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Hand real-time tracking method based on neural
network and Kalman filter
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LIN Zhi-xian', GUO Tai-liang', LIN Chang'"*

(1. National & Local United Engineering Laboratory of Flat Panel Display Technology s
School of Physics and Information Engineering , Fuzhou University , Fuzhou 350108, China;
2. Jinjiang RichSense Electronic Technology Co., Ltd., Jinjiang 362200, China)

Abstract: Aiming at the problems of poor hand-time tracking, low recognition accuracy and environ-
mental impact, a hand tracking method based on neural network and Kalman filtering is proposed.
The method firstly locates the detection target appearing in the video through the neural network,
then estimates the target motion by Kalman filter, compares the estimated result with the detected

target in the next frame image, and finally detects the target, tracking and displaying the trajectory of
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the hand movement in real time. Experiments show that the method can track multiple hand targets in

real time and keep tracking when the cross and deformation occur during hand movement. The average

processing frame number is 21.212 {/s, and the tracking accuracy rate is 94.88%. It basically meets

the requirements of stable, reliable, high real-time and high robustness of hand tracking.

Key words: hand tracking; neural network; Kalman filter; tracker
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Tab.1 VGG-16 network structure parameters

Layer name Kernel Stride Pad Input Output

Convl_1 3X3 1 1 224X 224 64
Convl_2 3X3 1 1 224X 224 64
Pooll 2X2 2 0 224X224 64
Conv2_1 3X3 1 1 112X112 128
Conv2_2 3X3 1 1 112 X112 128
Pool2 2X2 2 0  224X224 128
Conv3_1 3X3 1 1 56 X56 256
Conv3_2 3X3 1 1 56 X56 256
Conv3_3 3X3 1 1 56 X56 256
Pool3 2X2 2 0 56 X56 256
Conv4_1 3X3 1 1 28 X128 512
Conv4_2 3X3 1 1 28X 28 512
Conv4_3 3X3 1 1 28X 28 512
Pool4 2X2 2 0 28X 28 512
Conv5_1 3X3 1 1 14 X14 512
Conv5_2 3X3 1 1 14X14 512
Conv5_3 3X3 1 1 14X14 512
Pool5 2X2 2 0 14 X'14 512
Fc6 4 096
Fe7 4 096
Fe8 4 096
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