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Fig.1 Schematic diagram of optical flow image
SEOE HEAT GE T SO U W A R L S I
S A S P A AR S R A R R 5 A R FOLTR
i (B BB 2 BT T O TR A @ AL b D AT DA ks
168 BE B 5 A S HUE. R 2 B, Z2 R
B (LR B , HE O O 32 RS /N 73 I 4 A4 26
e WAREREE O 1, 77 18 R 7K P77 18], O i 4
Ferp e it oL i (e 1 2B A BB AE 1 A9 SO0 4L,
ST T WA PR ' e W (G A R 5 — 47 5 —
FIMEIE N 1.

()
(8]
F-N
(98]
=}
oo = |2 |t
ol|lo|=|~| &

2 gREEERERITEE
Fig.2 Schematic diagram of the optical flow

and the co-occurrence matrix
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Fig.3 Abnormal crowd behavior in different scenes
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Fig.5 Anomaly detection ROC curve of

three scenes in UMN data set
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Tab.1 Comparison of AUC results with different
methods on the UMN data set
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The Comparison and Improvement of Bacterial Algorithms for
Flexible Job Scheduling Problem

WU Xiuli, ZHANG Zhiqgiang

(School of Mechanic Engineering, University of Science and Technology Beijing, Beijing 100083, China)

Abstract. The article aimed to fully explore the ability of bacterial algorithin and its varieties for solving the
discrete optimization problems. The bacterial chemotaxis algorithm ( BC), bacterial colony chemotaxis algo-
rithm (BCC) , bacterial evolutionary algorithm ( BEA) , bacterial swarming algorithm ( BSA) and bacterial fora-
ging optimization algorithm( BFO) are designed to solve the flexible job scheduling problem. Firstly, the mod-
el of the flexible job scheduling problem was formulated. Then the five algorithms were designed to solve the
benchmark was instances. The results showed that the BFO outperformed the others. Furthermove, a strategy
to improve the BFO was proposed. More than ten optimization operators were designed and compared. Finally,
the best structure of the improved BFO was built. The numerical experiments showed that the proposed BFO
balanced the exploration and the exploitation very well and could solve FJSP effectively.

Key words: flexible job scheduling problem; bacterial chemotaxis algorithm; bacterial colony chemotaxis al-
gorithm ; bacterial evolutionary algorithm; bacterial swarming algorithm and bacterial foraging optimization al-

gorithm
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Detection of Human Behavior Anomaly Based on the Optical

Flow Co-occurrence Matrix

ZENG Qingshan, SONG Qingxiang, FAN Mingli

(School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; The traditional anomaly detection algorithm for human beharior that based on image texture features
tended to describe the change of human image texture rather than the actual situation of human motion behav-
ior. Its detection porformance was not so good. In this paper, a method of feature extraction was proposed to
reflect the real situation of human motion behavior. Firstly, the optical flow information was extracted by Lu-
cas-Kanade optical flow algorithm, and the co-occurrence matrix and optical flow direction co-occurrence ma-
trix were established. Then, the characteristics of two order distance, contrast, entropy and similarity are ex-
tracted by the co-occurrence matrix, and then combined them with the mean value of optical flow to form a fea-
ture vector to train the support vector machine (SVM). Finally, this algorithm was used to determine whether
the crowd had abnormal behavior. The simulation results showed that the feature extraction method in this pa-
per had more in depth processing of the crowd motion information provided by the optical flow method. Com-
pared with the mainstream algorithm, it has a better recognition performance.

Key words: crowd behavior anomaly detection; optical flow; optical flow co-occurrence matrix; support vec-

tor machine



