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Human Detection Using Subtraction Stereo with HOG Features
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In this paper, we propose a fast and stable human detection method using a stereo camera system called
“Subtraction Stereo” with a Histograms of Oriented Gradients (HOG) feature. The proposed method performs
scanning detection window using the distance of foreground regions from the subtraction image. Fast and stable
human detection is achieved by the HOG feature of foreground regions with on Real AdaBoost classifier. And the
experimentally demonstrated that our solution compared normal image with subtraction images. In addition, when we
computed the HOG feature, we verified the size of an important cell.

Key Words: Stereo Camera, Human Detection, HOG features, Surveillance Camera

1. il

AR, BBV O O RFEERECANREHRI 072D, &
ATEGENSBBICAE ) TLX A LTHRIBT D Z L0
WFRFS LTV 5. 4TI, Graphics Processing Unit(GPU) %
N2 2R LR T o N EE R RR STV A [L].
GPU % MW= EEET 5, Wi b6 AR EEEZ T /N1 A
MCHETOIMNENH LN, A\ TEHWLRD Edge
of Orientation Histograms(EOH) #F f# # [2] <> Histograms of
Oriented Gradients(HOG)#5 & [3][4][5]1%, #FMEHNL L,
FLRILHRERER 2323005, F72, GPU Z AW WEEIZIT,
R H IS KR EOFHERER A NIRRT, VT AHA LT
DN HIZRECH D, T b OFBEIEL, ATE®ND
BST 27200 4 R U ZEREERICH L TEIZEELT
T 57, HRERICE 28R & AR OB SR
5. F, HBANTOAMOEREIIL U A IZicT 57
OIZ, Rl H A X0Y 4 Ry EEHEEEL TS, L
X0 AEig 6 HOG Frifii & FH 4 2 72012, AP
DML EVOIERS S.

ARFWETHE, FEEEE R T 2B HEE N O F 84 fiRiE
WICIREL, U v RUoEAERPEROERRZ T 5
Z LT HOG i & B D BRI 2 B L T\ 5.
AR TIE, AT VFHIATERNE “EHAT LA
(Subtraction Stereo)” IZ X 2 mii S A& HhH 3~ 2 FIEA4RE L
TWB[B]. AL TIHES AT LA L 0B LN DRRER S,
F DOTERD =R ITHERERLE &, IROTEHEZ AW T, HOG Fr#
BIC XD EmETEMBE R NI %17 5 FIEERET 5.

2. ERATLTOHME

21 EXF7ZNLITY XL
FENATUVADEATLTY ZL%5K 1 ITRL, EBHAT
LA L VELNAHEEGREZX 27/ W@HEDOAT LA T,
EEAAZOEBE~ T I35 L TRBEERESD.
ZHICH L, BEOAT VA TRETELAEIA T ZNENTE
SYILERIZ X o THIRMEE 2 i L, £ o%Iicit S h-mis
AR~y F 7T H2 L CHEBEHRESD. ZoTE,

20y TR LN L2E I TE RV E W) RENH D
B, RISRERRE LA AT ORiRERICIRET 5 2 &7
T&, FHEEOHIEL &b, v v Fr 7oz METS
TENTED.

2.2 AISRRIBO =RTEH

AT VAL FL D AR R b RTR R 2 A L,
BRMO ZRTERE L m S, BOEREZBGT 52 N TE
. Fl, AT VANATERAVDZETHATOMENS
D SRMANRHDHE TS, ZRFREFT 22 &n

TE5.
Scene
Cameral Camera2

Image input Image input
Detection of Detection of

foreground regions foreground regions

Subtraction

Matching

Measurement of
Disparities, ranges

Foreground regions + range information

Fig. 1 Flow of Subtraction Stereo
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Fig. 2 Disparity image obtained by Subtraction Stereo
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Fig. 3 Relation between distance and size of human region
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Fig. 4 Real AdaBoost flow

4, RER
FERT D HOG MR & 72y AT LA L 5 AN FiED
HIWE R RELT A28, —ODRENMEREIT-7-. —
Hi, 3 & AR OEWEZ T 2729, @EmG L
ZE5 G & W0 N R IS ORGEZ 1TV, 2B I,
N E DS HOG B A RO DD Y 4 RN TOE
NORENARTFT D720, BAOEEEZE 2 N RS EE D

BREZAT > 72, NI ROBREECIE, LT O 4 SO
fRfE &2 V.

- True Positive : EED AEDOW, o 27 A0 L7 A

- False Positive : ¥ AT AWM A TRV LDOE A E L TH
H U725k

- False Negative : > AT AN AP ERH TEX 2o 725

- Speed : ALEH

MREEIZIX, AT LAB AT D555 70 L0 kA

5 1000 7 L — & & VoL B X132 320X240 TH 5.

F 72, Real AdaBoost #kAl#sfEEE FH o074 HEIL Fig. 6 D X

Y IR NTTH B positive 7 T A & AT negative 7 T A%

nEN 2021, 2231 AV, — DO HOERTIE, @ EER T
NP RS E 2 MG 5 720, WS L 0 FEmAH E G &
HHBEGZRUCKAEHWE., 27 40 X2 T &
Bumblebee2(Point Grey Research. 77 7 —, f=3.8mm, b=120mm,

VGA, 48fps), PC % DELL XPS420, Core2 Duo 3.00GHz % fif
HAL7.

41 BREREESEZRTOANDREREED LS

WEEER CAMIRHZ1T O BICEA 2P A XD Y 4 v R Y
EHEEEIEAET AN, BEE W) T 30X60, HEHE{EQ2)T
1L 60X120 T 4 ¥ RUDY A X%&[EE LEAREE 1 [FIZ
LTCW5. 20T, 3.1 8 Tl 7238524 2 pi R fEik &
TOMEBOEHERIISCIZT 0 > RUOEBETIEEAWT
W5,

W AR & 72 ERTONIIRHEE OB R AR LITRL,
AP RS R 2 X 5 1CR T, R EER(L),() & 2ot e b
IZ HOG #5{# &% JTIV V7~ Real AdaBoost ikal#ic L 5 At
{T> T 5 T=%, True Positive |28 L CITHEEE D&V ITIE D
otz Lo, ESEBTOANMKEETIIV 0 Ny
OEAFEE Z AT ERICRY, KESZHNICELE T
DR ERO G D XV False Positive & Speed DPERED M) L L
TW5A. 72, Hifg 1 4720 TOY 4 v KON KIEIC
Y, HOG FEmDE N V72 7o bld, VT NVE A LTOD
ANRERARETS B2 D, A\WEREHTE oK)
Kix, \WRTOERVICE>THELEZF I V—V g iCk
HHDTHDHEEZOLND.

Table 1 Experimental Results

True False False
.. . . Speed
positive positive negative (ms)
rate (%) rate (%) rate (%)
Normal 87.2 3.7 127 158.3
image (1)
Normal 79.4 3.7 205 67.6
image (2)
Subtraction | o7 ¢ 0.8 12.4 4238
image
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Fig. 5 Sample dense detections on images by the HOG features with proposing method

Table 2 Experimental Results

True False False
- . . Speed
positive positive negative (ms)
rate (%) rate (%) rate (%)
Number
of cells 82.7 1.0 17.2 40.5
3x6
Number
of cells 87.5 0.8 124 42.8
6x12
Number
of cells 88.3 0.8 11.6 49.8
8x16

(b) Negative class

Fig. 6 Learning images for Real AdaBoost classifier
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Fig. 7 Examled of missed detection
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