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Abstract

In the field of computer vision, simple classification applications based on spatial covariance ma-
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trices have been widely studied and applied. However, traditional methods have certain limita-
tions when dealing with nonlinear problems. To overcome these limitations, this article proposes
a new method of constructing a new kernel—the Riemannian kernel—by establishing a connec-
tion with the Riemannian manifold of a symmetric positive definite matrix. Riemannian kernel is a
kernel method based on Riemannian manifolds, which can better handle nonlinear problems. By
combining Riemann kernels with support vector machines, we can obtain a more powerful clas-
sifier. We conducted a series of experiments on commonly used computer vision datasets. In the
experiment, we used different kernels combined with support vector machines, and adopted multi
kernel learning and RFE feature filtering methods to further improve classification performance.
The experimental results show that the method using Riemannian kernels has achieved signifi-
cantly better results than the improved algorithm on all datasets. This indicates that the Riemann
kernel method can effectively replace traditional multi-core SVM methods and provide better
classification performance.
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Figure 1. Schematic diagram of Riemann mapping
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Table 1. Average results of each algorithm on the dataset

* 1 BREERERESE EHTHER

Brodatz Weather ABVBN AN skin
Linear-SVM 0.812 0.843 0.719 0.833
Gau-SVM 0.729 0.886 0.636 0.486
Poly-SVM 0.750 0.848 0.641 0.708
COV-SVM 0.458 0.863 0.599 0.458
MKL-SVM 0.667 0.873 0.678 0.492
SPDMPL 0.417 0.829 0.521 0.625
RMKL-RFE 0.917 0.942 0.801 0.958
Linear-SVM
Gau-SVM
Poly-SVM
COV-SVM
MKL-SVM
SPDMPL
RMKL-RFE
20 40 60 80 100
I

Figure 2. Average accuracy of different methods on each image set
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