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Real-Time Human Detection Based on Range Image Segmentation

Masatoshi Shibata*!, Toru Ubukata*!, Kenji Terabayashi*?,

Alessandro Moro*?

and Kazunori Umeda*?

In this paper, a human detection method that combines information of segmented range image and human detec-

tors based on image local feature is proposed. The method uses a stereo vision system called Subtraction Stereo,

which extracts foreground information and range image. Range image is segmented for every object by Mean Shift

Clustering. The proposed method reduces processing time and false detection by limiting the search range to the

object. Joint HOG feature is used for human detection and reduces undetected human by integration of detection

windows in consideration of occulusion.

method using the conventional Joint HOG feature.

The proposed method is evaluated by experiments comparing with the
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Fig.1 Basic algorithm of the subtraction stereo [16]

(a) Input image (b) Disparity image obtained
by subtraction stereo

Fig.2 Subtraction stereo

(b) Output image

(a) Input image

Fig.3 Background updating
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(a) Input image (b) Background subtraction

(c) Shadow detection (d) Object region

Fig.4 Shadow detection
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(d) Segmented region SF; j

(c) Division by cells

Fig.5 Range image segmentation
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(a) Foreground F;

Fig.6 Range image segmentation in a crowded scene

(b) Segmented region SF; ;
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(b) Integration of windows
Fig. 8 Detecting window
A 0,(6)= 0

B> 0,(t)=0.83
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(b) Occlusion ratio

(a) Detecting window

Fig.9 Occlusion detection
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(a) Positive

(b) Negative
Fig.10 Samples used for training

(a) Experimental scene

@
3

-a-Eq.3
40 1 ~~Eq.6

TPrate [%]

-4 3 2 -1 0 1 2 3 4 H 6
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(b) Comparison of classifiers

Fig.11 Evaluation of classifiers
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(b) Conventional method

Fig. 12 Examples of detection in simple background

(b) Conventional method
Fig. 13 Examples of detection in complicated background

Table 1 Comparison with and without occlusion handling filcidsFB8r—% -ty VEBRLRLY— VRV, BNERET
Classifier TPrate (%] FPrate [%] EACHRBRETROY -, Eﬂfﬂiﬁ‘]\‘“(@l}”%iﬁﬂg@
REWVWY=VIZBWTENEN 2,000 7 L — 2 w7z, BEIE
Hx)  (Eq.3) 713 0.0 AR ROBEIZB T, RIBENT S B 25 L XV
H'(x) (Eaq.6) 89.1 0.0 & ZNZNOFHETERMIKD, TCOY— 2 TOERI
Mz, BAR ﬁT’C“@i%ti’%ﬁ?’C“@*ﬁtﬂ%%@%&:%‘Wﬂﬁﬁ'ﬁ“&
Table 2 Results of the output by classifier H% Fig. 12, Table 3 |2, %S mCoOMMBEROR & 5F
Classifier Hx) (Eq.3) H'(x) (Eq.6) fii#& R % Fig. 13, Table 4 (Z/R"¥. F72, BRI TOM
HELDO K E WY — 2 ToMMREROF & FHifiE R % Fig. 14,
Average value —4.70 —-3.71 Table 5 12754
Maximum value 18.8 17.3 Table 3, Table 4, Table 5 D#H X D kTt TIZH It
Minimum value ~16.6 —15.3 DBEALIZ & ) BB AIE T LTV A 04575, U
Standard deviation 5.61 536 Fig. 13 (b) 18T & 512, HRIZAMOBRICB- R (Mo
Rz H B TP &) D EERmIN RS L TCLE D
ENERELTEZOND. CEMWREKETH L. ZIUTH L, RFETETITLIREI % RE
5.3 REFEDFM T5IETEBIEE ML TnD. F2, A7 V-V arr#

BETEOFMMERIET 572012, WGk Tty s> ELTWw579, Fig.12(b), Fig. 13 (b), Fig. 14 (b) 2BV T
Fo&A%y 45T GEkPF) LoEzETS. 5 A7 0—Ta X DRBIICEoTWw S AWD, Fig.12(a),
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(b) Conventional method
Fig. 14 Examples of detection in outdoor

Table 3 Evaluation result in simple background

Method TPrate [%] FPrate [%]
Proposed 80.0 1.3
Conventional 73.0 9.8

Table 4 Evaluation result in complicated background

Method TPrate [%] FPrate [%)]
Proposed 83.1 3.1
Conventional 63.5 65.9

Table 5 Evaluation result in outdoor

Method TPrate [%] FPrate [%)]
Proposed 68.8 1.1
Conventional 48.8 68.5

Fig. 13 (a), Fig.14(a) TRELSHMHLTWH I EHRTE
N5, Fig.14(a) I2BWVWTIE, ¥—rHNToORR BEOZEL
BEMoER L) PRETVDY, TIULEEEIER SN
otz Lo, NS 271023 ECLE %A,
MOEH ORI Y 4 ¥ FINIE SR v7z2o1, £
W% FEA L7z,

5.4 WIPRE

Table 6 |2&£ 70t AIZB 21K ZRT. Hfefz
AF v yTHUERFHR LB L, LBHEE A RET 5 L TR
HGREARIBICA E L TWA Z Evnhn. T, RETHET
V3K 11[fps] TEIET B2 2 &b, + ¥ T4 2 TOAYHA
TTHECTH 5.

6. #EmESROREE

KL T, BAGBEE N CBWTAYR2RET2Z L% H
L, WEEmGRY 7 A T — g VIZED W AR T

JRSJ Vol. 32 No. 6

Table 6 Computation time

Process Proposed Conventional

method [ms] method [ms]
Capture 16.3 16.3
Background subtraction 0.4 -
Stereo matching 18.8 -
Shadow detection 6.7 -
Segmentation 11.5 -
Joint HOG 30.4 502.2
Others 4.0 -
Total 88.1 518.5
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BEDEREAI L L7z, &512, A7 V—T a3 v 2B LM
T4 Y RTOMEIZLYRBREERS L, 70— a vEE
V5 U725k B 2 o30S & 0 MR EE & 1 B & R 7
SrelE, N i— T L O AR ER OIS R A
GheE, NPORZOEIIZE YIS TE ikl e L ¢
W TFETHD.
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