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Learning Shape Distance Based on Mean First-passage Time
ZHENG Dan-Chen'  HAN Min'
Abstract Since pairwise shape similarity analysis can not measure the shape distance accurately, post-processing steps

are introduced into shape matching process for increasing retrieval scores. In this paper, a novel shape distance based on
mean first-passage time (MFPT) is proposed for resolving the problem of learning context-sensitive similarity. Given the
distance matrix computed by a distance function, discrete-time Markov chains are constructed for analyzing the underlying
structure of the manifold formed by shapes. With each shape in the database regarded as a state, the mean number of
steps for transition between two states, named mean first-passage time, is used to measure the shape distance. The mean
first-passage time induced by geodesic paths can capture the shape manifold structure, and it can be obtained by solving

the linear equations.
achieved by using the proposed method.
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Fig.1 An example of a pairwise shape
matching approach
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Table 1  Comparison of retrieval results for different algorithms tested on the Kimia-216 database
Jiik 1st 2nd 3rd 4th 5th 6th 7th 8th 9th 10th 11th ot
SC 216 216 215 210 210 209 208 204 200 191 175 2254
IDSC 216 216 215 211 211 210 211 207 203 198 185 2283
SC + LP 216 216 214 212 211 211 215 209 209 206 197 2316
IDSC + LP 216 216 214 211 213 213 212 210 207 208 203 2323
SC + MD 215 215 215 213 212 212 214 211 211 209 208 2335
IDSC + MD 215 215 215 211 212 213 212 212 207 209 209 2330
SC + MFPT 216 216 216 212 212 212 212 212 212 211 212 2343
IDSC + MFPT 216 216 216 212 212 212 212 212 212 212 212 2344
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Table 2 Comparison of retrieval results for different algorithms tested on the Tari-1000 database

Ttk 1st 2nd 3rd 4th 5th 6th Tth 8th 9th 10th 11th 12th Eouil
SC 996 984 983 976 954 954 949 936 928 908 893 898 11 368
IDSC 995 992 990 985 974 966 955 945 928 927 930 906 11493
SC + LP 995 991 986 984 984 976 967 970 963 963 961 952 11692
IDSC + LP 994 996 996 989 990 985 982 985 985 981 967 971 11821
SC + MD 995 989 986 981 984 973 979 969 966 962 961 948 11693
IDSC + MD 997 996 998 996 996 995 995 991 992 990 989 983 11918
SC + MFPT 994 992 992 987 992 980 984 986 983 984 984 984 11 842
IDSC + MFPT 997 996 996 998 995 997 995 995 997 995 996 994 11951
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Table 3 ~ Comparison of results for different algorithms

tested on the MPEG-7 database

WARES KRR (%)
Shape context!®] 76.51
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Robust symbolic representation(t¢] 85.92
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Contour flexibility!8] 89.31
IDSC + LPI 91.61
IDSC + LCDP 93.32
GM + IDSC + Meta descriptor(®! 91.46
GM + SC + Meta descriptor(® 92.51
IDSC + MFPT 92.87
SC + MFPT 94.04
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