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Design of Fully Controllable and Continuous
Programmable Surface Based on Machine Learning

Jue Wang

Abstract—Programmable surfaces (PSs) consist of a 2D array
of actuators that can deform in the third dimension, providing the
ability to create continuous 3D profiles. Discrete PSs can be realized
using an array of independent solid linear actuators. Continuous
PSs consist of actuators that are mechanically coupled, providing
deformation states that are more similar to real surfaces with
reduced complexity of the control electronics. However, continuous
PSs have been limited in size by the lack of the control systems re-
quired to take into account the complex internal coupling between
actuators in the array. In this work, we computationally explore
the deformation of a fully continuous PS with 81 independent
actuation pixels based on ionic bending actuator. We establish a
control strategy using machine learning (ML) regression models.
Both forward and inverse control are achieved based on the training
datasets which are derived from the finite element analysis (FEA)
data of our PS. The prediction of surface deformation achieved by
forward control with accuracy under 1% is 15000 times faster than
FEM. And the real-time inverse control of continuous PSs that is to
reproduce any arbitrary pre-defined surfaces, which possess high
practical value for tactile display or human-machine interactive
devices, is first proposed in the letter.

Index Terms—Soft robot applications, Al-based methods,
machine learning for robot control.

1. INTRODUCTION

HE original concept of programmable surface (PS) first
T occurred in Ivan Sutherland’s article which was depicted
as ‘Ultimate Display’. [1] With further research in this field, the
programmable surface is defined as a tactile display interface that
creates and updates physical shapes, with the ability to interact
with objects via the variation of the physical shape of the surface
itself. It has wide prospects for applications in human-computer
interaction devices and graphic display.

Shape morphing describes the process of transitioning be-
tween 3D shapes driven by the design of the materials or struc-
ture of the system. Shape morphing between two specific shapes
can be accomplished by locally tailoring the response of a struc-
ture to an external stimulus. For example, locally programming
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the orientation of ferromagnetic domains achieves tailorable
local curvatures in response to a magnetic field. Encoding of
magnetic domains has been achieved using applied magnetic
fields at the nozzle of a 3D printer [2] and direct laser writing [3]
in a sheet of magnetic soft composite. To tailor the response
of materials to electric fields, the local mechanical properties
can be programmed using 3D printed stiff fibers [4] or uniaxial
alignment of polymer chains using light exposure [5]. These
examples illustrate the versatility of shape morphing strategies
based on local programming of materials properties. However,
these structures, once programmed, can only distort into one
shape. Localized on-demand actuation is necessary to allow
morphing into an infinite number of shapes.

For PS, the individual actuation of each pixel is critical
to achieving the “programmable” characteristic. They can be
divided into two categories: discrete and continuous surfaces.
Discrete surfaces consist of a matrix of linear actuators that
control the height of each pixel independently. This concept was
first proposed by Hirota et al. in 1993. They use a 4 x 4 matrix
linear actuator to form random surface [6]. After that, many
prototypes, such as FEELEX [7], Relief [8] and inFORM [9]
have been developed with higher accuracy (more actuators) and
more complex applications. The actuator mechanism also varies
from traditional motor to pneumatic linear actuator [10], [11],
SMA [12] and DEAs [13]. The control algorithms for these
systems are simple because of the independent control of each
pixel. However, the matrix of linear actuators takes up a lot of
space and the individual control of each actuator requires a large
control system. Hence, discrete PSs are difficult to incorporate
into wearable devices or other micro-devices. In addition, the
precision of such programmable surfaces depends on the number
of actuators.

Continuous PSs consist of arrays of coupled actuators. While
discrete PSs consist of linear actuators that are perpendicular
to the surface, continuous PSs can be created using linear or
bending actuators that are oriented in the plane of the surface.
Coelho et al. presented the most basic continuous PS with four
independent SMA actuators which made up a square. [14] A soft
robotic surface driven by pneumatic bending actuators which
was able to achieve several basic surfaces was proposed by
Chen et al. [15] Liu et al. developed a continuous PS driven by
grid of bending actuators driven by heat-responsive LCEs with
stretchable heating coils. [16] Even though the aforementioned
continuous PSs possess higher accuracy theoretically, current
examples can achieve a limited number of patterns due to
the small number of actuators and the undiscovered complex
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Fig. 1. The deformation principle of square PPy actuator.

internal coupling. As the number of pixels in a continuous
PS increases, the control algorithms will become a limiting
factor.

Unlike discrete PSs, in which the height value of each pixel
can be independently controlled, the analytical algorithms for
controlling continuous PSs are difficult to derive due to implicit
couplings between pixels [17]. Thus, inspired by I. M. Van
Merbeek’s work [18], which used ML algorithms to reveal the
internal relationship of passive matrix sensors, we use ML to
analyze the complicated internal coupling of a matrix of bending
actuators.

Hence, in this letter, given that discrete PSs have limited
accuracy and shape-morphing robots and current continuous
programmable surfaces cannot be fully controlled, we propose
an approach based on ML to control a continuous PS with
81 pixels. The whole mechanism only has four fixed vertices
as the boundary conditions. Thus, how the deformation of one
pixel will affect the other pixels around it cannot be calculated
by an analytical model, and the finite element analysis (FEA)
simulation is time-consuming for online control. Hence, several
ML regression models are used to predict the deformation both
forwardly and inversely where the training datasets are derived
from the FEA simulation. The performance illustrates that both
forward and inverse control can be achieved in real-time with
high precision.

The key novel contributions are summarized as follows:

e This is the first proposed continuous PS that can be fully
controlled, since the complex internal coupling between
each actuator in matrix is determined through ML algo-
rithms.

® The forward control demonstration shows that the ML-
based control system is able to predict the deformation
of complicated surfaces online with high accuracy. In con-
trast, similar studies can only form some simple pre-defined
surfaces.

e The inverse control demonstrations show that any arbitrary
surface can be reproduced, which suggests potential value
in tactile displays and human-machine interactive devices.

II. MECHANISM AND METHOD
A. Actuator Mechanism

We base our continuous PS simulations on the deformation
mechanism of ionic electro-active polymer actuators (IEAPAs)
due to their compatibility with bending actuator geometries.
IEAPAS convert electrical inputs into mechanical deformation.
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The electric field causes a movement of ions, which induces
movement of the solvent and consequent swelling or contraction
in the membrane or electrodes. This ionic polarization provides
large bending displacement at low voltages. [19], [20] However,
low force and the requirement of encapsulation or protective
layer in the open air conditions [21] limit its application fields.

In this work, we develop our FEM model based on the
actuation mechanism of polypyrrole (PPy) actuators which can
deform to both sides. The principle of PPy actuator is shown in
Fig. 1. The function of the middle layer, Polyvinylidene Fluoride
(PVDF), is to insulate both sides of the film while absorbing and
storing electrolyte. When there is a potential difference between
the two sides of PPy, the electrochemical reaction between
the PPy and electrolyte inside the PVDF on the anode and
cathode causes the migration of anions and cations, which can
generate volume change on both sides.

As shown in Fig. 2, the mechanism we simulated possess
laminated structure with 3 layers. But when fabricating the
practical prototype, it can be beneficial to include a gold layer to
increase the conductivity and enable electrochemical deposition
of PPy. [22] To simplify the control system and the structure,
passive matrix addressing can be applied for actuator matrix. In
the middle of Fig. 2, the input voltage can be applied directly on
the edge of top and bottom PPy layer. Since the ionic actuators
require a closed-loop circuit, the line input should have the
common ground wire. In this way, each active area can be driven
independently with the potential difference of two inputs. For
example, to drive a particular pixel, the corresponding cross of
top and bottom PPy strips should be activated. By using passive
matrix addressing, independent control of each pixel can be
realized. In addition, there is no need to connect the wires to
each active area, which will have a great influence on the control
accuracy since the actuation force of the PPy actuator is small.
However, in a passive matrix, crosstalk must be considered,
which will be discussed in the Section IV In this case, there
are 9 horizontal and 9 longitudinal strips of PPy on either side
of the ionic dielectric. These crossed layers form 9 x 9 active
pixels. In our simulation work, we treat the passive addressing
as the direct addressing shown on the right of Fig. 2. Meanwhile,
in order to ensure the uniqueness of its solution, its four vertices
are fixed as boundary conditions in the simulation.

B. Simulation of Deformation

FEA is the most direct way to predict surface deformation.
However, FEA can only predict the deformation when the input
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voltages are determined. Inverse control, which uses the desired
surface deformation as the input to calculate the necessary
driving voltages, cannot be achieved. In addition, the large
computational time for FEA makes it difficult to realize real-
time control. Current real-time FEAs are achieved by adding
simplifying assumptions and sacrificing the number of nodes,
which limit the accuracy of the simulations and the complexity
of the mechanisms that can be simulated. [23], [24] Thus, in
this work, we use FEA results as the training data for the ML
regression model, and then execute the model to control the
programmable surface in real-time.

The simulation of IEAPAS has previously been accomplished
using a two-step process. The first step is to simulate the ionic
concentration caused by potential difference. Such ionic trans-
port process can be calculated by Nernst-Planck equation. This
can be achieved in COMSOL Multiphysics using the Electrostat-
ics and the Transport of Diluted Species physics in a 1D model.
It is necessary to enable the Potential Coupling and the Space
Charge Density Coupling multiphysics. From this simulation,
we can obtain the ionic concentration throughout the device
perpendicular to the applied field. Then, in a 2D or 3D model,
the strain can be calculated through the Solid Mechanics physics
based on the relationship between force and ionic concentration.
The drawback of this approach is its difficulty in achieving the
simulation directly in a 3D model. Thus, we follow the work
of Madden et al., [25] which introduces a simplified approach.
The diffusive elastic metal model shows that in a certain range
of deformation, the strain of PPy actuator generated via ionic
transport is proportional to the applied voltage: ey = SAV,
where ey is the strain indirectly caused by voltage change AV,
and (3 is the electrical expansion coefficient. [25] Thermal expan-
sion has has the same mathematical form as ion-induced strain:
er = aAT, where er is the strain generated by temperature
change AT, and « is the thermal expansion coefficient. Hence,
if we only focus on the deformation of the structure rather than
the ionic transport process, as shown in Fig. 3, the electrical field
can be substituted by the thermal field, where thermal strain is
equivalent to electrical strain and thermal expansion coefficient
is equivalent to electrical expansion coefficient.

To set up the thermal simulation, we implemented the Heat
Transfer in Solids and Solid Mechanics physics as well as Ther-
mal Expansion and Temperature Coupling multiphysics. The

The laminated structure of PPy actuator and structure of continuous programmable surface with 9 x 9 pixels.
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Fig.3. The equivalent substitution principle between electrical expansion and
thermal expansion.

TABLE 1
TABLE OF SIMULATION PARAMETERS

Parameter  Value Unit

ki 1.15 W/(m-K)
ko 0.21 W/(m-K)
pi 1400 kg/m?
P2 1780 kg/m?
Cpi 1200 J/(kg-K)
Cp2 1400 J/(kg-K)
E; 80e6 Pa

E; 2.7¢9 Pa

Vi 0.4 1

\%) 0.4 1

o 0.060 1/K
o0 1.3e-4 1/K

3D model was built in Solidworks and then imported to COM-
SOL. The mesh we used in this work was physics-controlled
and normal size. We chose quasistatic study and the result of
displacement field was our ultimate target. Here, the parameters
of aformentioned thermal simulation is shown in Table. I.
Here, k1 and k5 are the thermal conductivity of PPy and PVDF
material respectively. p; and po are the density of PPy and PVDF.
Cp1 and Cpo are the heat capacity at a constant pressure of
PPy and PVDF. E; and E5 are the Young’s modulus of PPy
and PVDF. v and 15 are the Poisson’s ratio PPy and PVDF. o
and «y are the secant coefficient of thermal expansion of PPy
and PVDF. [26] Here, the thermal expansion coefficient for PPy
is not the real value. It is derived from the diffusive elastic metal
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Fig. 4. The definition of training datasets including voltage array and z-
displacement array.

model based on experimental data. [25], [27] While the other
parameters for PPy and PVDF are all experimentally measured
values of the materials.

III. MACHINE LEARNING CONTROL
A. Generating Datasets

In this work, we use FEM simulation results to generate the
datasets for the ML regression model. The dataset should include
two groups of arrays. One is the voltage array which contains
the voltage of each pixel. The other is the z-displacement array
of surface which consists of the value of z-displacement of each
selected node. As shown in Fig. 4 , these two arrays arrange the
data in the same order (from left to right & from top to bottom).
The dimension of voltage array equals 81, and the dimension of
z-displacement array depends on the density of nodes we select
(n x n). Since the dimension of both arrays are larger than one,
we should implement multi-output regression model to solve
it. We evaluate the use of k-nearest neighbors (KNN), random
forest (RF) and multilayer perceptions (MLP) regression models
to train our dataset.

In these two arrays, the voltage array is randomly generated
and the z-displacement array can be obtained by FEM simula-
tion. First, we define an array whichis (—2,—1.9,...,1.9,2) in
MATLAB. Then we randomly pick a value in this array for each
pixel as its input voltage and combine them into the voltage array.
Thus, the average distribution of this voltage array is uniform
since each value in it is picked randomly in a certain range.
The next step is to implement the voltage arrays in COMSOL
to derive the z-displacement arrays through FEM simulation.
Here, to increase the simulation accuracy, we divide each value
in the voltage array by two and then apply them to top layer and
bottom layer respectively. (For example, if the voltage value
is 1.6 V, we apply 0.8 V on the top layer and —0.8 V" on the
bottom layer) Through COMSOL Multiphysics with MATLAB,
the entire simulation process can be executed in a loop. The
distribution of z-displacement arrays is not standard uniform
since there are some boundary conditions in the set-up of the
simulation, which caused the variance to be non-uniform, but
the mean of such arrays perform uniformly, which is close to
Zero.
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Fig. 5. The R2 score of KNN, RF and MLP regression model. (a) is the
forward control. (b) is the inverse control.

B. Training Datasets

In our model, we have 81 pixels, and the value of each pixel
can be from —2V to 2 V. If we collect value from the array
mentioned above, an exhaustive search of all possible training
datasets would have required 418" trials. Making an exhaustive
dataset requires too much computational capacity, especially
for the FEA simulation. Thus, we choose 3000 trials for each
regression model. This reduction of the necessary size of the
datasets is one of the significant advantages of ML algorithms.
Meanwhile, we use scikit-learn in Python to implement these
ML regression models. The details are shown below:

e KNN: For both forward and inverse control, the number of

neighbors is 5 and the weight is ‘distance.’

® RF': For both forward and inverse control, we just choose

default settings.

® MLP: The number of hidden layers is 5. The neurons for

forward control are 420, 350, 240, 160 and 90, respectively.
While the neurons for inverse control are 90, 160, 240, 350,
and 420, respectively.

The forward control, which utilizes input voltage to obtain
a prediction of a surface, can be achieved through either
FEA simulations or a combination of FEA simulations and
ML algorithms. The advantage of ML algorithms is that its
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TABLE II
THE MEAN TIME OF TRAINING AND EXECUTING MODELS

KNN RF MLP
Training Time Complexity O(knp) — O(n*pNyee) ~ Om*(pNyp +NiiNpp + ...))
Executing Time Complexity — &(knp) O(PNiree) O(pNji +NiNpp +...)
Forward Training 0.0059s 122.01s 2869.22s
Inverse Training 0.0060s 240.95s 2647.71s
Forward Executing 0.0050s 0.00011s 0.0060s
Inverse Executing 0.0059s 0.00010s 0.0039s

Fig. 6.

The application of forward control: predicting the surface deformation based on random input voltage arrays. (a)-(d) are the control group of surface

simulated by COMSOL. (e)-(f) are the surface generated by the predicted z-displacement arrays.

Fig. 7.
The bottom figures are the letters displayed by proposed PS.

computational efficiency (executing ML models, not training
ML models) can realize online control. ML algorithms cannot
completely replace FEM, which is necessary to train the ML
algorithms. Nevertheless, the inverse control, which uses a
desired surface to calculate voltage inputs, can only be realized
by ML algorithms. Generally, inverse control possesses higher
application value because it allows the formation of any
arbitrary surface that is desired. Thus, in this work, aiming to
achieve forward control, we firstly define the voltage arrays as
the input data, while the z-displacement arrays are treated as
output data. Then we turn z-displacement arrays to input data

The application of inverse control: Display the letters based on the surface created manually. The top figures are the letter surfaces generated in Maya.

and voltage arrays to output data to train the inverse control. The
details of the training results will be shown in the next section.

IV. RESULTS
A. Model Performance

To evaluate the performance of each regression model, we
use the R? score since it is a unitless method to reflect the
relationship between the prediction data and the test data. In
comparison, mean square error (MSE) and root mean square
error (RMSE) give absolute values. The closer the R? score
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is to 1, the more the prediction data matches the test data,
indicating a good model. As shown in Fig. 5, the R? score of
the KNN and RF regression model illustrates that such models
are not able to achieve prediction since their R? score are all
smaller than 0.5. In comparison, the MLP regression model
performs well, exhibiting an R? score ;0.9 with large datasets. It
indicates that for such high-dimension multi-output regression
problems, traditional machine learning models cannot work with
the small-size datasets (compared with the exhaustive search),
but the deep learning (DL) models with artificial neural network
(ANN) are more suitable for these cases. As depicted in Fig. 5,
the performance of MLP improves with the increase of the size of
training data. For forward control, small size of training data still
possesses a quite tolerable R? score, and the R? score exceeds
0.9 when the size is around 1000. On the other hand, for inverse
control, the MLP models become more acceptable (> 0.9) only
when the size of training data increases to about 1200 and the
small size of training data cannot achieve prediction.

As for the computational cost of the ML algorithms, the time
complexity and the actual running time of each algorithm is
shown in Table. II. Here, the n is the number of samples, the
p is the number of features, the & is number of neighbors in
KNN, the Ny is the number of trees in RF and the Ny; is
the number of neurons at layer ¢ in a neural network. (The
time complexity of training MLP is an estimate and may not
be very accurate.) Based on the time complexity, it can be
found that when array density increases, the number of features
p and number of neurons at each layer Nj; increases, so that
the time complexity of training each model increases. Besides,
the Table. 2 also shows that the theoretical and experimental
computational time match each other well. For example, the
time complexity of training and executing KNN model is the
same, while the running time of these two are also the same.
Besides, the time complexity of executing these three models
are on the same order of magnitude because they do not contain
n2 terms. Meanwhile, the execution time of these three models
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The application of inverse control: Display terrain maps based on the captured 2D maps.

are on the same magnitude and are much smaller than the
training time of RF and MLP which contain the n? terms in
their time complexity. The most important information in this
table is that the mean execution time of these models are all
smaller than 0.01 s, which means the online control can be at
least 100 H z.

B. Demonstrations of Forward Control

As mentioned above, the applications of forward control are
limited since we can only use it to predict the surface deformation
rather than to produce a desired surface. Here, to show the
accuracy of our forward control, we derive the z-displacement
arrays from the 300 groups of input voltage arrays and then
reproduce the z-displacement arrays to surface using MATLAB.
Meanwhile, we also use these input voltage arrays to simulate
the surface in COMSOL as the control group.

The MSE of these two groups of surfaces (z-displacement
arrays) is 0.012 mm. Compared with the overall size of the
mechanism in the x-y direction (100 mm x 100 mm), mean
z-displacement (from —11.15mm to 11.58 mm) and minimum
and maximum z-displacement (—21.12 mm and —21.90 mm),
the error of forward control is about 0.1% of the mean z-
displacement. As shown by the R? data in Fig. 5, the high
accuracy of our simulations is enabled by using sufficiently
large training datasets. Fig. 6 shows 4 examples of 300 groups
of test data. Fig. 6(a)-(d) are the control group simulated by
COMSOL while Fig. 6(e)-(h) represents the surface predicted
by the ML model. Through the comparison of figures, we can
also intuitively find the accuracy of the ML model.

C. Demonstrations of Inverse Control

Most continuous PSs only use arched surfaces or saddle sur-
faces as demonstrations. [14]-[16] However, our larger array can
achieve much more sophisticated surface deformations. Hence,
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to show the programmable capability of our simulated PS, we
design two different demonstration scenarios shown below:

1) Forming letters on surface: In this demonstration, we use
the inverse control to reproduce the letters generated by a third
3D model software. First, we use Maya to create letter surfaces
manually. Then we export the 3D model as an STL document
to Meshlab. Second, we use Meshlab to transfer the STL model
to cloud point with x-y-z data. Third, we import the cloud data
to MATLAB to process them to be the ordered z-displacement
arrays and then input arrays to inverse control ML model to
derive the voltage arrays for our PS. Finally, we implement the
voltage arrays into the COMSOL to show the real performance
of our PS. Here, we create ‘P, ‘U, ‘R, ‘D’ and ‘E’ letters to
form a word ‘PURDUE’ shown in Fig. 7. The top figures are
the 3D model designed in Maya and the bottom figures are the
surfaces formed by derived voltage arrays.

2) Forming terrain maps on surface: In this demonstration,
the simulated PS is used to display the 3D terrain maps based
on surface input. As shown in Fig. 8, first, we capture two 2D
terrain maps from a website, which are located in the north and
northeast of Purdue University respectively (Campus of West
Lafayette). Based on these 2D terrain maps, we recreate the 3D
terrain in Maya. After that, we use the same method which is
introduced in the first inverse application to generate the voltage
arrays of these terrain maps. The reproduced terrain maps based
on the trained voltage arrays are shown in the right of Fig. 8.

As for the precision, the MSE of z-displacement arrays of
‘P ‘U, ‘R ‘D, and ‘E’ are 0.32mm, 0.22mm, 0.75mm,
0.27 mm and 0.18 mm, respectively. While the MSE of the two
terrain maps are 1.21 mm and 1.67 mm, respectively. Compared
with the forward control, the error slightly increases, but as
shown in Fig. 7&8, it is still acceptable for 3D display appli-
cations. The reason is that even though our PS possesses much
more independent actuating units than other studies, it still only
has the 9 x 9 matrix, which means the arbitrary surfaces created
manually cannot be completely reproduced. However, based on
the limited number of actuators, the proposed control system
can still restore the general shape of the input surface.

V. CONCLUSION

In this work, a fully controllable and continuous PS with 81
independent actuating pixels based on ionic actuators was sim-
ulated. By using the simulation data of PS as training datasets,
the MLP regression model could control the array in the forward
and inverse direction in real-time with high precision. The
performance of forward control showed the excellent prediction
abilities of the proposed PS, where the MSE between predict
surface and control group is only 0.012mm (less than 1% of
mean z-displacement). Meanwhile, the inverse control applica-
tions illustrated that the PS is able to reproduce any man-made
surfaces with acceptable error, which has great potential to
be applied as tactile displays and human-machine interactive
devices.

Currently, all of the training datasets are generated through
FEA simulation. The fabrication of the physical array of ac-
tuators is still in progress, so one of the future works is to

validate the simulation data as well as the training model in
a real system. Besides, the density of pixel actuator and the
dimension of the z-displacement array limit the accuracy of
inverse control since some fine structure in arbitrarily generated
surfaces cannot be fully reproduced. Increasing the number of
pixels and the dimension of the z-displacement array seems to
be a promising future step, but the volume of control system
and the time complexity of model training will also increase.
(The number of features is positively correlated with the time
complexity of training model) Thus, in future work, we need
to find a balance between these two aspects. In addition, if
the passive addressing method is used for practical prototype,
crosstalk should be considered, which means that the voltage
value of a pixel can be influenced by its adjacent pixels’ inputs.
Progressive scan is a potential solution to the crosstalk problem.
For example, the first row input can be set to 0 V' while the other
rows are left floating, then each line input is set to the pre-defined
voltage of the first row pixels. At this moment, only first row
pixels can be actuated at their desired voltage. The rest of pixels
cannot be driven since one input of them is at the floating status
(The ionic actuator can only be driven by closed-loop circuit,
since potential difference does not exist at the floating status,
which cannot realize the ionic immigration inside the actuator).
In the next moment, only the second row input is connected to
be 0V and the line input are set to be the value of each pixels at
the second row. So on and so forth, each pixel can be controlled
individually, but not precisely simultaneously. As long as the
scan frequency is larger than the time response of the actuator,
passive addressing should perform similarly to direct addressing,
where the crosstalk issue can be partially solved.
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