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Detecting Frequent Patterns in Video using Partly Locality Sensitive Hashing

*Koichi OGAWARA (Kyushu University), Yasufumi TANABE (Kyushu University),
Ryo KURAZUME (Kyushu University), Tsutomu HASEGAWA (Kyushu University)

Abstract— Frequent patterns in video are useful clues to learn previously unknown events in an unsuper-
vised way. This paper presents a novel method that detects relatively long variable-length frequent patterns
in video efficiently. The major contribution of the paper is that Partly Locality Sensitive Hashing (PLSH) is
proposed and used as a sparse sampling method so as to detect frequent patterns faster than the conventional
method using LSH. The proposed method was evaluated by detecting frequent everyday whole body motions

in video.
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(a) Initialization of Linked List. (b) Update of segments.

(c) Integration of segments.

(d) Addition of new segments. (e) Division of segments.

Fig.1 Calculation of data density

Table 1 Algorithm to find frequent patterns
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Fig.2 Difference between LSH and PLSH

0}0000000020000000000000
gbobogbooaoboooboood

0000000o0oo0o0 E(o,X)0000oo
ooooooo XxXgooooo

E(0,X) =E,(0,X)+ E40,X) + EJ(X) (1)

E,(0,X) = Z —log(1 — exp (_< :Zitggl >))
Fi(0,%) = Y ~tog(1 —esp(- D))

t
ES(X) = ZT(‘Tt 7£ ‘Tt-l-l) : Csmooth
t

000 <04, ()] >0 |6, () 0000< Dy, (¢) >0
D,,(t) 0000 Cqpooth D0 00T(s) O T(true) =
1,T(false) =0 0000
0()0ooooooooo0ooooooooooo
uoboboobooboobooboboboon

42 0O000000O0O0O0OOOO0O0OO0O0

gbobooooooooboooobooboboboo
goboobooboobbooboobooboo
goooboooobooood

5. 0O

goooooooooooboboobooooooooo
gboobooboooobobobboobooboooo
O00OO00000o0ODOO000oOoDO0O0OoOoLSH
0000oooooooD pLSHOOOOOOOOOO
Oo0o0oOoooooOOOOOOO0OLSHOOO PLSHO
obob LOs8O K,0300000b00ooooon
0000 Xeon 3.0GHzOOOOOOOOOO

51 0000

ooobobo0Fgd3UO0OO 3000000DODOOO
0000 ByeO 500 Stretch O 6 0 O Stand-up O 5
00000o00o00oU0oooO0ooooooooooo
0000000O00U0oooO0o0oooooooooo
000000000 00o0ooO0o0oUoooOoOoooo
00000000 (CHLAC)[rjoOoUOoooouooo
oooooo

2 28E] HAOMRY MERPMEEESR (2010898228 ~24R)

22000

Density

Ground Truth —_—
PLSH i*Wr= 70) ==oX===

8000 53 PLSH |*wr§210)

. ) ) PLSHNP(WPWI=210) - ‘o -
2 40 60 80 100
LiHwidth

6000
0

Fig.4 Estimation of data density
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Fig.5 Computational time v.s. amount of data
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(b) Stretch

(¢) Stand-up

Fig.3 3 whole body motions to be detected

Table 2 Evaluation of Dataset [2700 frames]

Action Bye | Stretch | Stand-up False False Precision | Recall | Time
Presented # 5 6 5 Positive | Negative [msec]
LSH (wr=1) | 5.00 5.00 5.00 0.00 1.00 1.00 0.94 5807
LSH (wr=15) | 5.00 5.00 5.00 0.00 1.00 1.00 0.94 512
LSH (wr=70) | 5.00 4.90 0.00 0.00 6.10 1.00 0.62 198
PLSH 5.00 5.00 5.00 0.00 1.00 1.00 0.94 224
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