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Abstract: To solve the problem of low precision in detecting multi-target abnormal behaviors such as fighting and rob-
bery, in this paper, a novel human abnormal behavior detection algorithm is proposed based on a combination of the
weighted reconstruction trajectory and histogram entropy. First, the background subtraction method is combined with
aspect ratio to extract pedestrian targets, and then Kalman filters and histogram of oriented gradient (HOG) features are
integrated into a spatio-temporal context algorithm to realize a robust tracking of completely occluded pedestrians in a
short time, and finally the tracked trajectories are trained; a normal behavior directory is constructed for the motion tra-
jectories defined as normal, and the trajectories to be tested are sparsely reconstructed. An effective detection of abnor-
mal behavior is realized by combining the weighted minimum reconstruction residuals and amplitude direction histo-
gram entropy. A comparative experiment shows that the algorithm can effectively detect abnormal behaviors such as
fighting and robbery, and the detection rate can exceed 92% under static background without occlusions.

Keywords: abnormal behavior detection; jointly weighted; reconstruction trajectory; histogram entropy; Kalman filters;
HOG features; spatio-temporal context; behavior directory
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Fig.1 The flow chart of moving foreground extraction
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Fig.2 Moving foreground detection results
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Fig. 4 Pedestrian recognition results
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Fig. 5 Video sequence tracking results
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334 BREmAEMIKILE L5 B

T8 AR WA A5 32 Bl BT T B AR I 1) s B8
WRBAZ)E, i A IR AR 2 ] ) A
G A B 2y RS et o 8 SURFAIE R Bl SR AR
B IE W AT D R B AR, A I8 S BB R R, R
BN L, INBE Y 0, T iz g B i i A
S22y AL AR X (24) Brs .

Y (Twa) = Twa= A6, 1=0,1 (24)

AP AT RS QEH /575

ARSI AE DI, SR I E A 5 22y 15 1
{ELnZ 6] 1Y) 5 AR FI W AT R S 10 S W 1 26 1F 2
—, FIWr i AR = (25) FiR:

‘R, = min M <n (25)

S

i=0
I A 5 A 35 0.03, AR 32 BB R 25 T
L3 (25), WA R AT N2 8y il A7 A6 533 , ik



<1022 » O R

ES SO 513 4

— 7% JEE SR E T 10 BT R I Ey, 85517 N
iz 2l B Z2 B AL, 38 S IR 7 A AT A5
AT AT RN, A R N (26) B

®2 WECSvREIRE
Table 2 The selected values of weight ¢ and v

S v KGR /%
Aocgminy, (Tua) +vEp; (R) (26) 0.05 0.95 767
A o vRRAUE RE . BUE 5 v 58 U IR 0.10 0.90 78.9
5 492 R ) ST v SR R A M 1 R M R, 0.15 0.85 81.8
TR AL, I AR ¢ R 0.05, A4E xg gg gﬁ
o 1 B v 9 A, I B A T I 3 K B K W 030 070 567
0.05, J:E B 19 4 Fodm #1705, R A X (26) 1T 035 0.65 883
AR AL T (9 545 R e R . %2 W 0.40 0.60 87.6
LT ¢ 5 0 10 5 AT B X O 1 S5 A Ay 00 yg gﬁ ﬁi
410 AL BRI 1) 527 R AR s s o
ME 10 AT LUE 1, Mo B 0.35 B 74 0.60 0.40 83.5
A7 SRR W VT B 5 5 R AR SO e w5 B R 0.63 0.35 81.6
3 0.35 5 0.65, T35 e & BT RG] L SE 0.70 0.30 82.2
Xt 2 i SR ST 4 TR B, 7 MR A - o o
A % 32 B 0308 G 7 /% B A2 4 ) S O B 0.85 015 543
0, [ AT LR TSR P B R 1 04T 5 3 AT 090 0.10 81.1
R 8 5T A 095 0.0 P

1.00

095+

- 0.90 -

g

= 0.85+

0.80 -

0.75

0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00

AT I
B 10 WNEGERARENHRETARNEER

Fig. 10 Abnormal behavior detection accuracy graph when weight ¢ select different values
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Table 3 Results of the behavioral statistics in the fight
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Table 4 Results of the behavioral statistics in the rob video
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Fig. 13 Abnormal behavior detection precision results
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Table 6 Comparison experiment results in the rob video%
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