2 IS BolFa glek 2ev o]
el =2 s spelA A9 AE AR
T e, Ak ulge] vl Erhs Zleloh 1y
T adr]e] 91AE el flsiA wiAES A8t
A a14ke] st=dlo] 71 AR E ARSEte] AR £
=5 ReRA o #AIE A% 5 otk
wgE A7} §he RS Ji-E AlAs] $1siA] o
40] Ff2Alo]= Bell(cascade model)S o8] 7| ARE-
sl oheell FFH o od7)E ilslr] S8l | 2
9 BFIE AR @ Al A7 2 4 ok

B el whEar QP AQl Q7] 2k dare]
5 AjksbH, 27l 4] oare|Ea} el wisliA] A
W3k, 3AelA = darelEe] A Adsel gt
AYPA F7HE ARk HolEr) 2] a Ao R
47 ollx] AR} 5 el disiA] =olgich

A

X

II. HIC|2 7]Hie] ¢i7| ZX|

a3 12 B el Al”kE vt 7]ake] od7)
duelE 55 =5 HojErh Aljkd daes

N
o
)

rlo
=

o L
)
fu
oy
ok,
S
i)
P
2
3
o,
)
>
2
e
o
fr
2

o N\
o N
L o2
o2 &
18
4 &
e £
fo
x &
= &
Z
HUNNCY
N~
&_I_;
Trlr
—_1
ir =
mi
o
OB‘N Ol
18
i

o
e
=
>
o
3

X(temporal analysis)2 gH}.
] 734« Aok duE]FelA= 74
(GMM)'& Agste] 7 = Ale] W
Q4= AAES FEoEE 3l F
A Hom FRFIL
7] E57|(classifier) : 17|} obd FdS EF3
1 $18kq sl2Ale]= me(cascade model)o]2}ar 3}
5719 Aol ARELh ZF 5] skl Al
I, $15q7] AA= sjzAle|= mdo] vE A
I AA A7|E EREoh AaAels 2
A8l A= A, 9] z7] Ws), AA
oo o]83}ed 7] dde] ohd QA& AA
ol 2y o] W 4] 7|7} obd AARE AA=
55 QAR Addslof gt o] siAlgte R Qs &

‘2 o
N
o2
18
(e}

[ r_&
il T}Oi'
o

|

e

ol

@ ja
o
%y
08.4_?1_1‘
¥

o@h e

(
(e3

il

lo

o 2 gl o
Arg
2L

1371

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences ’17-07 Vol.42 No.07

|

Images Sequence
Background
modeling
Candidate smoke
regions detection
Smoke classification

True smoke None smoke

| |

Temporal Analysis

Final Decision

Jg 1. vYE 7k 7] ] daEEe] SRR
Fig. 1. Video based Smoke detection flow
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Fig. 3. Cascade model smoke classification
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Fig. 6. Growing of smoke region
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a3 12, &7 2R A=
Fig. 12. Smoke detection results

1. A¥ARH
Table 1. Experiment result

Frame by fram

Video | Descrip- Nu:)nfber Analysis(%) Smoke
No. tion Frame Fa.ls.e Fals'e Alarm
Positive | Negative
01 Smoke 1,499 6.5 3.8 Yes
02 Smoke 599 8.5 2.7 Yes
03 Smoke 898 2.6 23 Yes
04 Smoke 689 1.3 0.5 Yes
05 Smoke 574 4.5 49 Yes
06 Smoke 3,129 1.7 33 Yes
07 Smoke 1,820 5.8 4.1 Yes
08 Smoke 1,767 4.3 3.5 Yes
09 Smoke 901 6.1 12 Yes
10 Smoke 716 0.7 0.7 Yes
11 |Non-Smoke| 296 NA 0.0 No
12 |Non-Smoke| 1,942 NA 1.6 No
13 |Non-Smoke| 298 NA 0.0 No
14 |Non-Smoke| 340 NA 0.0 No
15 |Non-Smoke| 4,000 NA 0.0 No
Average 3.55 1.99
1378

2i1} False Negative(FAE- A7} obd 792 24
k= -9 ONN 72] A=A uffel] vl uish
o} d3-5-2] False Negativet= ¢17]7} vl 7ol vk
3 o) gk 53] algk m Akt o] A4
o2 2ol EAlollA 3= False Negative®]
Fo] wig- uohrh & 19] AFfellA] BofFe] A7k
4(temporal analysis)$2] & 242 =% A3}
the Z1& HefEel

NVIDIA #1578 7153} sf=sol s AH8-she=y]
Aokl dare|EL v wkE A2] Ades BTl
o, Zt 40 ZHdS A & 5 glemw Ak
8l A3l AS o 5 slsdck

Iv.

X

=

sHE AFe o2 A AL w9 T3t 4l
&3 3hAE AR 2R AltEe] HEE 4 ¢
S Wk opE} 1) AL HeElE £ 5 ek

2 =tellA 27] 3 AR A ~EE ¢t
7E 7] 73] daE|Sl] gk dae]ES Asks)
gtk i mdFol 7k & de]ES vide] |
s x|, od7] 9] FFE 8=
olE melS AMgslodct Aol ndle o &
Z(multi-feature)2] A3 W} A &8st = gl
3k, 3k Bl | e AR Al 3|2k
A71E ARAsk=d =2 AFANS At A=
de]E-e o dxE|E v o =4 fAE
ek Ag A w2 v 41218 4= 9ls Ao B
0, AAZE 7] AlzHlel| 71 2 glel RS Rl

S okt T BAL B Zloleh w1 9 A
A Az ) el e W w3
A& g eleleh
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