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Adaptive Video Segmentation Algorithm Using Hidden Conditional
Random Fields
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Abstract
nition and video editing. An adaptive video segmentation algorithm based on hidden conditional random fields (HCRFs)

Video object segmentation is important for video surveillance and video object tracking, video object recog-

is proposed, which models spatio-temporal constraints of video sequence. In order to improve the segmentation quality,
the weights of spatio-temporal constraints are adaptively updated by on-line learning of HCRF's. The experimental results
have demonstrated that the error ratio of our algorithm is reduced by 23% and 19%, respectively, compared with Gaussian

mixture model (GMM) and spatio-temporal Markov random fields (MRF).
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A §(+) s Kronecker Delta pFi%4.
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Fig.1 Spatio-temporal neighboring relationship in video
sequence (The sites colored by black are spatial
neighboring relationship for white site in the same frame,
while gray sites in previous frame and white site in

current frame form temporal neighboring relationship.)
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Z(L, X;0)
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dient descent, SGD)I' B F A A S % B
(LW, X0, 0 =1,2,- - RINFEIXES, S5
A T XA T 5B

00 = 0 4™ 7, In P(LD|XD:0)  (8)

Sorbt ) R ST, ASC R 2 2
HE%, 7, log P(LW] XD 0) R A1 255l (1
BBIE, Xt OF A1 07 V544 T

Vo In P(LY|X;0) =
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3) W4 o, Ml BP Bkt H L =
arg mLaXP(L|X, 0);

4) W2k LStep &35 2] [w]B, WIFE Ak 7>
KRN INGEER (LD, XO) P72, If
8 LStep W& N 0. W 6 & T ¥ i BIE, W
TG AR

5) 2% 2] [E)ks LStep fi 1;

6) FEDIR 2), HAILH.
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SLAE ] CPU 2 2.4 GHz WA N 512 M [t
B, FykAER Visual C++ A1 OpenCV SZH.
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VAR oy E s R . IS T AE
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HEE MRF i T4y #ak B 48 A T 8 145
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WARSCEE. B 2(d) AARSCEIE B AR, WK
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BRI ST R L T X B
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Fig.2 Segmentation results for pedestrian ((a) Original
image of frame 477; (b) Result segmented by GMM; (c)
Segmented by using spatio-temporal MRF; (d) Result & &

using proposed method)

() (h)

(i) O]

g 'y s

W ) )

K4 Rehd s AT NIESE =i F147R ((a) ~ () 2

B3 WS FCR ((a) 55 490 Wil R, (b) 201 ~ 203 WK JEEE; (d) ~ (F) GMM J5iE53 #1145 3
GMM JiiEr ISR (o) RGN ZE R MRF 284 (g) ~ (i) BEERH M MRF #1455 (§) ~ (1) AR

R (d) AL RIS R) BRI SR

Fig.3 Segmentation results for a customer at a mall ((a) Fig.4 Segmentation results for the walker at campus

Original image of frame 490; (b) Result segmented by ((a) ~ (c) Original images of frames 201 ~ 203; (d) ~ (f)
GMM; (c) Segmented by using spatio-temporal MRF; (d) Results segmented by GMM; (g) ~ (i) Segmented by using
Result using the proposed method) spatio-temporal MRF; (j) ~ (1) Result using the proposed

method)
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Kl 4 JEAER ey Eanda i — B, A1
P T =P ASR] ) J7 3200 X B AR 2 3 Mot (1) 43 1 4
R KB SRR AR, &R K E B IR X
ARSI L00E, H ARSI 5 1 s L
. T R EEN, T GMM JiE5r#In,
DR SN A N TS T IR T LR
N5 B2 5, K s EH g oh S 5. #
4(3) ~ (1) A ARSCTTES FIRCR, EwWeb T s
s LA SRS O B R

AT Ak SR L B B R R R, RIS ST
T B A B 1 A5t PR AE A H b 23 1 1 S o 1)
%. T GMM. BEA 2 MREF LA SCER VL)
H f 4 G5 L G AT i, AR SN S
P13 R R R, T FP R IRE, FN RRIER
RSN A, £ 15T GMM. &
I3 MRE DL A SCEE R 3 B R R . R
ATLUA H MRF 12> 185 1R R 2T GMM, 1A
TRy R R AR, AT 0.86%, th GMM Hl
MRF )53 FIH 300 K T 23% 1 19%.

#1 GMM. MRF PLRASCT A3 $IE R A0 E
Table 1 Error ratios for GMM, MRF, and the proposed

method
FP(%) FN(%) Total(%)
GMM 0.53 0.58 1.11
MRF 0.32 0.73 1.05
HCRF 0.37 0.49 0.86
4 £

AP T B &N A H bR o> BIEE, L
A HCRF B ER S T UMY 51 1R I 25 4 3 A7
KL AR S VRN I S A AT 2 2, A
TIEAREOCRKIBGE, &5 7 a4k S i, 1
SIS L, Al AR SCA R 2 0 iR B
ASETL. b DI TARRG o B 52 10 A B )
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