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Abstract. In the recent past, data-driven approaches have gained im-
portance for modeling and rendering of haptic properties of deformable
objects. In this paper, we propose a new data-driven approach based
on a well known machine learning technique: random forest. We train
the random forest for regression for estimating the input-output map-
ping between discrete-time interaction data (position/displacement and
force) collected on a homogeneous deformable object. Unlike currently
existing data-driven approaches, we use at most 1% of the recorded inter-
action data for the training of the random forest. Even then, the trained
random forest model reproduces all the interactions used for the train-
ing with a good accuracy. This also provides promising results on unseen
data. When employed for haptic rendering, the model estimates smooth
and stable interaction forces at an update rate more than 650 Hz.

Keywords: Viscoelasticity · Haptic modeling and rendering · Random
forest.

1 Introduction

In the recent past, data-driven techniques have gained importance for model-
ing and rendering of viscoelastic deformable objects [2, 3]. Here non-parametric
input-output mapping models are trained using measured discrete-time inter-
action data (position, velocity, acceleration, and force) and machine learning
approaches. In [3, 4], viscoelastic response of a deformable object is estimated
using Radial Basis Functions (RBFs) trained on the measured data. In [6], Yim
et al. extend this approach to inhomogeneous materials. The currently existing
RBF-based approach quickly become computationally intractable when used on
large datasets. In the very recent work [5], Matthias’s group has tried to address
this problem. They have proposed a method for reducing the size of discrete-
time dataset. Firstly, a low-dimensional compact feature space is generated in
the frequency domain. Next, this feature space is used to reduce the size of
the original discrete-time dataset with the help of feature-based learning. The
reduced discrete-time dataset is used for training the RBFs.
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In this work, we propose a new data-driven approach based on random
forests, for modeling and rendering of the viscoelastic behavior of deformable
objects. The proposed approach is capable of handling large datasets, unlike
RBF-based approach. We train the random forest for regression estimating
the relationship between the measured position (input data) and the response
force (output data) signals. We acquire discrete-time interaction data (posi-
tion/displacement and force) from many automated pushing interactions on a
deformable object. Unlike the currently existing approach (the RBFs), we con-
sider at most 1% of the measured data for training of the random forest. Even
then, the trained forest model reproduces all the interactions used for the train-
ing with a good accuracy. On unseen data, the performance of the model is also
promising. Subsequently, we employ the trained model for haptic rendering, and
realize smooth and stable interactions in a virtual environment. In summary, our
proposed approach for modeling and rendering is very simple and quite efficient
in handling large datasets.

Fig. 1: Data acquisition setup.

2 Data Acquisition

In this section, we define our setup for collecting position and force response
data of a viscoelastic deformable object. We fabricate one homogeneous de-
formable object by mixing Smooth-On-Ecoflex 0030 part A and B with Smooth-
On-Silicone thinner in the ratio of 1:1:0. In the setup, a S-type load cell (DBCM-
2 Kg- Bongshin) is attached to the tip of a force feedback device (PHANToM
Premium 1.5 HF, 3D Systems, Inc.) as shown in Fig. 1. The position data is
collected by the sensors of the force feedback device, and the response force data
is measured by the load cell, which is further connected to a data acquisition
card (DAQ PCI-6220, National Instrument, Inc.). Sampling rates of both the
device and the load cell are 2 kHz.

We use an automated approach for data acquisition, and collect the discrete-
time interaction data for many pushing interactions at one point of the silicone
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(away from the boundary points as shown in the Fig. 1). In the automated
approach, tip of the device might be controlled in two ways: position or force
controlled. In this paper, a force controlled approach is adopted. A force control
signal is commanded to the tip of the force feedback device. In response to this
control signal, the position and response force signals are measured from the
force feedback device and the load cell, respectively.

We collect the data using two types of force control signals: ramp and creep. A
ramp control signal, as the name suggests, linearly increases with a certain slope
S1 (N/s) till it reaches a target force level F , then it decreases linearly with an-
other slope S2 (N/s) and drops down to zero. The rising slope S1 randomly picks
values from a set A = {1/10, 2/10, 3/10, 4/10, 5/10, 6/10, 7/10, 8/10, 9/10, 10/10,
10/9, 10/8, 10/7, 10/6, 10/5, 10/4, 10/3, 10/2, 10/1}. And, the falling slope S2 also
picks the value from the same set with a negative sign. The target force level
F is an integer chosen from 3 to 10 N. We collect the data for more than 100
such ramp control signals. Another force control signal takes a constant target
value C for a certain time T , and zero for rest of the time. This kind of signal is
used for a creep test of a viscoelastic object, thus we name this control signal a
creep control signal. The constant C takes the values similar to the target force
level F in the ramp signal, and T takes integer values from 2 to 5 seconds. The
creep control signal attains its constant target value in 0.1 second. We collect
the position and force response data for 20 such creep control signals. In Fig. 2a
and 2b, we show the measured position and response forces for a typical ramp
and creep control signal, respectively. Here onwards, the data measured by both
control signals are referred to as the ramp and creep data.
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Fig. 2: Measured position and response force signals for a typical (a) ramp and
(b) creep force signals.

3 Random Forest Regression Modeling

Having collected the data for a silicone object during a pushing interaction, we
aim for finding a non-parametric input-output relationship between the position
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and response force. For the purpose, we employ a well known non-parametric
machine learning technique: random forests [1]. Here we use the random forest for
regression, not for classification. A random forest consists of many decision trees,
and the results of the trees are averaged to find the final outcome for a regression
problem. Random forest is known to be free from over-fitting of the data, and
is capable of handling a large number of input attributes (both numerical and
categorical). In addition, it has many other advantages like handling of missing
values and outliers.

In literature, the viscoelastic behavior is mathematically represented by a
spring and a damper element. Thus, the response force is a function of both
position and velocity. In [3, 6], both position and velocity values are used in the
input feature vector for training the RBFs. Here in this work, we use the current
and past two position samples for input features (sampling rate= 2 kHz, thus
past 1 ms position information), and the response force for output. In other
words, instead of using direct velocity information in the feature vector, we
consider past 1 ms position information for modeling damping behavior of the
viscoelastic material. If Pz[n] be the nth position sample along Z axis, the nth

input feature vector is defined as

I[n] = {Pz[n], Pz[n− 1], Pz[n− 2]} (1)

If the measured force along Z axis is denoted as Fz, then the random forest is
trained on (I[n], Fz[n]) pair.

As mentioned in the previous section, we have collected two types of data:
ramp and creep. A ramp type of data has been used for training the forest.
Ramp data consists of more than 100 discrete-time interactions (position/force).
We generate the input feature vector for each such interaction, and stack them
together. In this way, we get the overall input/output feature vector of length
more than six millions. For training the random forest, we randomly pick only
N number of instances from the overall feature vector. This random sampling
ensures that the training data has samples from different kinds of ramp type
interactions (different slopes, and different amplitudes), so the trained model
should be able to generalize the results on unseen signals. We train the random
forest (100 decision trees) with different values of N : 2,000, 5,000, 10,000, 20,000,
30,000, 40,000, 50,000 and 100,000 (i.e, at most 1 % of the overall feature vector).
To observe the effect of training size N on the modeling, we test the trained
random forest model on one typical ramp interaction, and compute the sum
of squared error (SSE) between the predicted and the measured response. In
Fig. 4a, the SSE is plotted against the training size N . As expectedly, the SSE
decreases as the N increases. However, the modeling time and the size of the
trained model also get increased with a more number of training samples. In
addition, the size of the trained model has an inverse relationship with the
haptic rendering update rate (explained in the next section). Thus, there is a
trade-off between the modeling accuracy and the update rate.

Next, we check the performance of the trained random forest model. Note
that the model is trained on randomly chosen samples of the ramp signals,
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Fig. 3: Force responses predicted by random forest modeling with 20,000 train-
ing samples: (a)-(b) and (c)-(d) are for ramp and creep data, respectively. Left
column: high range of force; Right column: low range of force.

not on a complete one ramp kind of interaction. Thus, firstly we check how
accurately the model reproduces ramp interactions. Fig. 3 shows the response
forces predicted by the model trained on 20,000 training samples. We observe
that the model reproduces all the ramp interactions with a good accuracy as
shown in Fig. 3a and 3b, irrespective of slopes (S1 and S2) and target force (F ).
However, the predicted responses has some noise, but that can easily be filtered
out. The model also predicts creep interactions (unseen data) quite accurately
as shown in Fig. 3c and 3d, irrespective of the values of C and T . Thus, our
random forest based modeling provides promising results.

4 Rendering

Next, we employ the trained forest model for haptic rendering a virtual envi-
ronment. When interacting with the virtual environment (pushing interaction),
we get a resulting force computed by the trained model. Fig. 4b plots the force
update rate against the training size of the model. The update rate shows a
decreasing trend as the training size increases, showing a trade-off between the
modeling accuracy and the update rate. However, in this paper, we have not eval-
uated the rendering performance by a subjective experiment, but by our own
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Fig. 4: Measured position and response force signals for a typical (a) ramp and
(b) creep controlled force signals.

experience, the model trained on 20,000 samples provides smooth and stable
interaction forces.

5 Conclusion

In this paper, we have provided preliminary results of random forest based mod-
eling and rendering of the viscoelasticity of a deformable object. The results
of our approach are very promising, both for modeling and rendering. This ap-
proach is capable of handling large datasets as we need at most 1% of the overall
feature vector for training the random forest. In this paper, we have tested the
approach only on one object. In future, we will test the approach on different
deformable objects. Extending this approach to inhomogeneous objects is also
in our pipeline. We would also like to include more past position information for
modeling the object, and check how the modeling and rendering performances
are affected by this.
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