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3D Object Recognition Based on Similarity Measures Using
Self-Organizing Map and Support Vector Machine
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So far as we know, there have already
been a wide variety of approaches that
propose different solutions to recognize 3D
object. However, there is a renewed interest
in similarity-based techniques recently, both
in developing and studying new effective
paradigms. Due to the refocusing on the
similarity-based pattern recognition in
academic, and our work of similarity
measures, which can satisfy necessary
requirements of visual perception such as
translation, rotation, scaling and minor

shearing invariance, under the support NSC
in 2001, we were attracted to propose this
project to address this concerned research
issue in 2004. However, when we performed
comparison testing with the Complex and
Centroid Fourier Descriptor, we discovered
that such two methods were better than us.
Therefore, we had changed our feature
extraction method and continued the
research. Finally, we obtain 85% and 98%
accuracy for the recognition test using Cyr
and Kimia 3D shape image database,
respectively. On the hand, we have
successfully applied the SOM approach on

2D image retrieval in improve the
efficiency.
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- SVM 3B PIEZ S5
C\&* 5 2 1 0.5 0.1
Train | Test |Train |[Train |Train | Test |Train | Test |Train | Test
1 70.48 | 79.62 | 66.36 | 74.41 | 62.50 | 68.25 | 54.39 | 60.19 | 29.39 | 33.16
10 73.80 | 81.04 | 74.07 | 81.99 | 75.27 | 82.46 | 73.01 | 81.52 | 64.10 | 67.77
50 73.27 | 79.15 | 74.34 | 80.09 | 75.40 | 81.52 | 76.33 | 82.46 | 73.27 | 79.15
100 | 73.40 | 79.15 | 74.20 | 80.09 | 74.34 | 81.04 | 76.86 | 82.46 | 74.34 | 81.52
500 | 73.40 | 79.15 | 73.94 | 79.62 | 74.73 | 80.09 | 76.60 | 80.57 | 76.73 | 80.09
1000 | 73.40 | 79.15 | 73.94 | 79.62 | 74.73 | 80.09 | 76.60 | 81.04 | 76.06 | 81.99
Avg | 72.96 | 79.54 | 72.81 | 79.30 | 72.83 | 78.91 | 72.30 | 77.88 | 65.65 | 70.61
# = SVM e plirz &%
CeFD Chen’s4 # % & 4%
RS 5’ C FER o’ C FEA
8 1 | 1000{100% -+ 0% 1 500 [85.0% -+ 5.3%
10 1 | 1000{100% -+ 0% 1 500 [85.4% -+5.3%
12 1 | 1000{100% -+ 0% 0.1 1000 [92.9% -+ 3.9%
14 0.5 | 1000{100% -+ 0% 0.1 1000 [92.2% -+ 4.0%
16 0.1 | 1000(98.7% -+ 1.2% | 0.1 500 190.8% -+ 3.0%
18 1 | 1000({97.7% -+ 1.6% | 0.5 1000 |88.4% -+ 3.4%
20 1 | 1000{96.2% -+ 2.0% 1 250 |84.0% -+ 3.9%
22 1 | 1000{93.1% -+ 2.7% 1 250 |84.5% -+ 3.8%
24 1 | 1000(88.9% -+ 2.3% 1 250 |84.1% -+2.7%
26 1 | 1000(88.6% -+2.4% | 0.5 750 186.3% -+ 2.6%
28 0.5 ] 50 |88.7%-+2.3% | 0.5 750 |81.3% -+2.9%
30 0.5 | 1000|87.0% -+2.4% | 0.5 1000 [80.3% -+ 2.9%
32 0.5 ] 10 |86.5% -+2.5% | 0.5 1000 [80.6% -+ 2.3%
34 0.5 | 100 |85.4% -+1.9% | 0.5 1000 [76.4% -+ 2.4%
36 0.5 ] 10 |84.0%-+1.9% | 0.5 1000 |72.3% -+ 2.4%
38 0.5 | 100 |82.2% -+2.0% | 0.5 1000 |67.8% -+ 2.5%
40 0.5 | 100 |82.5% -+ 1.9% 1 1000 [66.4% -+ 2.5%




Database 99 shapes 216 shapes 1045 shapes

Ours 90.0 96.7 84.1

F - S (%) *Sebastian’s 97.0 96.0 --
Chen’s 77.8 77.8 67.8
Ours 96.7 98.9 94.2

5= v (%) *Sebastian’s -- - -
Chen’s 77.8 83.3 81.0
Ours 96.7 100 96.3

=T (%) *Sebastian’s 100 100 -
Chen’s 77.8 91.7 83.9
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Database V8 T Fomne Ch) ¥omvH Ch) REEvH Ch)
Train Test Train Test Train Test
Round1 100 94.44 100 94.44 100 94.44
Round2 100 83.33 100 88.89 100 88.89
99 shapes Round3 100 94.44 100 100 100 100
Round4 100 83.33 100 100 100 100
Round5 100 94.44 100 100 100 100
Average | 100 90.00 100 96.67 100 96.67
Round1 100 100 100 100 100 100
Round2 100 97.22 100 100 100 100
Round3 100 97.22 100 100 100 100
216 shapes
Round4 100 94.44 100 97.22 100 100
Round5 100 94.44 100 97.22 100 100
Average | 100 96.66 100 98.89 100 100.00
Roundl | 96.28 84.91 99.76 93.87 100 95.75
Round2 | 96.88 83.49 99.88 94.34 100 96.70
1045 Round3 | 96.88 83.49 99.88 94.34 100 96.70
shapes Round4 | 96.28 84.91 99.76 93.87 100 95.75
Round5 | 96.88 83.49 99.88 94.34 100 96.70
Average | 96.64 84.06 99.83 94.15 100 96.32
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