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Fig.2 Sample images taken from the datasets used

in the experiments
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Tab.1 Classification performance of the KDN-FV
image representation based on DenseSIFT
feature
I RAERE %
Jiik
Pascal VOC 2007 Caltech 101 Caltech 256 15-Scene
ScSPML!H 51.9 73.2 37.5 80. 3
LLCM3] 57.6 73.4 45.3 81.5
Fviid 61.8 77.8 52.1 85.3
LGMLs) — 78.3 — 80.1
SDFVLI7] 61.9 76.1 - 86. 3
SFVLisd 58.2 70. 8 — —
KDN-FV 64. 6 79.7 55.2 86.9
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R AL B 200 i BEAT U0 25 L SR 05 e R AR L
friiat. th 2 1 ] L& KDN-FV 45 % J5 7% B
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FEGIA G FIE R W, e 28 X SR AE 4T Fisher
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Tab. 2 Classification performance of the KDN-FV image representation based on CNN feature
SR %
5k
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Global-CNN 72.2 85.1 69. 8 53.7
MOP-CNN(VLAD)31] 75.7 87.3 73.1 68.9
MOP-CNN(FV) 76.2 89.1 73.5 70.2
MPP-CNN(FV) s3] 79.5 90. 7 77.3 75.7
MOP-CNN(KDN-FV) 77.1 92.4 73.9 71.3
MPP-CNN(KDN-FV) 82.1 93.8 78.2 78.6
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Local Fisher vector encoding method
based on k-dense neighborhood algorithm

JI  Zhihang'?, HU Xiaopeng's YANG Bo', TIAN Yunyun', WANG Fan"'

(1. School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, China;

2.School of Information Engineering, Henan University of Science and Technology, Luoyang 471023, China )

Abstract: For the image classification methods based on the bag-of-visual-words model, Fisher vector
(FV) encoding is one of the popular image representation approaches. In this method, gradient
information of the likelihood functions, which is achieved by fitting each feature with all Gaussian sub-
models, is used to build image representation. However, in this encoding procedure, each feature is
mapped to all of the Gaussian sub-models and encoded by them, and the inherent differences between
these sub-models have not been considered. These drawbacks limit the representative ability of the
Fisher vector. To solve these problems, a local Fisher vector encoding approach based on k-dense
neighborhood (KDN) algorithm is proposed, which introduces the local constraint and utilizes the
difference between the topological structures of the Gaussian sub-models. Experiments are conducted
on several benchmark datasets, and the results demonstrate the effectiveness of the proposed method

in improving the accuracy of the classification.

Key words: bag-of-visual-words model; image classification; Fisher vector encoding; k-dense

neighborhood algorithm





