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Shape Estimation of Elastic Object
by Partial Observation with Neural Network
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Abstract: In this study, we estimated the deformation of three-dimensional elastic body simulating the
deformation in the computer, assuming the situation of gripping organs with forceps and applying force to
deform in endoscopic surgery. Under the condition where the initial shape is known, we prepared data of
elastic body shape deformed by changing the direction and magnitude of force applied to the contact point
about 8,500 times with high accuracy by nonlinear finite element method over time. The relationship between
the displacement from the initial shape at the partial observation point and that of the non-observation point
of the entire elastic body was learned by the neural network. We showed that the total displacement can be
estimated from a very small part observation by applying the learned neural network to the new deformation.
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Fig. 1 Newral network with input and output layers and two

hidden layers

N

Nu

3 Nu × 3

1 M4

3.3

4.

4.1

2

10 cm 2 cm 2 cm

1 cm

1.0 MPa 0.40

99 2 9

3

4.2

2

3

8 cm × 8 cm × 4 cm

3

x y z

2 mm 8851

2:

Fig. 2 Elastic object represented by tetrahedral mesh
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Fig. 3 Target area of forced displacement for data sampling
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Fig. 4 RMSE corresponding to hidden layer size
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Fig. 5 Cost function and RMSE corresponding to iteration
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Fig. 6 Cost function and RMSE corresponding to iteration
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Fig. 7 Local position error on estimated shape

1

2

4

8

10
73

6 9

5

8:

Fig. 8 The order of observed points
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