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ABSTRACT: Elastodynamic models are used for real-time simulation of deformable objects in virtual reality applica-
tions. To obtain arealistic simulation, the physical parameters of the model must be defined appropriately. Further-
more, the usability of elastodynamic models in virtual reality applications depends on the used simulation algorithm
to a great part, since interactions with the simulated object have to be done in real-time. In this paper we present a
learning algorithm which determines the parameters of a spring-mass model. The algorithm is based on a recurrent
neural network and can be initialized by use of afuzzy system. The presented algorithm uses the positions of specific
object points during discrete time steps to learn the required parameters. The time series data for learning can be
derived, for example, by atime dependent optical measurement of an object under influence of external forces.

KEYWORDS: system identification, recurrent network, neuro-fuzzy, spring-mass model, virtual reality.

MOTIVATION

Nowadays computer assisted surgery is aready used for procedure training and operation planning [2]. Most of the
utilized methods are based on static visualization techniques. To improve the benefit for surgical training a visual
convincing static modeling of the operation scenario and the involved tissues is not sufficient, because tissues can be
deformed at contact and transections can be made [21]. Especially for the interaction with medical devices, such as
laparoscopic instruments, it is necessary to simulate the deformation of tissue under the influence of collision forces.
Of course, this has to be donein rea-time. To fulfill these requirements, spring-mass models [3][22] can be used.

To simulate deformable tissues in surgical simulation, traditional deformation models, e.g. based on the (exact) com-
putation of differential equations, are difficult to use, since often a model of the physical system can not be obtained
by conventional approaches. This can be caused by problems in constructing a system of differential equations and
(most often) in finding the required parameters. Furthermore, the simulation of such a model description is usually
very time-consuming and the use in real time applicationsisimpossible. A further problem is that even small or local
changes of the model structure often require a rebuild of the whole model. Some approaches try to resolve these
problems by pre-processing elementary deformations (see, for example, [1]). However, thisis usually very time con-
suming for complex objects.

Different approaches use artificial neural networks to train and simulate the behavior of physics-based model struc-
tures (e.g. [4]). These approaches have the disadvantage that incisions could not be made during the simulation proc-
ess, which is necessary for the simulation of surgical training procedures. Besides the neural networks have to be
trained off-line by use of observation data of physics based models, even if some expert knowledge about the physi-
cal model is available. Another approach to solve some of the problems mentioned above is the use of neuro-fuzzy
systems.



SIMULATION USING NEURO-FUZZY SYSTEMS

Neuro-fuzzy systems combines the capabilities of neural networks (e.g. the ability to learn) and fuzzy systems (e.g.
interpretability) [7][16]. In [12] we proposed a simulation model, which was motivated by a combination of a fuzzy

system and an artificial (recurrent) neural network, a so-called hybrid neuro-fuzzy system. The fuzzy system enables

the definition of system parameters by use of prior expert knowledge. To define the visual response of the tissue’s
model, for example, medical terms can be used [14].

In this paper we present an appropriate learning algorithm for our model. The algorithm uses the positions of specific
object points during discrete time steps to learn the required physical parameters. The time series data for learning
can be derived, for example, by a time dependent optical measurement of an object under influence of external
forces. So, the sometimes unconvincing (biological) realism of manual defined spring-mass models [1] can be re-
solved.

VECTORIZED NEURAL NETWORKS

A vectorization of a (feedforward or recurrent) neural network can be done by replacing the (scalar) processing ele-
ments of conventional networks (net input functia, transfer functiorf and output functiom) by ‘vector proc-

essing’ units and by vectorizing the connections between the neurons. The weights of the network remain scalars.
The propagation process in such networks can be done in the same way as in conventional (feedforward or recurrent)
neural networks. Also, existing learning procedures can be used to train them, since the principle structure, data flow
and processing remain unchanged. An example of a modified learning algorithm for a vectorized recurrent network

to which we will refer in the description of the learning algorithm for the spring-mass maslgiresented in the
following.

The vectorization of a network can be useful to simplify the representation of specific problems. For example, if
multiple inputs should be jointly processed, e.g. the weights should be modified accordingly, or if vector operations,
e.g. scalar products, are needed. Vectorized networks can be transferred into conventional scalar networks if they do
not use any specific vector operations. This can be done by creating a copy of each neuron and its connections —
which must share the same weight (even during learning) — for every dimension.

VECTORIZED BPTT.

A popular learning method for recurrent neural networks is backpropagatiamlthtine (BPTT) [17][18]. The

main idea of this method is to transfer the recurrent network into a feedforward network by unfolding it in time [6].
Then, a conventional backpropagation learning method can be applied. The vectorized version of this algorithm can
be described as follows. The propagation function of a vectorized network, can be defined as

0, (t) = f(net, (1)) = f(za, (t)w, +ext, (t)) (2.1)

where 0, (t) is the output of neurgnat timet and ext; (t) the (external) input to the neuron (if any).

Let E be the total error, respectively the cost function to be minimized, of all output neurons k over all time steps
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be an error measure for node k. Then the error gradient can be derived as usual by defining
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The error signaé(t) for every neuron can be defined as
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It should be noted, that the only difference to the standard BPTT algorithm is the use of the scalar product in equa-
tions (2.2), (2.6) and (2.7). Thus, for example, the error rate Jt) depends on the vector component of the local error
vector in direction to the vector of the local gradient of the transfer functionf.

THE SPRING-MASS MODEL NETWORK

The network is defined analogous to the construction of a physical spring-mass model [22]: According to a physical

3D spring-mass mesh, groups of neurons calculating the spring dynamic are connected to groups of neurons calcu-
lating the mass node dynamic (see [8]). In the following, the structure of the recurrent neural network is defined
dlightly different from the definition in [8] to simplify the derivation of the learning a gorithm.

The group of ‘node-neurons’ consists of three neurons: The ‘position-neuron’ calculates the positibe as-
signed node based on its current position and its velocity, the ‘velocity-neuron’ calculates the wolas#gt on the
nodes velocity and its acceleration and the ‘acceleration-neuron’, which calculates the nodes aceelerstidron

the forces of the connected springs and external forces.t\ighthe time constant for the simulation, these neurons
are defined as:

0, (t) = f,(net (1)) =t.0,(t) +0,(t 1) (3.1)
0,(t) = , (nét, (1)) =10, (1) +0,(t-1) (32)
0, (1) = T, (nét, (1) = w,, (5 woy, (1) +ext (1) (3.3)

whereo;, is the force of the connected springy defines the direction of the force (see Figurend)= m* andm is

the mass of the node, aexi; is an external force applied to the node.

The group of ‘spring-neurons’ consists of three neurons: The ‘position-force-neuron’ calculates the static spring
force s based on the positions of the connected nodes, the ‘viscosity-neuron’ calculates the spring wisassity

on the relative velocities of the connected nodes and the ‘force-neuron’, which combines these forces to a single out-
put forcef of the spring. These neurons are defined as:

o, (t) = f, (net, (t)) = 0, (t) + 5,0, (t) (3.4)
0, (t) = f (net (1)) = f,(0, () -0, (1)) (3.5)
o, (t) = f.(net. () = f. (0, (t) -0, (1) (3.6)

wherec; defines the physical spring constagthe viscosity constant, arfid fs the spring- and viscosity functions of

the spring. Connected groups of two node-neurons and one spring-neuron are depicted in Figure 1.

(Remark: The transfer functions in (3.5) and (3.6) are more complex and could be implemented by networks with
multiplicative connections (see, for example, [11]). Since these functions are not needed for the derivation of the
learning algorithm, we omit it for simplification.)



Figure 1. Two nodes (i and k) connected by a spring (j)

LEARNING CONSIDERATIONS

The main problem of the propagation process [13] and especially a probable learning algorithm is the large number

of time steps between two attractors of the network (when the external forces and the internal forces are compensat-

ing each other). Furthermore, it must be possible to learn by use of time series data, which is obtained by changing

external forces, e.g. data obtained by an optical measurement of a deformable object under influence of a continu-

ously increasing external force. Thus — the very efficient learning algorithm — backpropagation through time (BPTT)
[17][18], cannot be used. A further problem of this learning method is that the (position) error of each node can in-
crease drastically over the — in most cases very long — time sequences, even if the network parameters (e.g. spring
constants) are only slightly different from the ‘required’ settings. Thus, the total error obtained from the output of the
‘unfolded’ network cannot be used for efficient learning.

Likewise, the use of (offline) real-time recurrent learning (RTRL) [23] is not recommended due to the problems
mentioned above. The online variant with ‘teacher forcing’ [23] seems to be more appropriate. This learning method
modifies the weights of the network after each time step and sets the ayifpaf a node k to the desired output

p«(t), if available, after the derivation of the erkg(t). Thus, the network is ‘teached’ to join the targets. The inten-

tion is to follow the trajectories of the nodes more exactly. Nevertheless, training the network by this method is very
time consuming, since the time delay between the modification of the weights (respectively masses, viscosity and
spring constants) and the output of the relevant position neurons can be very large.

Schmidhuber presented a combination of RTRL- and BPTT-like learning [19]. The idea of this algorithm was to
split the learning process in blocks consisting of n-time steps. Every block is trained by a combined BPTT/RTRL
method starting at time step After training of the first block, the process starts over with the next block until the

end of the time sequence is reached. Unfortunately, all of these gradient based learning methods have difficulties to
learn if the time delay between an input and the required response is very high [20]. This is caused by the exponen-
tional diminishing of the error signal during backpropagation. The specific structure of the considered network
shows quite well one problem in learning: If there is a large error at the final tim&, Stegan be useless to start
backpropagation at this time step, since the (relative and absolute) error of the positions can lead to unusable error
values. This can result in a divergence of the learning method or, in a less worse case, in an undesired change of the
weights. Sometimes, this can be compensated by a very low learning rate, but then resulting in a bad performance.
For these reasons we tried to combine the advantages of the above mentioned learning methods with a problem spe-
cific learning algorithm for the considered network structure.

THE LEARNING ALGORITHM

The goal of the learning method is to derive the parameters of the physical spring-mass model, tng mrEsses
constants; ands. Therefore, the learning algorithm just modifies the weights defined by these constants during
learning.

Due to the considerations mentioned above, the presented learning algorithm performs a single backpropagation step
in time after propagation of each time step, and modifies the weigtifferent to the BPTT algorithm immedi-

ately. To prevent a gredeviation from the required positions a ‘teacher forcing’ strategy is used: After a fixed
number of time steps, the outpoigt) (respectively the activations) of the ‘position-neurons’ are set to the required
valuesp(t).

The learning algorithm uses the error function defined by equations (2.2) and (2.3)omMt)esethe position of

nodek andpy(t) the position of the nodein the exact physical model at time-stefhus, an error is only defined

for the ‘position-neurons’ in the group of ‘node-neurons’. According to the gradient-descent method, the error rates
for the respective neurons are derived as follows (see also equations (2.5) and (2.6)).



Let p(t) be the desired output at time t for a ‘position-neuronp, then the error raté,(t) is defined as:
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With equation (3.9) the weight-gradient fay, can be defined as
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with 17, be a learning rate. The error rates for the adaption of the spring constant can be obtained in the same way:
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With equation (3.3) we obtain
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With (3.14) the weight-gradients for the spring consteqisds; can be defined:
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Wherer is a learning rate. The error rates for the ‘static-force-neurons’ are defined as:
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The error rates for the ‘viscosity-neurons’ are obtained in the same way, therefore we define:
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S(t) is defined as

5=y 8.0+ o) (3.21)
The learning a gorithm adapts the weights by use of equations (3.10), (3.15), and (3.16) for every node. If thereis no
time series data p(t) for an (inner) node available, the error is propagated back from the spring neurons by use of

equations (3.18) and (3.21). Then the calculation of the error rate of the ‘position-neuron’ (equation (3.7)) is re-
placed by

3,)=3 .M+ 3. (3.22)

A pseudocode description of the algorithm is presented in Figure 2.

reset iteration counter;
do
fort:=1to T
reset time step counter;
propagate net for one time step;
derive error E(t);
derive error rates &
derive weight gradients Aw;
modify weights;
if time step counter > teacher forcing limit then
set node positions to required positions p(t);
end;
end;
increment iteration counter,;
until (error is sufficiently small
or max. number of iterations is reached)

Figure 2. Learning algorithm for spring-mass model network

If the object, which has to be simulated, is consisting of homogenous material and the network structure was suitably
defined, all spring constants &nds) can be learned jointly. Thus, the performance and the stability of the learning
algorithm can be improved to a great part. Even areas of the same material can be jointly processed, by slight modi-
fications of the algorithm. Furthermore, in many cases, the masisthe nodes can be predefined, by just dividing

up the total mass of the object between the mass nodes of the network.

EXAMPLE

To demonstrate the usability of the presented algorithm we used a very simple but typical measurement problem: An
object is deformed over a period of time by a constant external force.

As object we simulated a simple cube with diagonal springs, consisting of 27 nodes and 86 springs (see

Figure 3) with predefined ‘physical’ parameters for the masses and springs. The bottom nodes of the cube were fixed
to the ground during simulation. To the external node in the center of the top layer a constant force was applied. The
deformation of the object was simulated for a period of 250 time steps. After this period, the object’'s nodes rest in a
final position— an attractor or energy minimum. The positions of the nodes on the discrete time steps were stored as
learning data.

After this generation of test data the learning process was started. For the first sample the mass, spring and viscosity
constants were randomly chosen in an interval defined by [0.2x, 5x] around the original settings x. The algorithms
was initialized with a learning ratg= 0.01 for the spring constantsands, and/;,= 0.1 for the mass constamts

A ‘teacher forcing’ limit of ten iteration steps was chosen. The algorithm was terminated after 100 learning cycles
(each cycle is a complete propagation through time) with an error E = 1.21. The error after each training cycle is
depicted in

Figure 4. As expected, due to the low amount of (different) training data, the algorithm did not retrieve the ‘physical’
parameters of the model. The resulting constants deftnisgandm were still spread around their ‘exact’ settings.

This can lead to an undesired behavior of the object in ‘untrained’ situations.

The second example was initialized as above, but with a learning rgte @fL for the spring constants. Further-

more, the masses were predefined and not modified during learning. The algorithm was again terminated after 100
learning cycles, with an achieved error E = 0,033. The error after each training cycle is depicted in

Figure 4. Again, the algorithm did not retrieve the ‘physical’ parameters of the model. The resulting constants were
still spread around their ‘exact’ settings.



In the last example we learned the spring constants ¢ and s jointly for al springs. The algorithm was initialized as
above, but the masses were predefined and an offset was added to the spring and mass constants to prevent an acci-
dental parameter match. The algorithm was again terminated after 100 learning cycles. The agorithm achieved an
error of E = 0,138. Thisis dightly higher than in the other examples. The error after each training cycle is depicted
in

Figure 4. In this case the algorithm was able to retrieve the physical parameters of the model, with an error of about
less than 0.1%.
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Figure 3. Elastic cube used for learning Figure 4. Learning example: Error E

CONCLUSIONS

By use of the learning algorithm, measured data (e.g. derived from an optical measurement of a deformable solid)

can be used to derive the parameters of spring-mass models. Furthermore, the learning process can be initialized by

use of prior knowledge based on ‘real’ physical parameters or parameters defined by Ehastadnamic Shape

Modeler [14]. Since the existing propagation algorithms for these types of networks can be used in real time applica-
tions, the resulting network can be used to simulate objects in virtual environments.

It should be noted, that the ‘physical’ parameters achieved by use of the presented algorithm, need not match the
parameters of the physical model, if there is not enough training data with different deformations available. In this
case the algorithm may derive a combination of parameters, which follows the same (trained) trajectory, but result in
different inner forces. Nevertheless, since the main objective of this algorithm is to find a combination of parameters
resulting in a visual convincing simulation of the object, ‘exact’ modeling is not necessary. To improve the learning
performance, known homogenous areas should share the same parameters and if the masses of the nodes are known,
they should be used to set the mass constants fixed. So, the algorithm is able to derive a more 'exact’ model.

As presented, the learning algorithm can be used to derive the parameters of spring-mass models to obtain a visual
convincing real-time simulation in virtual reality applications. The simulation model is already be used in different
simulators for minimally invasive surgery in gynaecology [13] and neurosurgery [5][15] (see also Figure 5). Since
the deformation behavior of tissues is inhomogeneous, the parameter adaption of the simulating model is very im-
portant. First approximations of the parameters can be obtained using surface deformation data of organs, which are
already removed from the body. However, these organs have different deformation behaviors because they are not
supplied with blood. Nevertheless, real time deformation data of living tissue can be obtained by open MR-
tomography or with real-time 3D sonography. With these data, the learning algorithm can be used to improve today’s
surgical simulators.

Figure 5. Virtual deformation of the ventricular system in the human brain
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