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Facial Points Detection Based on Cascade Convolutional Neural Network

CHEN Rui'’, LIN Da'?
(1. School of Automation & Information Engineering, Sichuan University of Science & Engineering,

Zigong 643000, China;2. Artificial Intelligence Key Laboratory of Sichuan Province, Zigong 643000, China)

Abstract: Suffered from facial pose, expressions, occlusions and illumination, there is usuallylager errorsin thefacial
points detection. In order to detect facial points accurately and reliably, a method based on cascade convolutional network is
proposed. Using the face image detected from face detector as input, all of 5 facial points are detected bythe first level CNN
directly. After then 5 images from the facial points are cropped, and each of the points is predicted singly by the second level
CNN with 5 different CNN. The mean error of all points is reduced to 1. 264 pixel in test phase by the cascade convolutional
network method. The experiments on LFPW database show that this method outperforms single CNN method and many other
methods in both detection accuracy and reliability. This method process one face image takes approximately 15.9 ms on a
standard GPU ( graphics processing unit) .

Key words: facial points; convolutional neural network (CNN) ; deep learning
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Solving Model Based on Particle Swarm Optimization and Artificial Fish Swarm Algorithm

PENG Kai ,HUANG Yiging , SHAO Shouchen
(College of Electrical Engineering, Anhui Polytechnic University, Wuhu 241000, China)

Abstract: The traditional group intelligent algorithms are optimized and improved. However, the inherent shortcomings
and limitations of the traditional simple algorithm is difficult to fundamentally removed, resulting in many groups of intelligent
hybrid algorithm. A new hybrid algorithm of particle swarm and artificial fish swarm is proposed to overcome the shortcomings
of artificial fish swarm algorithm ( AFSA) convergence and the poor global convergence of particle swarm optimization algo-
rithm (PSO) . Based on the artificial fish swarm algorithm, the linear decreasing inertia weight strategy of particle swarm opti-
mization algorithm is introduced into the artificial fish swarm algorithm. Artificial fish processing is encoded and the field of
view of the individual artificial fish is changed dynamically, so that the new particle swarm and artificial fish swarm hybrid
algorithm ( PSO-AFSA) is formed. And the hybrid algorithm is applied to Traveling Salesman Problem ( TSP). The simula-
tion results show that the hybrid algorithm has better global convergence performance and faster convergence speed than the
traditional artificial fish swarm algorithm and particle swarm optimization algorithm.

Key words: traveling salesman problem; artificial fish swarm algorithm; particle swarm optimization; hybrid algorithm
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