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Parallelized PSO-based Particle Filters with GPU for Efficient
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Abstract

This paper addresses the problem of estimating dynamic object location estimation using a depth sensor in robotic
systems. Because depth sensor data for dynamic objects contains errors, a probabilistic filter such as a particle filter
has been widely used. However, the estimation performance of the conventional particle filter degenerates as time
goes due to the particle depletion problem. This paper proposes an improved method to not only increase the
estimation performance with particle swarm optimization(PSO) but also accelerate it by parallelizing the parts with
excessive computation using a GPU(Graphics Processing Unit) without reducing the number particles. The proposed
method was tested by real experiments, and its improved performance was verified by reducing the mean and
standard deviation of estimation errors while showing similar computation times with the conventional method.
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Table 1. Comparison of particle filter-based object estimation studies

Related studies Types of objects Estimation methods GPU-based parallelization

6], 8] Dynamic PF X

(5], 91 Dynamic PF X

[7] Dynamic PF 0

(1], (12] Dynamic PSO-PF X

[16], [18], [19] Dynamic PF 0

[15], [17] Dynamic PSO 0

Proposed Dynamic PSO-PF 0




Journal of KIIT. Vol. 22, No. 2, pp. 71-82, Feb, 28, 2024. pISSN 1598-8619, eISSN 2093-7571 73

7|E Aol ZHE

AF8s 7Hke] A 1AL FE2 YOLO(You
Only Look Once)E AHgate] AAIZE A QA&
APt YOLOE AHE3te] RGB ©lF|AE 7]%ke.
2 AAE EF3t2 Bounding Box(BBox)E ©]-8-3}
of AAe] F4& FAIT20]. kAR 2D AA <
Ao]7] wjiol] olF AA IR 3A S lA
Ao} WS &7] ofHre Tilo] Stk
5 4
:

!

22 20| HAf 7|8k 22 Al2g 2

IRl 2h 2EA 74 Z A A

44 ok

OlI
It >

1m

A l& H AE 3= YOLOE

Ae BBoxE 2D FA HHE(u, v)olT, ©]& exﬂ
S FF3] ﬁ H Zol AlMef HRE A-gst
of 2Rt 53 A Aole] HA Azlg shoid
% Stk

Z10] AA 7)uke] AA 9% =AHL YOLOZ o
g3te] A% MAA 9 BBox /teH U AHRE
A8, o] ARE 3A TS HE(x, y, 2)
2 yiglste] 2R AZE AA Y AAE Z2E
Az EAS A YAE xHIC 334
oz wgd HAFE AN e ZAgho)7)
fEe wol27l 2 BHUY HuTh EF A
A AA Y AE 39 1ol 23 9, Zo] Al
A 7oz 24" dAdolE|(l), PSO-PFE
AXA FAE A% YA A4S 2L A
SR EABEAL vk o714 YAE]E= RGB
sk 259 AAE A3 BBoxY 7l
A4S go] A 32 HBAZ A ghol
th a9 15 B3 BF AA Y FHo] Ao
TojPL FAY & Aok AW 5H e
$ oBE A42¥ & gu Ast WojdsE
03 F7kst7] well S8kl 9
g FAs714 AL Aok olE
2 ZHE =Ysto 449 9

o)
El)

s}
o

um

A5 Ao w FAZL

a8 1. YOLOSE Zlo| ZiH2l MME 7|8tez SHE
M AH oAl A x| =Y At
(M A A H X =B
Fig. 1. Static object detection and position estimation
results based on YOLO and depth camera sensor

(Static object detection : M, Position estimation : H)

23 7|& mtE|Z ZEol EHF

g gl A ‘&757—‘1%1 HZ] FAL 7158
Bk SR k) Aol ek Aso) YekA
FHnA e AA7 WY Fele $HYS
Holthd Uzt F-EAdo] Folx|&= AHdko] Qt)
ek AP QA i Ade Rk, o
gl WAt F715] wRe] SaAe] Bol

208tk B2 ANFS AARIeR s 4
ZRAME A5 e AWAd 247t @

o 244 4% 2RO ANT 3L AANE
7+ Zol upol Basth

31 8H 7=

Aok el HAZY TEE 17 29} 2o
Zol A 1w AA 93 F4, e PH, YA
23 AZ5 BA T o] AN S
AR A FHE AFUE MOE e A
BBox A1} Zlo] A4 ARE o] g3l AN o]
HE g ol e AAHolEE geos
wol WHY 54 A BHPY AL 19 3
A £AER el s A 4, 2
4 QEolE, A5A QeolE, GuEY ez A
P 94 A4S AEFL QA o3 B
92 0|43 2] YRES AN



74 284 T AA AAFR S T

o0F ZHS YUIE F F, AFY YAES
el AR Tan, o

FIEAR YREA, AL BEE Badk 7
Wt AL5E O B AT

solgl 1A Jlee] HEDE 1

%o Asol o ol Adsse ool ol

3T H

5o wolz2 dF 2ol Hastd AL
Bt o sE1Z Welel 23 YASE U4 2
A A3 daelEe] o= dZAstoq A7}
£S A @ FEES w1 YAES Ty
4e fAse 298 ded

RGEE Depth

Images mage

object localization

Raw Data

Particle Filter
(PF)

R —

GPU
Parallelization

—

Particle Swarm
Optimization
(PEO)

‘ Depth sensor-based ]

4

Dynamic Object's Stable
Posifion Estimation

agl 2. Meotste 7|Me| x5
Fig. 2. Structure diagram of the proposed

2 d7ddAe 4 AAY 5 B, 5
o WFo =, dritts FAUA & ¢ ok 7}
Asiint. wWebA 52 At ojd HEoE &3
oA & F e EFEHOE QF| o] o
o whekA Ae] o] AAE o8t the B

GPU 7I¥t &2 PSO vl ZH

Initial Particle

Measurement
acquisition
I
Weight
computation
with parallelize
I
Resampling
I

Target
computation

[

Compute the
fitness value
I
Determine
global best
I
Determine
personal best

I

Update the

velocity and

position of
particle

4d

OSd

lterate overthe N_e

End

J% 3 MWEA oAMe| PSO-PF TME
Fig. 3. Flowchart of parallelized PSO-based particle filters

z,=z,_,t Az, te 1
A (A o AR A, e AT A
A=A W3} Az, 23 HEH S YEWITh Az E

Az, = [z, —z, ,]702 2ol A t17bA A7}
AuirkE, o] weko s SAYEA Uehdth 4
A (ol A AL o1 AR &, ol AA 912 W
slgF Ax, & O3t o4 PEES FUIgo =N A}

2ol Mo AA $1A 2, & YERIT

33 &= ZE(Observation model)



Journal of KIIT. Vol. 22, No. 2, pp. 71-82, Feb, 28, 2024. pISSN 1598-8619, eISSN 2093-7571 75

A YOLOE ©]&3te ¥ BBox 7h&H ¥
A HEA (u, v)F Zol AlA 7Hi2ke] principal
point (z,, v,) , Z°l AlA 7hH2ke] focal length
(for f,) , PHAEIC.E Zlo] AX 25 ZAa71A] 9
AR depth s 4 -4 o8-St 33
= e R

2y = (u—z,) dipm o
vy = (0—y,) - @ 3)
z, = depth “4)

oj% g} 7EoE FAHE z, y, T EEY
7o E W] A3 T2 4 7= AHE
i},

l,=x, ®)

ly: —Yq (6)

AuAZ W éqpm

10 0
0 cosf —siné
0 sinf cosf

9. =/t ®)

cosf 0 sind
0 1 0
—siné 0 cosd

=/t )

cosf —sind 0
sind cosf 0
0 0 1

=/t (10)

olFA M&AH (g, g,, 0.)5 AL WY ko
z7} 23y wi e FY3 Yx9 A o=
B EF GE A FAEY, e 93
Molo) ZAA FAE A 9N HED 37

S} k-nearest neighbour tests ©]-83}e, Bt} QH4

Aol A AAe) A k2 AE

d o Tot] BSFe] EFEAS

BTH21]. o] %

299 4

(11)3 7] observation modelZ AH-&-3Hc}.

A
oy
i)
SOVY 3_
o,
oo
H
o
|
oo

o,
o
1 ME

o

x

M4

N
=
o i

o

[t

!
o
2
>
)
=
r
oo
ro

-

¢

o Mo i
=2

3
Ku)
aly o
s}

o)
o
>
4
o

N
jg[‘.“l
N

oy
N
DR
T )
e 2
S
B
oy 2
w2 B
1
=5
d
g e

ol
ol
-

B b M
L
ot

i

> o &2

b

ot

K9

is
.
)
:?g‘
i
P
N
Ao
:t?l_r"
S

)

p,=argmin [l z,(s) —m_ |,

z.(s)
* E‘”z‘(l)
i=1

p

RE YA A AR A A
7] Wil F HHs)E ol gt o
AulolE & Atk A FHEEE
Aol

i +

mr >~ o rlo &
E323fs
F\Erﬂ‘a‘&nﬂim

>
o
21'4
w H

oo
W
g "
An)
Ao

(a1

OFO o
e zo xo ox 2k

o M O i Rk 2L L oglo mu N dfo

o
ot
R
o
(2
2



0= BA TIEXE Fo] H2FE 2L B
< A AT FHL Add ¢, v A9 HA
ek A HAs o] TS A= FFE AE
Aok ES e e,v 09 14}0]9] G4E AREEH

AHgste] th HHERY TSRS dSeka

& WHEe] &% o) o] ALgHETH
v(s+1)=v,(s) ta;(s+1) (15)
z,(s+1)=z;+v;(s+1) (16)

4 (15), (16 A8 Yo 4xet 9HE
AZG. o) HE WBSe YRS AR 9
Az 2apA Bk

35 GPU 7|¢+ s}

PSO-PFY| £& A5S == i Be 9§
ko) N ARESfol gtk SEARE 1o Bl EA
Arkgol 7187 Wil GPUE ol &3 BE3E
53 b FYATE AARAHY. GPUE HFe]
Core$} SIMT(Single Instruction, Multiple Threads) T
Z2Z o|&sto] shte] HPFAR FA o ©o]
HE AT F stk B =Fd4= CUDAE ©§
st GPUS WEZA A4k A2lE sh3ith. CUDAY
Me 2 2827t HolHE Agdtal o]F BEe X~
i 22 Ads 3Rt E‘Q?ﬂ 03_
gt} 29 A F7HA A
o, stue 2= < %%, E}% EMc
9 A TgeE Aot w3 AdoA
dolgld] HZal7] Yaf Qg AE Algsl=r, B2
3 32 WS AFESH 9 AE A3,

9 4+ JA sl ©E PSO HEE FH Y
TP ZERYY Aot olg Tl YA
TFeAE Ak Fdol HluA w& FYAIRES

2 ZAE s AS 2990 A 28 59 2ol
7teA A4kE GPUE ol &ato] WHESIE Xagith

TbFeA Akl dad WreE AAs] {3,
28959 A71E AR, 5 718 A (1)H
ol Uz} i Nl wht sA o= A,

"o

4> ps
me rr ot

A

22 PSO 3EF ZH

Block (17)
= (N+blockDim.x —1)/blockDim.x

E Sanplng
a: . Weight
. Resamipling

|l||“|”|

Nurmiber of Parteie

Tima (5)

a8 4. mtE|Z Jiof wE PSO IE|E ZE TAIZE
z2apdd
Fig. 4. Profiing PSO particle filter execution time based
on the number of particles

........... = e
blockidr. x T o e . e - R OO
e e e — i [
...... — i
kA — ===
- j‘.‘"
threadidx. x
wp W eight
.
Weight Compui
¥
o Zy | Z3
N = 500
J% 5 7tEA| Hditel HHEHEE 95 714

Fig. 5. Kemel for parallelizing weight computation

o|F 7kEA A4 Ade] Fag HeolHE GPU
2 AR JI9AE ARste 7 AF s i
AE Al FHstel BER AT 749
A4k 71E CPUY| Attt sdsA <

21¢] zpol& Al4kstal o]F 7RI R THe-AIQE
9 &E 9= gE uet 7k E gt
A (182 FE HE otk olF A dAe THE
A& T CPudll EARste] T 2AE

HeY & YEE Pk

fz,ylo) =




Journal of KIIT. Vol. 22, No. 2, pp. 71-82, Feb. 28, 2024. pISSN 1598-8619, eISSN 2093-7571 77

Dapth

Carmora

lartran

41 M By 2 2R AAY 7Y
EodTE a3 69 @402 APe A9

23| Intel Realsense D435i Z o] AAME gAls}o]

wAolHA ARE FAT F U=F s,
2D-LiDARS}S] HEE A ALg3ste] A FH
HEE o]gsit AFoA AMSE Intel Realsense
D435i= Zo] T Aol 1280 x 7205 EYsta
AHEEE710 o] 32%l H9E 03m ~ 3mE el
Zol AAMT zlo] AlMe HFEEE 2m ool
2%% ATt HA Zlo] A=F ¥ 28emE
A W, A7 A Fol AAS o 7 =
< AYEE zZe AAot AAY A
SLAM(Simultaneous localization and mapping)s &
stof AA AR AT 2R ©@AH
Jetson Orin-NX+= NVIDIAS] UH|HE A|2EHOo =,
HEEE F5ste ZEAA Aol 2 AT A
g Jbsa ET B3 34 GPUE AZ3
7 W 3EH A% 2L 4F A4 HE by
s shzeh A4 8 ZEAA AxY P B
slel, Zlo] AlAel EUF F7e| HoEE ur &
< AYEE d7] e 18T B AlA Ele]
B9} LiDAR A4 HlolHE g&sfoF Ft spARt
o] ¢ AzHe ERETL HolAA Ha b Al
A S g F7HQ 7ol sk HEE

A1FY BERE A EolAA PUth wA
Jolele] A8Er} Tha HolAHE Depth AlA]
£ A HATh agln ARs AAME AHEE
o me} dEE A%E BAS A A &
zﬁl% g-;—g PR Aert 93, adf ge
93 o8 GPUrt T3E ZAAE
4%8}7%1 =i

o

p

42 AH 1A 2 9ixIFH A

B =R AE SLAMT Zo] AAE &8ale] 2
2ol 9jx)¢k dAElolHE A, FAH A 91X
£ 2& ARl AT 2Rl A ﬁ% 4
I AAE Q1Astd, Fhvet shde 2" A9
el 2o 253 A 7+e] A Jrga} EA]HE}

AL Z 3714 ASE AP, 25 50101_71]
AR A% 1007, ¥HESIS THoR % g%q

WA AP AAJA HAlcoven T 2RO ¢
g dAEe R FAsH= A7 ]E}

oJHA A E %

(a) 222 A9 x=7| ¢
(a) Initial positions of the robot and the object

(b) 20| Zof 7p7to] HZ
(b) Robot approaching the object closely
a2l 7. A& A Q| Zlo| MA 7|8t 2IAHolH EE

slx £ 2n

(MM Hole : W, 9% =8 : W)
Fig. 7. Results of depth sensor-based raw data
acquisition and position estimation for static objects
(Raw data : M, Position estimation : Il



78 a&4 A AA fAFAS 91 GPU 7wt @ F PSO dElE 2H

a9 79 (F Zol AME Tl & dAE ]
Elo} 239 7] X9 AA YA F4 AHE
HoEth O9 79 ARoA 2H AL Azt
g HFEE BN, do] AME 53 de 9
AldlolEl (M), PSO-PF A3 dAEM)S FAF
o o714 BA A= FAHCover)E AHESIAT
a9 79 (e EEo| AA ks WE B
o F3 9Ze Qo 19 79| Aua YA AA
Ao, 34 9%, 2R XS A} =
3 2R ANAAS 7|FoR BHO o]F AEE A
Mo ERIE 4 913, ol B FHIE FA T

agl 8 cfE e Zo| MA J|Ht fiAHolg EE 2
A = Z3}
(MM Holef : W, ?Ix =8 : W)
Fig. 8. Results of depth sensor-based raw data acquisition
and position estimation for static and dynamic objects
(Raw data : M, Position estimation : )

T+ 1A APe bds AAE S 8= A

A AAE FA3NAG A= ZAE HAAE

Ao Add AZE oulsta, AAHolEH (M)
PSO-PF9] ZA¥} A9 H(M)< FEASHL QiTh
a9 99 d&S T3 AAVF ZUE

Ue A gy

ATk

+

o o e
[l T

b= =L

=i
a8 9. AH 3oA{ef Zlo| MA 7|gk YAHOlH &=
2 X =8 21t
(Aol - W, % =8 - B
Fig. 9. Results of depth sensor-based & A|H|0|E
acquisition and position estimation in experiment 3
(Raw data : M, Position estimation : Il

I~

3 F oMY M(standard deviation) | ' 24
=4 ARk WEA pPSO IEE ZE
Aoty I¥ 10~129 I EZ= A o
29] 7 E (wm)E UER AL, o] AAE A
AJH0]El(w), AIQHE WEF PSO IE|E IH
A 4 A dAES FFoE el BX
() S FEAQCE AE FEY A YAE] A
= YAEolE R FE Aol Truth $IXol T
FEg 2z,

10 rlo oftt
T S

| =— Tuth
Raw Data
—— Proposed

a8 10 AE 19 9Ix =M Z4}
(AMEOIE] : mm, AILIOIE] @ ) HOHEl T )
Fig. 10. Object Position estimation results of Case 1
(Truth : wem, Raw data : ==, Proposed : mm)



Journal of KIIT. Vol. 22, No. 2, pp. 71-82, Feb, 28, 2024. pISSN 1598-8619, eISSN 2093-7571 79

Tuth
Ravw Data
Proposed.

L g—lia‘l}ll |.I|I--, Bl :

a2 11, AY 29 & F Zut
(AMOOE] : w, RAICIOIE] & ) M[OFE T[] )
Fig. 11. Object position estimation results of Case 2
(Truth © wem, Raw data @ ==, Proposed : mm)

= ruth
Raw Data
Proposed

-\.-5;""
w, ¥ WE

0

a8 12, AY 39 9 =M At
(MMOOIE] : wm, FAILIOIE] @ ) FOHEl 7|8 @ x)
Fig. 12. Object position estimation results of case 3
(Truth : wem, Raw data : 1, Proposed : x)

49 19 249 38 102 AA7E =33 o
e 428 #4091 FHT 2IE HojEn
Ak FE Y YA F4 A3 dASol ARt &
ol e} AAE g Az, dA A2 A4
3 A B5S Helth

A3 29 A3 I8 112 AR xFo082 dA
A wAMe W A FHE HoEgt I A%

O

o) WA 7]ure] AN ElolE BT YRS 49
o Zo] Hu, o2 Fa SHHQ A Fo] B
2

2 B 4 9tk
9 38 AALYe] A2 $Hol= AAE F
A34le 2% 128 Fa AAHeIH} 917 24

i

g YASS ML A3, 94 F4E YA B
b A AR BT} U AL BAYT, E
& AAEolEe] At o3 Wel7h Aol B &

2 4% 1732 RMSE Z1t |
Table 2. Comparison of RMSE results for experiments 1 to 3

Case 1 Case 2 Case 3

(m) (m) (m)

Raw data 0.581 0476 0614
Proposed 0.352 0218 0.496

X 25 YAHolE 9} At HEF PSO THE]
e} 2] RMSE(Root Mean Square Error)E Hl 2 )
Ake FE<| Axrt UAHo]HET RMES
FA7F o A AoE Ugth FFHOE A
¥ HEE 0355 M) 2342 2t YA olE
B 0557 (m)E Zeth olE S AA A
sl o <kgFeln A3 AXE FHs=
S HoFL

N2 e lo o

>

4 THHAZH D F BN
H =Ro|AE Jetson Orin-NXS AHE3t 7]
CPUY d4tETh Be FHo] £5 o] &1, BE
FYFLS YA A 50070, 6] HHES ARS-SITh
WA I8 1394 7R QUOlE ik
PAZE 78] FYAEY HEH A 5
A3 FYAFE mwsgTh T ZolA
Conventional- 7]& A 7HS 9JR|8lal, Proposed
= Ashs WEEd ik FYAS ouldit
ANE Tl YA Aol met sul~168] ZolE
AL F A3, ¥A A7t F74gel we} CPu
HFAZHE HlEst S7FHARE, GPU e Azt
b & 37 ¥& S U I8 4AME
PF, PSO-PF, A|¢td WEA PSO HEF TE o
b S Blg PSOY EaElEe WHEE<
FPoE Q3 T YA FE AMEIIHETE PFE
o o 2 NS 293517 Wi PR YAt
< A FH FoA 7 wE AoE gRlEg
o} StARE PSO-PFe} WHEA 14| PSO-PF| -3
&5 2ol LeTH) Abol7t e A & 4 Ytk

e i

[roofN > Jo



80 &4 4 AA AAFA4< A% GPU 7wt o

Weight Computation Time

°141 WM Proposed.
Conventional.

100 200 300 400 500 600 700 800 900 1000
Number of particles

O 13, 7t&5%| YUO0|E T8A[ZF H|W
Fig. 13. Comparison of weight update computation time

Computation Time

Tirme (8)

PF I"":lf']-F‘F Parallelize PSO-PF
O3 14, chekst S5 Lo A2 |

Fig. 14. Comparison of execution times for various

stochastic filters

Standard Deviation

0,200 4

01?54

01sn -

0125 4

0,100 4

Errar (m)

0o?s 4

ansn -

0025 4

o000

PF PS0-FF Parallelize FSO-PF
a8 15, cierst SEXM ZF Za gXEe 2F Hi
Fig. 15. Comparison of standard deviations for particle
results from various stochastic filters

# PSO #ElE ZH

29l =4 ZAzg olo]Z} PSO-PFY WHA PSO
e g dHE 2 A4 FA4e AXAR 2= #H
Aol Tha ztol7h LAE AT I olfre TYT W
ol tia]l CPUNAME 64bits7} AHEH a1, GPUSHA
T 32bits7} AHEE7] wEelth &, GPUYIA BE
Asgtel F4d of mAlARE 2544 HeolHe o
B71 wFEA &tk oul O Aozt ofF A%k
7] Wzl AAARJ] F4 AFEE Apo|rt A ¢l
A3, EFE HAN AT ThA Zpo 7} QI

7(
ak AT FH AR 24
ve) AZ3) olEess, we YAk st

£, 49 Beisl

__1\2
N
=

E
= £
£ght} 7&43 53l 71 PF, PSO PF, =&ollA A
obst= WEZ A4ko] PSO-PF, ¥ 371A9] FEHE
ekgk HE Ayt AA S kA
2 gE At FRARES 0T F AT
Fo AFde tdF 28 A2 AN tF A
o7 1240}1 GPU tﬂ%} A
[e)

References

[1] K. W. Kim and S. K. Cho, "Military security

threats and countermeasures of future defense



Journal of KIIT. Vol. 22, No. 2, pp. 71-82, Feb, 28, 2024. pISSN 1598-8619, eISSN 2093-7571 81

robots", The Journal of Military Robotics Society,
Vol. 1, No. 1, pp. 15-21, Apr. 2022.

J. P. Lee, J. Y. Kim, J. H Ko, K. M. Go, and
Y. W. Park, "Fast Adaptive Snake Technique for
Realtime Object Segmentation and Recognition in
Combat Field", Joint Conference on Institute of
Robotics The 7th
Conference on National Defense Technology, pp.
830-837, Jul. 2011.

. S. Jangg H W. Kim, and H. C. Lee,
"Object-Centered Spectral Matching for Efficient
Environmental in  Multiple
Small  Robot Institute ~ of
Information Technology, Vol. 21, No. 8, pp.
27-38, Aug. 2023. http://dx.doi.org/10.14801/jkiit.
2023.21.8.27.

P. R. Gunjal, B. R. Gunjal, H. A. Shinde, S. M.
Vanam, and S. S. Aher, "Moving Object Tracking
Kalman  Filter", 2018
Conference On Advances in Communication and
Computing  Technology (ICACCT), Sangamner,
India, pp. 544-547, Nov. 2018. https://doi.org/10.
1109/icacct.2018.8529402.

Control, and  Systems,

Information  Fusion

Systems",  Korean

Using International

[5] J. U. Cho, S. H. Jin, X. D. Pham, J. W. Jeon, J.

E. Byun, and H. Kang, "A Real-Time Object
Tracking System Using a Particle Filter", 2006
IEEE/RS] International Conference on Intelligent
Robots and Systems, Beijing, China, pp. 2822-2827,
Oct. 2006. https://doi.org/10.1109/iros.2006.282066.
A. Ellouze, M. Ksantini, F. Delmotte, and M.
Karray, "Single Object Tracking Applied to an
Aircraft", 2018 15th International Multi-Conference
on Systems, Signals & Devices (SSD), Yasmine
1441-1446, Apr. 2018.
https://doi.org/10.1109/ssd.2018.8570663

K. W. Hong, Y. J. Kim, and H. C. Bang,
"GPU-Accelerated Particle Filter for Multi-Sensor
Multi-Target Institute  of  Control,
Robotics and System, Vol. 23, No. 3, pp.
152-156, Mar. 2017. https://doi.org/10.5302/J.ICROS.
2017.16.0193.

Hammamet, Tunisia,pp.

Tracking",

(8]

P. Tian, "A particle filter object tracking based on
2015 6th IEEE
International Conference on Software Engineering

feature and location fusion",

and Service Science (ICSESS), Beijing, China, pp.
762-765, Sep. 2015. https://doi.org/10.1109/icsess.
2015.7339168.

A. Mukhtar and L. Xia, "Target tracking using
color based particle filter", 2014 5th International
Conference on Intelligent and Advanced Systems
(ICIAS), Kuala Lumpur, Malaysia, pp. 1-6, Jun.
2014. https://doi.org/10.1109/icias.2014.6869447.

[10] J. Kim, S. Nam, G. Oh, S. Kim, S. Lee, and H.

C. Lee, "Implementation of a Mobile Multi-Target
Search System with 3D SLAM and Object
Localization in Indoor Environments”, 2021 21st
International Conference on Control, Automation
and Systems (ICCAS), Jeju, Korea, pp. 2083-2085,
Oct. 2021. https://doi.org/10.23919/iccas52745.2021.
9650063.

[11] Y. Zheng and Y. Meng, "Swarming particles

with multi-feature model for free-selected object
tracking", 2008 IEEE/RSJ International Conference
on Intelligent Robots and Systems, Nice, France,
pp. 2553-2558, Sep. 2008. https://doi.org/10.1109/
ir0s.2008.4651004.

[12] Z. Hao, X. Zhang, H. Li, and J. Li, "Video

object tracking based on swarm optimized particle
filter", 2010 The 2nd International Conference on
Industrial Mechatronics and Automation, Wuhan,
China, pp. 702-706, May 2010. https://doi.org/10.
1109/icindma.2010.5538211.

[13] H. C. Lee, S. K. Park, J. S. Choi, and B. H.

Lee, "PSO-FastSLAM: An improved FastSLAM
framework using particle swarm optimization”,
2009 IEEE International Conference on Systems,
Man and Cybernetics, San Antonio, TX, USA, pp.
2763-2768, Oct. 2009. https://doi.org/10.1109/icsmc.
2009.5346572.

[14] G. Tong, Z. Fang, and X. Xu, "A Particle

Swarm Optimized Particle Filter for Nonlinear
System State Estimation", 2006 IEEE International



82 &84 T4 AA AXNFHE 9% GPU 7wk
Conference  on  Evolutionary ~ Computation,
Vancouver, BC, pp. 438-442, Jul.  2006.
https://doi.org/10.1109/cec.2006.1688342.

[151 Y. H. Han, H C. Lee, H H. Gwon, W. S.
Choi, and B. R. Jeong, "Parallelized Particle
Swarm Optimization with GPU for Real-Time
Ballistic Target Tracking", IEMEK Journal of
Embedded Systems and Applications, Vol. 17, No.
6, pp. 355-365, Dec. 2022. https://doi.org/10.14372/
IEMEK.2022.17.6.355.

[16] J. W. Kim and H. C. Lee, "GPU-based
Acceleration of Particle Filters for Real-Time
Target Localization", KSAS 2021 Fall Conference,
pp. 1439-1440, Nov. 2021.

[17] J. H. Park, H. C. Lee, H H. Kwon, Y. J.
Hwang, and W. S. Choi, "Parallelized Particle
Swarm Optimization on FPGA for Realtime
Ballistic Target Tracking", Sensors, Vol. 23, No.
20, pp. 1-23, Oct. 2023. https://doi.org/10.3390/
$23208456.

[18] S. S. Kim, J. H. Cho, and D. J. Park,
"GPU-based Acceleration of Particle Filter Signal
Processing for Efficient Moving-target Position
Estimation", IEMEK Journal of Embedded Systems
and Applications, Vol. 12, No. 5, pp. 267-275,
Oct.  2017. https://doi.org/10.14372/IEMEK.2017.
12.5.267.

[19] A. Varsi, J. Taylor, L. Kekempanos, E. P.
Knapp, and S. Maskell, "A Fast Parallel Particle
Filter for Shared Memory Systems", IEEE Signal
Processing Letters, Vol. 27, pp. 1570-1574, Aug.
2020. https://doi.org/10.1109/1sp.2020.3014035.

[20] J. Redmon, S. Divvala, R. Girshick, and A.
Farhadi, "You Only Look Once: Unified,

Object  Detection", 2016 IEEE
Conference on Computer Vision and Pattern
Recognition(CVPR), Las Vegas, NV, USA, pp.
779-788, Jun. 2016. https://doi.org/10.1109/cvpr.
2016.91.

[21] D. Y. Kim and H. C. Lee, "Depth Sensor-based
Detection and Localization of Rescue-Needed

Real-Time

# PSO #ElE ZH

Targets in Small Robot Systems", Korean
Artificial Intelligence Association & Naver Fall
Conference, Nov. 2022.

[21] P. Cunningham and S. J. Delany, "k-Nearest

A Tutorial", ACM

Computing Surveys, Vol. 54, No. 6, pp. 1-25, Jul.

2021. https://doi.org/10.1145/3459665.

Neighbour ~ Classifiers -

XMAL2IH

Z Lt A (Nayeon Kim)

2019 2€ ~ EA) .
Zozaety AApEetR
HAEOF ¢ SLAM, Algorithm
acceleration with GPU and
FPGA, embedded system

o] 8 & (Heoncheol Lee)
200641 89 : AHuIe
AR 72 FE S
2008 8¢ : A=)t
A7) 38 (3
20133 8¢ : ATt
7175 E g8 (F A

2013 9¢ ~ 2019 2¢ :

FJ

St A T A AYATY

20199 3¢9 ~ 20234 8¢ : FoFFfstn AAFE
M5 20

2023 94 ~ AA : FeEAHSa AAE T
T&EFE} Fus

P&k : SLAM, A&F8, AFAS, ¢1eF 7H&3



	효율적 동적 객체 위치 추정을 위한 GPU 기반 병렬적 PSO 파티클 필터
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 기존 연구와 문제점
	Ⅲ. 제안하는 기법
	Ⅳ. 실험 결과
	Ⅴ. 결론
	References


