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Detection Algorithm Using GPGPU
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Abstract

This paper proposes a parallel implementation of the video based 4-stage fire detection
algorithm using a general-purpose graphics processing unit (GPGPU) to support real-time
processing of the high computational algorithm. In addition, this paper compares the performance
of the GPGPU based fire detection implementation with that of the CPU implementation to show
the effectiveness of the proposed method. Experimental results using five fire included videos with
an SXGA (1400x1050) resolution, the proposed GPGPU implementation achieves 6.6x better
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performance that the CPU implementation, showing 30.53ms per frame which satisfies real-time

processing (30 frames per second, 30fps) of the fire detection algorithm.

» Keywords :
Real-time processing

. A B

|

FeAle B e g Akl SE v &+
7] wlol] Z71el| SIS HAEShe Al2wl] Jluke] F Aol
Z7ketaL Qltt s AEshe WHoR & 5= AA, o

7] AlA T& AHESE AlA 71Rke] whgol gt SRRk Al
AE o] &3laE AT, AXe] A M <l SAl7E 23
ofsl7] el FAH o A9 ARE EIE + gl
Aol girh(1). ol¢ Ze BHE 83| Hsl CCTV &
FIHEE o83 A AT Es] X A
(2-13).

2 =hdAe 94 JEE o8 A dudlss
A AHAE AT 3 18 A ATl ZH SR
AR IHES HolEt) A A GAIQ A e
A7E 7R Al tigt A EE o83l skl 4 &
she ©lolH, RGB(R:74, 1) (2-3),
YCbCr (Y:3|=A%, CrCb: MAEE)(1)(4-5) 52 A
FA A WS RBelehs At o] gith o] &
YCbCr A F3he shA] A dent op el FHlate] 2. 2}
£ o] &ap] wigd A7t 7k A BAE Eelske Aol
golart. F24 %78 A= BR/6), AT, 7+

]o}- T3 DHI h:Ho] A]._Q_Q

H —J—E
£ B2 me Az

LRS-

B:AA

g~

GiA,

AFire detection algorithm; General-purpose graphics processing unit;

2}A] ﬂzﬁ" =
4 01919 s 5 ]'% &5t Wl
[7 8](10-13). mATo2 3}Ale] &7

#E] W4l (support vector machine,
'ILT’E YEL A (neural network, NN) (6]
ol Atk o] F 7 WEHI= A Ha Ao wpd £ gl
i, =2 = YellAe diFY EuolE s dast
th wRlel] SVME A& gstlolHz e Ao BT

T =l aTske AAIRE S THEA|
<} %L% H i}zﬂﬂx] dnYEe =

Jé

d
E

mf

ZA14 % GPU (graphics processing U.l'llt)’\: ?ﬂzﬂ g
AHEE DL Sl Sk ZEAA FO shfoln, 7Aooz
£ SIMD (single instruction multiple data) *4°2
TR TS ddE P ER shte] R B
=% Aofsl= SIMT (single instruction multiple
thread) W22 B3t GPUE HE4Q 452 AL
371 98]  GPGPU
processing unit)7} EAIEISCoH,

(general-purpose  graphics
CUDA (compute

M =g soloaaa =74 22 =5
RGE «  Optical flosr Flicker mupport vector machine
YChir » Temporal differencing Inrnamic texhures Neural hetwork
Backeround subtracton Wavelet
Gaussian mixture
model

T2 1. 4¢H ShH| ZX| LnEiE
Fig. 1. 4-stage fire detection algorithm



GPGPUZ o]43F ¥t Q. 7]

T
>
>
)
&
=
o

X
mO
)
o
il
-
et
w

unified device architecture)®t OpenCL (open
computing language) 9 ZZ1eW ZUY3E o]&
gitt. GPGPUE CPUCIA wh2A] Aejah] & tigke] 7]
o 2 Bl HolHES YUAE B nEom AT

Aok 53] B2 A HolHE Eela ' 1 =

£ =FdAe CUDA ZHUYIE o]&3te] GPGPU
oA A9 AR FuElEe WY e 498
o#E 3.40Ghz Intel i5-3570K CPU$ NVIDIA
Geforce GTX560< A3k, SXGA(1400px* 1050px)
ddze] wite 44 5700l disl AdE AFPAIE B
o} ES GPGPUE AR sl gaElse] 4% 37t
E 98] B3 g 7] daelFed sl CPUSF GPGPU
o] APAHE Bl we}

B =R 4e v 2t 230 e A st
V&S AWeta, 3ol HEH R T3
1, 4780 5712 97l digk gaelE
9 CPU i8] #lgket GPGPU "Wgdl et A%

S

X,
e 7
‘_

i)

ol
ol

tlo

>,

o
e

ol

)

o

tlo

o
A daEEs ol&d A FHEA,
(discrete wavelet transform)& ©|-&3 A4 54 F&¢
A, SVM= o]&¢h 3kA] &7 @A 49 A=A e
F2 At

1.1 My 2y

A BT DA 9 B9l A9E vlastel 3
A3 Beliie, B R sale) A W ohe %
wake] 2 AolE olg3tel shikel APE $T SAsh
92 RBG 94& YObOr G40 4 378 W) 4
P AP A oot Bek9)

Y 0.2568 0.5041 0.0979 R 16.0
Cb|=|—0.1482—0.2910 0.4392 | « |G|+ |128.0
Cr 0.4392 —0.3678 —0.0714 B 128.0

1 Y(.’Zy) > ymean

Fylz,y) = .
Y(x y) {0 otherwise

Ch(z,y) < Cb
F ) = 2 mean
Ub(x y) {O otherwise
1 Cr(z,y) > Cr
F ) , — ’ mean
o 2 {O otherwise
Fz,y) = FyX Fo X Fy, 2
A d9e zoek Ao Az o v s FAdrc)
$e RS /MER 4 (2e]4sh o] AA Zalglel B
B} 52 9% YE R B4E shlge] Fuw Fr. e
Sl Jele 184 gre Jelud o Be RS FAw
Q7] W da) Zg Yol CraR HHEY & CrdEs
MR e S A @4 sldel Fre a0
CbRe A4E 5U ol fr2 HuET} e A4S o)

2)
A0l e FH S dEsP] AeiA Az
W7 Fde Aolg wmath ool £ (3)& v
A0l SlE dY9oR s dAIRK(Th) S BN ELS
B3l ‘3o AlArha)

Loprrent (05y) = Ipcl,y) > Th (3)



4 Journal of The Korea Society of Computer and Information August 2014

Bhich w7 Qe uf =z AAE,

M vm

o Qla) Fxie) m 19}% v‘i—%?
ER S o)ga] 95 SATA ‘ﬁ':olmﬂ A

21
2 %o Ul ot 9ol DWT)E AHea

AR RE 2319 P ?ME ?3%‘5471 &l 12
DWTE 743t 2319 DWTE A3} 23H DWT= 13}

A DWTE & e} o wiks B 7€t 23 DWT
& 7Y 29 47 F o A7 Al dE o ur)
od TJJHE:‘_ x%ﬁ.z‘sh;]. x%s:a‘_—. /*/\-10]] UZ]-E]— ?ﬂrﬂoﬂ—ﬂtﬂcﬁ
(LL), ANG-a S (LH), 2og-Ai(HL), 2eie-a
U (HH) 9 471 d3E devt 28 28 24 DWTE
S8l WES HolFrH(13).

T2l 2. 2Rk DWT 2
Fig. 2. 2-Dimension DWT Method

14 I:IE ol-—yalx

=

Al FH zE e BFP A dueFes SVME

AHEETE SVME A& Eflold HloHR &2 7 4%

Holn], 7ﬂt§<>ﬂ 7lke @ 47h F sk ot BF Swvt wh
o

rr
)
o
o,
i
ul

flz)= sign(Eilzlwi . k(x,xi)er) (5)

4 (5)elM w;E 7F 719e] 2o thgk 7k, k()
= A9 &, be Hlelolx g2 YERlH | 12 A ZE 9E
o] )40, Sign()—% Wt &3 228 onleie 13} -1
<= AFgrt & SVM RVl 13 -12 ER7ske ol &

F71olth. 23;54_01]*1—4 flolE8l dur] EAES BRI
Ak A ZE wEl= d3A o= FejHA %—EE} [ﬂraH o]
el eSS 2T 4 e A 2Eus 2

(6)9] radial basis function (RBF) #Ad<

Nl

*P%?&Tﬂr.

714 xsh v 9 54 WEelL ot $Rel 3w
| 992 mlAE 714 P4

° %5 AXshs Rigolt}, &
=idXE o #o® 7P B £F A%S BFE 0.1S
ds T 2o

2. GPGPU of7|El X

% 38 2 =RelA ARE Tle] 2By HE|Z2A|
A (streaming multiprocessor, SM)E 7F+= GTX 560
o] o7 EHE BAAFTH17). SME HHol S & (fetch) 3}
of Z+ SMel ¥gd ~EfW  Z2AM(streaming
processor, SP)ell AFslar, 7t SPE2 SIMDUH o Z &
gt} she] SMe thed 22 545 2te

T2l 3. Geforce GTX 560 O |E{x]
Fig. 3. Geforce GTX 560 architecture



GPCGPUE °l-¢g e 7|uk AAIZE sAlA] duels 7 b

Host Device

4 Image and
: . i initial value itializati
\ Init i | Input initial value » ) IP“MI‘"“‘“"“
d (Distribute image value) ‘ g ‘

. it s S A e e A e RGB_img l— ————————————

A . Pixel data
| g A Stepl i | Sum of pixel data | &E————3;

| Color Segmentation, CS |
e :," Sum of Pixels (YChCr) Corel| |Core| & |Gore
s o ome e SR = = Candidate firel (CS) l ------------ Y
Core Core & Core

Moving Region Detection, MRD
(Background subtraction)

IIIH LLHL = Candidate fire2 (MRD) l ————————————

LLHL (FE) Feature Extraction, FE
(DWT)

Stopq | | Trensmit value | i Energy value, Classification, CLASSIFY \ Global Memory |
P for SVM > prie X

T2l 4 s ZX| doe|Ee| W 7S
Fig. 4 Parallel implementation of a fire detection algorithm

Core |

® FPU (floating point unit)$t ALU (arithmetic — ©]Zo] Zett =8 A RS AL&slA] ¢ HA]2~H
logic unit)2 T43% 4871<] CUDA core oF F iR ThE AMgete] 2RSS githd wlg- wl
@ nmarE 9r)/208 Adgsls 16709 LD/ST  2A I8 38 4 JAut the3} 22 Ag Akglo] glo]
(lode/store unit) A7 gt 1) HRAzE 9 T R e 2 E s 57
@ 29342 A2jske SFU (special function unit) — 37F 7FeslAIt B3 2 57187} o] FolAA] ehet). 2) &
@ < (warp)d} Bele HE 2= O5S #ske 3 2 277 E 1049} 2o 48KBE @it 3) A
warp scheduler o zge HF J2E7t =R, E531Y] 5718t
® 48KBe] F# W®ele}t L1 7141 (cache) 7Festal, A717F & GBE ul§- Ak, whebr] o] o xe]]

54€ nejsid guege Faslior gtk

NVIDIAAIIME GPUS H4o2 ARSE 4= A 3k
Zzav] ZgdYael CUDAE Algdtl. CUDACIA
CPUE 32E(host), GPUE tjulo]x(device) Bk 3=
g o5 AlojollA] Hlo|ElE Fauy] 93] M mRE A

Il & Zx| fne[Ee] HE

ot

Stk Clbo] o] 20 9 A (kernel) ek GPGPUE o] &3 9/dAel= 93] A9 Ta8<
sl 719 gold] A8 deleE A9 wmej) o 8% TIA GuriSe WELE Hel@ olgsel =
Jhset A= Balslo] glojob stk TEE Tlujo] 2olA] 4 dallof <] ﬁﬂw Oé*oe‘ & ok & =1 40 szt
gat AT 3 EdA Azel] A vl ez A A gaelsed g T A AV £ 24Y
2= Aol AT, @9 CUDAL W& 23S mecs) B dd A M= ﬂr% 929 FAd| ARA §lo] 4
2 thelz Qe Zagit) shegoldA] AEs CUDA Q1 Aste] Thsslr] wEel Hdige] BEAE e 5 3
cored]], B2-& SV Ee] AR Zaaich 7t s th Wb s B4 & WA 2 sl E£F @Al 7
s} B2o quumslee) oje] RS AMeE 2 Qg HR e AR Ao Fash] wdel EEAQ F2 W
E].,] 220 3 H]X]}\H I 1 ‘-_,/] __ﬂ] o= ‘j/] t\'-lf]O] jé&ﬂﬁ‘r :La]u 4= 4%74] i]'ZHZJLZ] %ﬂ‘j/]%g] %71]%

% 2 orh g AE S 29 WEEs GPU Zo] W] S2ES tlo] 28] HlolH o]FS HolFth WA 27]3)
gl mmeloln. % Alo|Z oto] HlolElS elm & 2 9iuk HEe e 94 FR 9 2738 AFES A9 R
Aol Wme)s GPU o] 9d] 9= wmelelch W= glol A3 & GPUS 2#=g o] &el 2z Fojdl] ML

PUSH 49} v=e] Ajolo] 717k EAlste] Wze] %S

6"“/\1 T A A vl sk Zpele Y AL



6 Journal of The Korea Society of Computer and Information August 2014

>

| 9 A G492 8x8 F 64/ME UFo] 24 &g =of 3}
gt g AYeES (idx, idy) St 2o FEE
H =le A dlo|e] & I 2 Eeje} Al FPgozH

s} 7Fssitt.

N

o M
i)

|<— 8 threads —>| |(— 175 blocks 4>|
Thread | ..o
(00) w0

— ]

& ‘ Block \
39) (1233, 176;9}

|(— 8 threads —)|

132 blocks

Tpx- 1{25,41){(126.41)

—

2| 5. 7+ Mej|=o]

o| ojofx| AMz| H
Fig. B. Image processing area for each thread

AR
AN

B Step 1: A4 B3 @A E 2 Z# 99 YChCr A
e Add Hito] Wedtt v HE ke
oA, A5 F& P%%-% B4 AtsiA =w
GPUeIIA 9] fi4ke] C 3 Aso] AskEA dct.
A o] & 7 49} o] kel Al HolHES
CPUR A3 & 17 69} 7ol CPUCIA Axtet},
Ake Av= GPUR 438 19 77 o] RGB #
% YChCrz ¥gst & Tov_ 211E& 9535 RGB

#e, a2¥A Fom 0 13 A FH e A%

g},

mi

‘ pixel ‘ pixel ‘ pixel ‘ pixel ‘ pixel ‘ pixel ‘ pixel ‘ pixel ‘
+

o

O2 6. A Elo| Akt g

Fig. 6. Calculation method of pixel summation

Ifeach pixel Pigy say doin parallel

RGB convert to YCbCr
IF ((Y>Ymean) & (Cb<Cbmean) & (Cr>Crmean))
CS_img[idx, idy] = YCbCr convert to RGB
ELSE
CS_img[idx.idy] =
ENDIF

T3 7. Ay Zeol i B

Fig. 7. Kernel function of color segmentation

19] Aol A glo] ZHARL Arte] 7heshr] W&
o GPUOIATE Asts saigitt, 2t 2d=x 2 JAE
< J3etd Agjspd, a3 83 22 WeR dis
St wA 1A WY £ AN 223 13}

=
S $H GG 34 FHer g & vk A
Gray_imglide,idy] 9 W73 9

ol
Gray bg_imglidz,idy| 2+ 27} 7134 (threshold)
ol o] e Zterhd ¥ 9 #e, 23A e 0
o] @t AP V1A pe] A RojAddE B '3
o2 Haginh. ek hete] A% 3 A o) &
S Aol BT = glong Aot AL w7 A
Hto 2= e AYE 28T 4 glo} wghA & =
LM e 919 22 e Bdslr] S8l vk dAl 4
go] w7 4 Bt 3w gl 1S tata, 1%
2| o wjZggdel 1 ket il GdE A&4

/feach pixel P;ax,iayy doin parallel

Gray_img[idx.idy] = Candidate firel convert to Gray

IF Gray_img[idx.idy] - Gray_bg_img[idx.idy] > threshold
MRD_img[idx.idy] = Gray_img[idx.idy]

ELSE
MRD_img[idx.idy] = 0

ENDIF

IF Gray img[idx.idy] > Gray bg_img[idx.idy]
Gray_bg_img[idx.idy]++

ELSETF Gray_img[idx.idy] < Gray_bg_img[idx.idy]
Gray_bg img[idx.idy]--

ENDIF

0% 8. 22 ¥ x| 74 &
Fig. 8. A kernel function of moving region detection

B Step 3: DWTE ol%ﬁ& £ 29| oy Ay 1
A DWTe] H]3) 2
o] EAS FE3] Hﬂ%oﬂ B =RdlXE 2th DWTY



Q
5s]
Q
5]
(@)
il
o
&
=
a
to
N,
=
i
>,
)
2
mO
)
AC)
il
-
P
-3

movies

movieb

21 11 A8 ARSEl it
Fig. 11 Movies used in the experiment

A e £33 el (high-pass filter) 9t At E3
e (low-pass filter) & A&3r] A A
(convolution) 4+ T2 Al 5YPH 07 543
7] wiEell 2= ko] FEo] WA ereth. SHA
W FHE Hg&shs B @ €
e @ W Asbol AW ARE AT s ds F
donz 3 Hak dsto] ghad & F Wk dAlto] 3
HEE F7)sEof gt A 17 9

4 Wek BE A2, Kernel 2 € Wk o AZ
, Kernel 32 3 W&k 8 A&, Kernel 4% 3
B AglE ke AR FAske] & ek At
Hrto]l A2 AEA] @A gtk nRte g 2
WTe A% % LLLH, LLHL, LLHHE CPU
ol &3 Aol ks 3l ths Tl
R duE]Ee] dgoR Alget

Lo
qu rlo

rr

I

o

off

o

of
ok

e

o Huo o
)
2 2
®

o
S
M

I Kernell [ Kermel2 ! Kernel3 [ Kerneld !

T8 9 53 X80 g B
Fig. 9 A kernel function of feature extraction

Step4: vkAP TAIR] 34 EF DAl = SVME ©]
&3to] s /575 At SVMS A s 47
H] sigde T dhgol dasitt w8 =il
Ae b2 200709] B @73t vl s 9 Bl F
15070¢] MEE ¥ doHE FE3i3ch. a8 10%

o] SVMe] 2R QAre zizte] AXE Welo] dial A
2 93¢ 7 ¥n 5408 el s net
A A 28 g49) 9o A WSS9 4 A
ZE g sl SYAY) 2A=E Agele] 9 74
st

/feach pixel pigy;ay doin parallel

!
sign Z wi k(x,x)+b
i=1

O 10 27 L12iEe] A g
Fig. 10 A kernel function of the classification algorithm

IA4 2 ZHa)

o

Iv. &

s
:

1. Ay 2

ot

E 1. GPGPU Z2M|M At
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Maximum size of a grid 65535 X 65535 X 65534
Shared memory/SM 48KB
Warp size 32
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