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Off-line Handwritten Digit Recognition by SVM
Based on Probability Measure

FANG Xiang,CHEN Si-Jia,JIA Ying

(Department of Computer Science, Shandong Institute of Business and Technology, Yantai 264005, China)

Abstract: This paper proposes a support vector machine (SVM) algorithm based on probability measure. It employs
these probability distributions as embeddings to reproduce kernel Hilbert space (RKHS). In order to reuse many
standard kernel-based learning techniques in straightforward fashion, we construct the general form of support
vector machine (SVM) called support vector machine based on probability measure (PM -SVM). We set up a
virtual database by invariant transformation of the image through the MNIST database, and apply our algorithem to
this database, The experimental results demonstrate the effectiveness of this algorithem in rate and efficiency to
handwritten digit recognition.
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(a)
ASVM SVM PM-SVM
2 000 4 000 6 000 2 000 4 000 6 000 2 000 4 000 6 000
1VS 8 /% 91.57 92. 46 93.05 96. 94 96. 89 96. 87 97. 96 97. 64 98. 38
3VS4 /% 91. 65 92.79 94. 03 96. 15 96. 16 96.17 97.76 96. 82 98.19
3VS 8 /% 93. 34 92.23 90.77 96. 81 96. 74 96. 66 95. 51 95. 94 95. 24
6 VS 9 /% 93. 33 91.91 91. 85 96. 06 96. 07 96. 12 96. 85 96. 82 96. 36
(b)
ASVM SVM PM-SVM
2 000 4 000 6 000 2 000 4 000 6 000 2 000 4 000 6000
VS 8 /% 96. 21 97. 22 97.47 95. 44 95. 45 95. 48 96. 74 97. 61 98. 04
3VS4 /% 93. 69 94. 31 92. 88 97. 32 97. 34 97. 32 98.07 98. 31 98. 64
3VS 8 /% 92. 35 92.87 93.23 97. 27 97. 29 97. 28 96.72 96.76 98.57
6VS9 /% 93.19 94. 08 94. 97 97.87 97. 86 97. 89 98. 59 98.78 98. 31




110 2015
1
(c)
ASVM SVM PM-SVM
2 000 4 000 6 000 2 000 4 000 6 000 2 000 4 000 6 000
1VS 8 /% 96. 92 93.50 96. 54 92.74 92.76 92. 80 95. 34 96. 13 94.61
3VS4 /% 95.63 95. 56 91. 23 93.92 93. 87 93.93 96. 58 94. 57 94. 88
3VSS8 /% 92. 36 92.76 92.65 96.53 96.53 96.53 93. 64 96.53 97. 84
6 VS9 /% 94. 15 95 94. 48 99. 25 99. 23 99. 23 98.63 98.63 99. 36
2 ASVM PM-SVM [5] Zhihong Man,Kevin Lee,Dianhui Wang,et al. An op-
2 000 4 000 6 000 timal weight learning machine for handwritten digit im-
SYM /¥ 165 1 291 2 089 age recognition [ J ]. Signal Processing, 2013 (93):
ASVM /% 263 941 1 889 102471638,
[6] X X Niu,C Y Suen. A novel hybrid CNN — SVM
e bathd ! L1 L1 classifier for recognizing handwritten digits[ J]. Pattern
Recognition, 2012 (45). 1318-1325.
0 [7] L 1.
,2012,23(9):2297-2310.
(Pl:/[*SVM). [8] B K Sriperumbudur, A Gretton, K Fukumizu, et al.
Hilbert space embeddings and metrics on probability
’ ’ measures| J ]. Journal of Machine Learning Research,
’ ’ 2010(99):1517-1561.
’ [9] Yang YH ,Speed T. Design issues for cDNA microar-
’ ’ ray experiments [ J]. Nat Rev Genet, 2002 (8):
s s 579-588.
SVM. [10] A Berlinet, Thomas C Agnan. Reproducing kernel Hil-
bert spaces in probability and statistics[ M]. USA.:
Kluwer Academic Publishers, 2004.
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