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Adaptive Diamond Search Motion Estimation Algorithm Based on
Motion Classification Information of Blocks

YANG Xiao-zhen, WU Yan-hai, WANG Feng

(School of Communication and Information Engineering, Xi’an University of Science and Technology, Xi’an 710054)

Abstract By studying the spatial-temporal correlation and the center-biased characteristics of motion vectors in image sequences, this paper
improves traditional diamond search(DS) algorithm, designs an adaptive large diamond search pattern (ALDSP), and presents an adaptive diamond
search motion estimation algorithm based on motion classification information of blocks. ALDSP adaptively chooses different search methods with
motion classification information of blocks. For fast moved block, it predicts initial search point and uses different search methods according to
blocks of different relative motion. Experiments prove that the algorithm can improve the search speed in contrast to motion vector field adaptive
search technology(MVFAST), when video quality is better.
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(PSNR)
1
Football Foreman Mother_daughter
FS 869.33 1.00 869.33 1.00 869.33 1.00
DS 28.20 30.83 16.32 52.27 13.58 64.01
MVFAST  20.21 43.01 10.34 84.07 3.17 274.24
MCADS 19.23 4521 8.97 96.92 2.79 311.59
2 PSNR :dB
Football Foreman Mother_daughter
PSNR APSNR PSNR APSNR  PSNR APSNR
FS 2660  -0.00 33.13  -0.00  39.47 -0.00
DS 2489 171 3273 -040  39.11 -0.36
MVFAST 2592 -0.68 3275 -0.38  39.27 -0.20
MCADS  26.08  -0.52 3278  -0.35  39.28 -0.19
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