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Abstract

Measured sensor datum from a quadruped robotics is commonly used for recognizing physical
environment information which controls the posture of robotics. We can advance the ambulation with this
sensed information and need to synthesize various sensors for obtaining accurate data, but most of these
sensors are expensive and require excessive load for the operation. Those defects can be serious problem
when it comes to the prototype's practicality and mass production, and maintenance of the system. This paper
suggests virtual sensor technology for avoiding previous defects and presents ways to apply a theory to a
walking robotics through virtual sensor information which is trained with several kinds of actual sensor
information from the prototype system; the general algorithm is initially based on the neural network theory
of back propagation. In specific, we verified a possibility of replacing the virtual sensor with the actual one

through a reaction force measurement experiment.
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Fig.1 Quadruped robot for virtual sensor experiment
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Table 1 A]~¥l A}ok

Issue Unit Quantity
Body Dimension mm 135x340x80
Leg Dimension (1, 1,) mm 120, 155
Standing Height mm 305.4
Weight kg 3.7
Gait period (1 cycle) Sec 2.0
Stride mm 60
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Fig.2 Basic configuration of CQR-II
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Fig.3 Experiment system conceptual
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(a) Reaction force (4-Leg, Fore leg, Mud)
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(b) Reaction force (4-Leg, Rear leg, Mud)
Fig.5 Reaction force measurement experiment through
a walking in rough terrain (4-Leg)
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Fig.6 1-leg walking experiment on rough terrain using
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Fig.7 Reaction force measurement experiment through
a walking in rough terrain (4-Leg)
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(b) Multi layer perceptron schematic
Fig.8 General multi layer perceptron conceptual
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Fig.9 Measured value and estimation through the force
sensor, virtual sensor
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