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A spatial pyramid model based on binary pattern

of oriented gradients

GUO Jun', ZHOU Hui’, ZHU Changren' , XIAO Shunping'
(1. College of Electronic Science and Engineering, National University of Defense Technology, Changsha 410073, China;

2. Beijing Institute of Tracking and Telecommunications Technology, Beijing 100094, China)

Abstract; Recently spatial pyramid matching (SPM) with scale invariant feature transform ( SIFT) descriptor has been successfully used in

image classification. Unfortunately, the codebook generation and feature quantization procedures using SIFT feature have the high complexity both

in time and space. To address this problem, a feature descriptor called Binary Pattern of Oriented Gradients is presented. Firstly, the input image

was densely sampled and divided into small uniform image patches. Secondly, each patch was divided into 2 * 2 grids uniformly. For all grids the

histograms of oriented gradient were computed and all dominant directions of the histograms were coded by binary coding. Then the descriptor was

generated by converting the binary number to decimal number. Finally, this descriptor was combined in the spatial pyramid domain. Experiments

on popular benchmark dataset demonstrate that the proposed method always significantly outperforms the popular SPM based SIFT descriptor method

both in time and classification accuracy.
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Fig.1 Schematic comparison of the original SPM

with our proposed method
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Fig.4 BPOG descriptor extraction in spatial pyramid model.
(a) Original image; (b) (c¢) (d) The grids on the BPOG code image for each level [ =0, 1, 2, respectively; (e) (f) (g)

Histogram representations corresponding to (b) (¢) (d), respectively; (h) The BPOG final vector is a weighted concatenation

of histograms for all levels.
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