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Fig.1 Network structure of autoencoder
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Down Image Recognition Based on Deep Convolution Neural Networks

YANG Wenzhu, LIU Qing, WANG Sile, CUI Zhenchao, ZHANG Ningyu

(School of Cyber Security and Computer, Hebei University, Baoding 071002, China)

Abstract ; Because of the scale and the various shapes of down in the image, it was difficult for traditional im-
age recognition method to correctly recognize the type of down image and got the required recognition accura-
cy, even for the Traditional Convolutional Neural Network ( TCNN). To solve the above problems, a Deep
Convolutional Neural Networks ( DCNN) for down image recognition was constructed, and a new weight initial-
ization method was proposed. Firstly, the salient regions of down images were cut from the images using the
visual saliency model. Then, these salient regions were used to train a sparse autoencoder and get a collection
of convolutional filters, which accord with the statistical characteristics of dataset. At last, a DCNN with In-
ception module and its variants was constructed. To enhance the recognition accuracy, the depth of the net-
work was deepened. The experiment results indicated that the constructed DCNN increased the recognition ac-
curacy by 2. 7% compared to TCNN, when recognizing the down in the images. The convergence rate of the
proposed DCNN with the new weight initialization method was improved by 25. 5% compared to TCNN.

Key words: deep convolutional neural networks; weights initialization; sparse autoencoder; visual saliency;

image recognition

(L4555 )

Improved TLD Object Tracking Algorithm Based on FAST Feature Points

MAO Xiaobo, ZHOU Xiaodong, LIU Yanhong

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

Abstract; TLD was a new long-term object tracking algorithm in recent years. It is different from the tradition-
al tracking algorithm in that it combined the traditional detection algorithm and the tracking algorithm, and
then the learning module was used to study the characteristics of the object. In this paper, an improved TLD
object tracking algorithm based on FAST feature points was proposed to ensure that the selected feature points
could be tracked correctly and reliably to improve the accuracy of the tracker. At the same time, for the track-
ing process, the learning module template cumulative effects is obvious, reduced the real-time performance.
Using a dynamic template management mechanism, when the number of templates reached the threshold, by
comparing the similarity between the template and the current target, the specific template was deleted and the
number of templates was kept constant. Experiments results showed that the improved algorithm had higher
tracking precision and real-time performance.

Key words: TLD; long-term; object tracking; feature point



