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Abstract: In this paper, we propose a real-time algorithm for estimating the relative position of a person with
respect to a robot (camera) using a monocular camera. The algorithm detects the head and shoulder regions
of a person using HOG (Histogram of Oriented Gradient) feature vectors and an SVM (Support Vector
Machine) classifier. The size and location of the detected area are used for calculating the relative distance
and angle between the person and the camera on a robot. To increase the speed of the algorithm, we use a
GPU and NVIDIA’s CUDA library; the resulting algorithm speed is ~ 15 Hz. The accuracy of the algorithm
is compared with the output of a SICK laser scanner.
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Fig. 1 Advantage of head and shoulder area
detection

(b) An failed examples of whole
body detection

(a) Examples of head and
shoulder detection

Fig. 2 Comparison of head and shoulder detection
and whole body detection
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Fig. 3 Overview of the HOG detection algorithm

(a) Before implementing NMS (b) After implementing NMS

Fig. 4 Before and after implementing Non-Maximum
Suppression(NMS)

2.1 Metste F8/0 4 L2 E

2 AFdAE TR 49 JAAES Eol7]
e 7192l HOG detection algorithm <=3 ©] %
Trained SVM-2% 3+ ¥ U <3k Dual-SVM
detection algorithm(D-SVM)=- #l|QFSHC}

D-SVM & Trained SVM-2S 7FA]aL t}A] &
H AEsHA @t ol de FR/oA HE:
of Algtate] old AZH G 1.5 FHFe
3l A Trained SVM-25 ©]-&3to] thA] & ¥ A
=%t D-SVMS F3835t7] 934 Trained
SVM-12.2 #A&E" A= A9 A7) #Fs
Buffero] A3t} o] u] Buffere HIE ©]H 5
o tisiATt A4gsth SVM-12.2 F4/0

12

=

NS AZ8A 588 Queue-buffero] A% o
& HolElE #lsltt, ojuf oMo HEH
ol god o HEH AEfFq 1.5v)

ol thato] Trained SVM-22 o] &3ko] tha]
H HE3kY. o] w] Trained SVM-13} Trained
SVM-29] Z}o] L Table 13} o] A A% =
A7 g2 g9 z27o] th=1) Trained SVM-19]
] Positive Image$} Negative Images H'H 3}
SVM Score JAFte]l 19]2tal 3} Trained
SVM-20] 41+ SVM Score U 71%ko] 002 A4
o] 9t} Trained SVM-2°4 SVM Score Zt°] 0
I 1Afel ] kS ZEe AR F olmA|7F HEH

HOG Feature q Non-Maximum

e ¢ I:> Trained SV 1 E> Suppression
7
ﬁ(‘

Yes

No
] Detection ?
New image

Buffer
(Detected window)

3
HOG Feature ! Non-Maximum Head and shoulder
Trained SVM -2 ¢ image area

Fig. 5 Overview of Dual HOG detection method

g5 A YA B oo AL A
QoA A2E 49 A7 |
7_‘9!' O]U]X] ?l/\]%% 7]-—)}—}\]2?)\‘:]'.

Hz [ N
Mo R o e

I

i)

o

4

o

ol

2 OpenCVE o] &3tal, 114 ALEA
3kl NVIDIAAFO A A3} CUDAS ©]&-3131
t}. cUDA"VE 2y FIt=E o] &3 GPGPU
(General Purpose Graphics Processing Unit)'?¢] &gt
M 374 AS A2 ghr) ojde] 1wy
7=+ 3D AgE A tFe 7sol FUHEU
AR B g AYE g Aew WEAQl
|ER 2ol AEo] ofyArt. ol g AlE
| A3st7] 93] NVIDIAAHE 71E2] Geforce A E]
25 238 AEAYE A FxoAN FAEE
FHANA Z2ARE YT 7 AEF HASS
o} 3k PH Ake Blitet+ gholB e 2]Pe ALg
skl NMS &alg]& =8 itk dags
o] sl st=4dlo] AFYS CPU+ Intel(R)
Core(TM)2 Quad 2.33GHzZE A}43}3, RAM W=

|



1448 o] AL .

Table 1 Differences between trained SVM-1 and
trained SVM-2

Difference Trained SVM - 1 Trained SVM - 2

Object detection

condition SVM Score is more than 1| SVM Score is more than 0

1.5-scaled image of previously
detected frame

Search domain

condition All domain of input image
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(a) HOG detection algorithm (b) D-SVM detection algorithm

Fig. 9 Examples of HOG detection algorithm and
D-SVM detection algorithm
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