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Feature Extraction and Classification Algorithm Based on Ground Reaction Force
for Terrain Classification of a Walking Robot
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2. 1-Leg Platform
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Fig. 1 1-Leg Platform for Experiment
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Table 1 Specification of 1-Leg Platform

Issue Unit Quantity

LO 0.14

L1 M 0.33

L2 0.37
Weight Kg 145

Gait period

(1 cycle) Sec 15
Stride M 0.66

Motor sensor : 3

gg#slgfsed Torque sensor : 3
Load cell : 1

Material Aluminum

D.O.F 3+2(Passive joint)
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3. PCA(Principle Component Analysis)
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4. SVM(Support Vector Machine)
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Fig. 2 Margin of Hyperplanes
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Fig. 3 Standard Data of Four Terrain
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Fig. 4 Value Projected on Flat, Sand, Gravel Standard Data
2)SVM(Support Vector Machine)
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Table 2 Result of Classification Using SVM Algorithm (%)

Flat Sand Gravel Grass  Average
Flat 80 20 0 0 .
Sand 15 65 0 20 .
Gravel 0 0 90 10 .
Grass 0 40 0 60 .
Success Rate 80 65 90 60 73.75
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