
Toward Zero-Shot Sim-to-Real Transfer Learning
for Pneumatic Soft Robot 3D Proprioceptive Sensing

Uksang Yoo1∗, Hanwen Zhao2∗, Alvaro Altamirano2, Wenzhen Yuan1,✉, Chen Feng2,✉

Abstract— Pneumatic soft robots present many advantages
in manipulation tasks. Notably, their inherent compliance
makes them safe and reliable in unstructured and fragile
environments. However, full-body shape sensing for pneumatic
soft robots is challenging because of their high degrees of
freedom and complex deformation behaviors. Vision-based
proprioception sensing methods relying on embedded cameras
and deep learning provide a good solution to proprioception
sensing by extracting the full-body shape information from
the high-dimensional sensing data. But the current training
data collection process makes it difficult for many applications.
To address this challenge, we propose and demonstrate a
robust sim-to-real pipeline that allows the collection of the
soft robot’s shape information in high-fidelity point cloud
representation. The model trained on simulated data was
evaluated with real internal camera images. The results show
that the model performed with averaged Chamfer distance of
8.85 mm and tip position error of 10.12 mm even with external
perturbation for a pneumatic soft robot with a length of 100.0
mm. We also demonstrated the sim-to-real pipeline’s potential
for exploring different configurations of visual patterns to
improve vision-based reconstruction results. The code and
dataset are available at https://github.com/DeepSoRo/
DeepSoRoSim2Real.

I. INTRODUCTION

Pneumatic soft robots present many unique advantages
in difficult manipulation tasks. The high degrees-of-freedom
and inherent compliance of soft robots’ constituent de-
formable materials make them safe and reliable in delicate
tasks such as harvesting fruit and interacting with deep-sea
organisms [1, 2]. The high degrees-of-freedom also helps
soft robot grippers achieve more versatile and stable grasps
with significantly greater contact surface area [3, 4].

However, researchers have struggled with state represen-
tation and estimation for soft robots’ shapes particularly
because of their high degrees of freedom and underlying
physical mechanics that are difficult to model [5]. Lack of
reliable shape estimation or proprioceptive feedback of soft
robots severely limits effectiveness and robustness of control
strategies and subsequently curtails soft robots’ application
in real-world applications [6].

To this end, researchers have begun to utilize advances
in deep learning to capture the complex and often nonlin-
ear relationship between sensor observation and soft robot
state with some success [7–9]. Training these deep neural
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Fig. 1. The proposed pipeline of sim-to-real transfer learning for vision-
based soft robot. We generated simulation-based point cloud and corre-
sponding internal camera views to train our neural network model. Then,
we show that the trained model transfers zero-shot to the real world by
testing with real-world images.

network (DNN) models end-to-end requires large and high-
quality training data composed of sensor observation and
corresponding robot shape pairs.

In contrast to other robotic systems, observing a soft
robot’s shape is costly. Previously, motion tracking systems
have often been used to capture positions of keypoints on
a soft robot [7, 10]. However, because these systems rely
on tracking separated and discrete marker placements, they
suffer from the problem of low-dimensionality and inevitably
fail to capture the rich deformation behavior of soft robots. A
recent work has used depth-cameras to capture point clouds
of soft robots [8] and many previous works have used depth-
cameras to capture complex deformation behaviors of soft
bodies for manipulation [11, 12]. However, even for highly
controlled settings, a depth-camera can get occluded easily
[12] and the deformation behavior of the soft robot must
be confined to prevent occlusion in the camera view. The
resulting sample space is constrained by the limitation that
no surface of the robot can be covered, meaning no contact
with the soft robot could happen during data collection.

In other robotics applications that similarly suffer from
difficulty in collecting reliable training data in the real world,
researchers have successfully taken advantage of simulations
to collect the data and transferred the knowledge to the real
world in the form of trained deep learning models [13, 14].
Such sim-to-real transfer learning approaches not only allow
data collection with ease but also enable observations under
conditions that are physically impossible to observe in the
real world. However, to our best knowledge, no previous
work has demonstrated sim-to-real transfer learning of soft
robot shape reconstruction based on sensory feedback.
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In this work, we embedded a camera into a soft robot
to get visual feedback of its deformed shape. We placed
replicable visual patterns in the pneumatic chamber of the
soft robot. We then present and successfully demonstrate a
sim-to-real pipeline that allows easy data collection in the
simulated environment and high fidelity shape reconstruction
based on feedback from a real-world camera embedded in
a pneumatic soft robot. We also demonstrated the sim-to-
real pipeline’s potential to be used as a platform to explore
different configurations of visual patterns to improve vision-
based reconstruction results. Then the main contributions of
the paper can be summarized into three parts:

1) Zero-shot sim-to-real transfer learning pipeline for
vision-based pneumatic soft robot proprioception sens-
ing with single reference frame scene calibration,

2) Simulation-driven development and evaluation of visual
pattern design heuristics for soft robot propreioception,

3) Design and evaluation of a novel soft robot with replica-
ble embedded visual feature markers and a wide angle-
of-view camera to reduce the sim-to-real gap.

Ultimately, this work enables easily implementable high-
fidelity soft robot proprioception sensing by dropping the
barrier to training data collection and visual feature pattern
evaluation through simulation.

II. RELATED WORK

A. Soft Robot State Estimation and Proprioception

Traditionally, soft robot shape estimation relied heavily on
simplification through geometric constraints and mechanic
theory-based assumptions. By assuming segments of the
soft robot can be fitted to a centerline with piece-wise
constant curvature (PCC), researchers could deterministically
solve for the center-line curve of the robot with reason-
able fidelity [15, 16]. Researchers have also relaxed some
of these constraints to scale up the dimensionality of the
configuration space and capture more diverse deformation
states [17]. However, these methods and models rely heavily
on knowing the exact loading conditions on the soft robot
which are difficult to sense and are constrained by underlying
assumptions on soft robot’s mechanics.

Measuring local strain in soft robots with soft resistive
strain sensors is a popular method of directly measuring
deformation [18, 19]. Other works have proposed to sense
bending and change in curvature [20, 21]. Because individual
sensing units (e.g., single strain sensor strip) provide low
dimensional feedback, multiple of these sensors must be
embedded and ultimately rely on aforementioned underlying
assumptions on the soft robot’s deformations behaviors to re-
construct the soft robot’s shape. Additionally, soft sensors are
generally difficult to fabricate and require significant room
in the soft robots, limiting their usefulness and scalability.

B. Vision-based Soft Robot Proprioception

Recently, researchers have begun to embed cameras into
soft robots to internally observe deformation [8, 22, 23]. Be-
cause the camera observes deformation indirectly by tracking
visual changes, it can be implanted into soft robots with

Fig. 2. Fabrication process for the proposed pneumatic soft robot. A1)
Assembled mold A2) Uncured elastomer is poured into the mold A3) After
curing, the mold is removed A4) The elastomer layer is inverted A5) 3D
printed visual patterns are added in the predetermined indented locations of
the elastomer A6) The elastomer layer is inverted back to its original state
A7) Flexible strain limiting layers and the bottom cap with the wide angle-
of-view camera is attached to the elastomer. B) Unactuated and actuated/bent
robot configuration with dimensions.

minimal design changes. Furthermore, cameras can provide
rich observations of the soft robot’s deformation with high
spatial precision. Despite this, most previous works severely
reduced the soft robot’s mechanical degrees of freedom in
order to simplify the configuration space. For instance, [23]
models the soft robot’s configuration as a 7 degrees-of-
freedom series link-and-joint system while [22] reduced the
soft robot further into a 2 degrees-of-freedom ball-and-socket
system. In this process, the soft robots’ unique ability to
deform arbitrarily to the contacting environment and object
was lost, presenting a constraint on their advantage as well.

Only [8] largely preserves soft robot’s high degrees-of-
freedom for vision-based proprioception by training a DNN
model to map from visual feedback from an embedded
camera to the point cloud representation of the deformed
soft robot. However, because the deformed robot’s shape is
observed with a depth-camera in the real world, the training
data could only be collected in conditions where the robot
is not severely occluded from the depth-camera. Notably,
no configurations where the soft robot is in contact with
another object could be sampled. The previous work also
only could output a partial point cloud of the robot due to
the occlusion in the training data [8]. Additionally, the data
collection process required a highly controlled environment
to be setup, adding a severe barrier to using such methods.
C. Vision Sim-to-Real Transfer Learning

Robotics researchers in fields such as manipulation and
aerial locomotion have utilized simulated environments to
train deep learning visual models [13, 14, 24]. In such cases,
sim-to-real transfer process involves reducing the difference
between the simulation-based rendered images and the real-
world images through careful simulation scene adjustments
based on some reference real-world images [13, 24] or by
filtering the images to reduce the impact of hard-to-model
optical effects in the renderer [14].

III. METHOD

In this section, we present methodologies related to both
the proposed sim-to-real pipeline and the design of the soft
robot used for evaluation. We also describe the methods
implemented to minimize the sim-to-real gap in the generated
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Fig. 3. Generated mesh from the FEM simulator and the subsequently
rendered internal camera view.

images and randomization of simulated environments to
capture diverse soft robot shape configurations that otherwise
would be difficult to capture in the real world.

A. Soft Robot Design and Fabrication
Pneumatic soft robots generally are composed of two

distinct materials [15]: the primary elastomer which inflates
with increasing internal chamber pressure and the strain-
limiting material which enables controlled actuation behav-
ior. To address the aforementioned challenges, we introduce
new design requirements to the pneumatic soft robots for
vision-based proprioception.

First, we must embed a wide field-of-view camera into the
internal chamber of the robot to observe the internal surface
of the soft robot chamber as it deforms. This is a crucial
new requirement as these observations feed into the network
in inference time to predict the shape of the robot. We must
also design visual patterns that can be reliably embedded
into the observable internal surface of the soft robot.

We use Ecoflex 00-30 (Ecoflex 00-30, Smooth-On, Inc.) as
the primary elastomer because of its low hysteresis properties
with the addition of white pigmentation (Silc Pig, Smooth-
On, Inc.) to prevent external lighting conditions from directly
affecting the proprioceptive sensing capabilities. As noted in
Fig. 2, we pour the elastomer-pigment mix into the mold
that was designed to create precisely positioned craters in
the pneumatic cavity of the soft robot. After demolding
the elastomer, we embedded 3D-printed 4 mm diameter
semi-spherical visual pattern markers into the craters. This
procedure allowed the visual patterns to be replicable for
both fabrication consistency and simulation scene matching.
The new design requirements demand multiple components
of different material properties to be seamlessly fused to-
gether, which can be difficult, especially for pneumatic
soft robots that are prone to leaks and failures. For such
cases, 3D printing the strain-limiting layer with flexible resin
(Flexible Resin, Formlabs, Inc.) can significantly simplify the
assembly and reduce the fabrication quality variability [16].
After embedding the visual pattern markers into the craters,
we fused together the elastomer layer, the 3D-printed strain
limiting component and the bottom cap with a wide angle-of-
view camera (Wide Angle 160° Raspberry Pi Zero Camera
Module, Arducam) to get the fully functional pneumatic soft
robot with embedded visual pattern markers and a camera.

Fig. 4. Renderer model calibration process to minimize the sim-to-real
gap. A) Covariance matrix adaptation evolution strategy(CMA-ES) is used to
iteratively sample and update the renderer scene/model parameters (θScene).
B)After 20 iterations, the rendered images match the real-world reference
image sufficiently well.

B. Soft Robot Numerical Simulation

We utilize Finite Element Method (FEM)-based numerical
simulation to generate physically realistic deformed surface
meshes of the developed pneumatic soft robot. And based
on the external surface mesh, we extract vertices to construct
training point cloud data. To this end, we utilize the open-
source SOFA Framework [25]. For this paper, SOFA Frame-
work presents many advantages. Specifically, the modular
framework, which is largely unique to SOFA, allows us
to generate diverse loading conditions with relatively low
computational burden.

We simulate collision conditions in the SOFA scenes to
generate diversified deformation data as shown in Fig. 3.
We augment FEM-based mesh generation by randomizing
three factors: degree of pneumatic actuation of the soft robot,
Young’s modulus of the inner bending surface material and
contact conditions with an external surface. We present the
selected bending cases in Fig. 3. We randomized Young’s
modulus of the soft robot to ensure the generated meshes
cover the configuration space of the real-world soft robot.

C. Camera-view Rendering and Renderer Scene Calibration

The soft robot design as outlined in the previous sections
is easily reproducible and has fewer fabrication steps that
are prone to error. The design also significantly simplifies
the simulation of the internal-camera view in the renderer
scene. We model the visual pattern markers described in
Section III B as spherical meshes added in the Blender scene.
In scene initialization, the markers are attached to the first
undeformed mesh in a scene sequence internal surface mesh
nodes in the positions predetermined by the marker place-
ment locations in the real-world soft robot. In the succeeding
meshes, the markers track the assigned node movements to
simulate embedded visual pattern marker movements in the
real world. For each FEM-generated mesh, an image from
the camera in the Blender scene is rendered. Because the
spherical meshes are added in the renderer component of the
pipeline as opposed to being part of the numerical simulator,
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we are able to easily modify and experiment with different
visual pattern marker placements in simulation.

A significant challenge in simulation-based rendering for
sim-to-real transfer learning is accounting for complex light-
ing and optical effects present in the real world. In this paper,
we convert the rendered and real RGB images to binary
image representation and eliminate the need to account for
hard-to-model optical effects. The intuitive motivation of this
process is that by the design of the proposed soft robot
and the visual pattern markers, binarization of the images
preserves the features we seek to track in the image frame.

We observed that the fabrication process introduces sim-
to-real scene mismatch in the image frame. For example, the
camera pose inside the robot could be minutely offset from
the designated pose which is not replicated in simulation. To
account for this, we iteratively optimize the renderer scene to
capture any differences introduced by fabrication error based
on covariance matrix adaptation evolution strategy (CMA-
ES) [26]. CMA-ES is advantageous because it is generally
sample efficient and is gradient-free for parameters that we
do not have reliable gradient information for.

We capture a reference image of the soft robot in a straight
unactuated configuration in the real world. We introduce the
scene parameter adjustment vector (∆θScene) which modifies
the scene parameters θScene that we chose to optimize over
which takes into account the marker diameter, marker row
location in the inner surface, marker distances along a row,
camera field of view, and 6 degrees-of-freedom camera pose
in the renderer scene for a total of 32 adjustment parameters.
We initialize the scene with the ideally designed scene.
∆θScene is sampled with population 14 based on heuristics
set from the number of parameters [26]. The mean squared
difference between the two binary images is then taken and
introduced for CMA-ES to update the sampling distribution.
After 150 iterations, the scene rendered a close match to
the reference image. The process diagram and the resulting
rendered images are featured in Fig. 4.

D. Neural Network for 3D Proprioception Sensing
Using the numerical simulation described in Section III-

B and the renderer pipeline described in Section III-C,
we can collect rendered images of proprioceptive camera
observations and corresponding soft robot shape information
under a variety of actuation and loading conditions. Our
proposed DNN-based approach encodes visual propriocep-
tive information to deform a prototype point cloud into the
observed state for high-fidelity 3D proprioceptive sensing.

Model Architecture: Our model follows an Encoder-
Decoder architecture, as depicted in Fig. 5.

Encoder. Our encoder uses a VGG [27] module to encode
a 1× 256× 256 binary image as the proprioceptive observa-
tion into a 1 × 512 latent visual feature vector. The second
dimension of the vector is then expanded by repetition so
that the latent visual feature can be concatenated with point
cloud features in the Decoder.

Decoder. Our decoder first uses a two-layer shared MLP
(Multilayer Perceptron) with 3-dimensional input and 512-

Fig. 5. Deep network architecture based on [8]. The Encoder is a CNN
module to encode visual information. The Decoder uses two MLP modules
to deform a constant prototype point cloud concatenated with the encoded
visual feature to estimate the soft robot’s full body shape.

dimensional output to map each point in a prototype point
cloud into a high-dimensional latent feature vector. These
latent features are then pointwisely concatenated with the
latent visual feature, and further mapped back to 3D space
as the estimated soft robot 3D shape by another two-
layer MLP with 1024-dimensional input and 3-dimensional
output. This learnable shape deformation technique was first
developed in FoldingNet [28] (2D-to-3D deformation), and
then introduced to soft robotics [8] (3D-to-3D deformation).

E. Network Visualization for Marker Placement Design
Integrating complex visual feature patterns for soft robot

proprioception often requires laborious steps to paint colored
patches [8] or embed discrete markers one-by-one [22]. Yet
visual feature patterns that are too simple may lead to insuffi-
cient visual feedback for accurate proprioception sensing. To
discover useful heuristics for handling the trade-off between
ease of fabrication and the adequacy of information in the
visual feature design for soft robot proprioception, we use
network visualization to understand how our model makes
predictions based on the observed visual features.

Inspired by Grad-CAM [29], we back-propagate the
Chamfer distance loss and the resulting activation heatmap
shows the regions in the image frame that are contributing to
the soft robot shape predictions. Using such visualizations,
we can understand how our DNN model makes its predic-
tions and provide useful insights for marker placement.

We handcrafted four distinct maker configurations to ex-
plore the design space, as seen in Fig. 7. Patterns 1 and 2 are
evenly distributed dense patterns, with Pattern 1 including 12
rows of markers and Pattern 2 containing 6 rows. Each row
consists of eight semi-spherical markers that are aligned with
the longest axis of the soft robot. Pattern 3 has a marker
arrangement that is perpendicular to the primary bending
plane, as seen in Fig. 2B, while Pattern 4 includes markers
that are aligned with the primary bending plane. We trained
on the generated images and corresponding point clouds
for each pattern. Then using Grad-CAM, we visualize the
activation heatmaps, indicating the model’s focus in different
regions of the image frame (Fig. 7). From these results, we
make hypotheses on effective marker placement strategies.

Hypothesis (1). The model focused on some markers and
not others, thus we hypothesize that some patterns with
fewer markers can achieve comparable performance to a
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Fig. 6. Experimental setup for the evaluation of the proposed sim-to-real
pipeline.

dense pattern. Hypothesis 1 has an intuitive explanation
rooted in the fact that the presented soft robot is an under-
actuated system and the markers in the images provide high-
dimensional feedback.

Hypothesis (2). In denser patterns, the markers along
the bending surface received more attention (e.g., Pattern
2 in Fig. 7). Thus, we hypothesize that Pattern 4, with its
markers aligned on the primary bending plane (Fig. 2B)
would perform better than Pattern 3. This is because the
markers along the bending plane would move more in the
image frame as the soft robot bends in the preferred direction
with lower stiffness. We test these hypotheses in simulation
in the following sections.

IV. EXPERIMENTS

In this section, we present the experiments performed
in simulation and in the real world. First, we discuss our
training and evaluation of our proprioceptive DNN model
on simulated data. Then, we show that we can use the
simulated data to derive useful heuristics for marker pattern
design toward improved proprioceptive sensing. We also
present our real-world experiment setup that enables us to
demonstrate that the model trained on simulated data can
zero-shot transfer to the real soft robots.

A. Network Training and Evaluation

1) Data Preparation: All point clouds were aligned to a
single coordinate system. In addition, the point clouds were
downsampled to 3174 points to reduce computational cost.
As the folding process in our model is a symmetric function
that is invariant to input order permutation, downsampling
the point cloud would not affect the model’s performance.

We simulated 6919 proprioception observations and their
associated point clouds from our SOFA and Blender pipeline
with 13 distinct simulation scenarios into our dataset. We ran-
domly selected 80% of the data which contains 5535 frames
of proprioceptive observations into the training dataset and
20% of the data which contains 1384 frames into the
validation dataset across all 36 simulation scenarios.

2) Training: During the training process, both training
and testing dataset are separated into mini-batches with
batch size of 50. An Adam [30] optimizer was defined with
initial learning rate of 10−4, and weight decay coefficient
was set to 10−6. We trained each model with 100 epochs.

Fig. 7. Results of a sim-to-sim evaluation of four distinct pattern designs
from our simulation-trained DNN models. Activation heatmaps depict the
weighted activation across the image, with red indicating the region where
our model has the most attention by back-propagating the Chamfer loss for
predicting the shape of the point cloud shown below. Bottom row shows
ground truth (red) and predicted (green) point clouds together. In Tab. I, the
average mean Chamfer distances for the validation dataset are reported.

3) Sim-to-Sim Evaluation: We evaluated our sim-to-sim
model performance with all four handcrafted patterns with
the average Chamfer distances from validation dataset were
reported in Table. I.
B. Marker Pattern Design Analysis in Simulation

The sim-to-sim evaluation results for the four DNN models
trained on four visual feature patterns are presented in Table
I. From the results, we can note that marker pattern 1
which has the most number of markers performed best and
the model focused almost on all markers. However, more
markers does not always translate to better performance as
Pattern 2 under-performed compared to sparser Pattern 3 and
4. These results are consistent with our hypothesis (1).

Compared to Pattern 3 with more activated markers, model
trained on Pattern 4 concentrated on just the few markers
near the robot base. The performance of the model trained
on Pattern 4 was also marginally better than that of Pattern
3, indicating that markers on the primary bending plane
(Fig. 2B) hold more visual information to describe the
deformation. Such results provide support for hypothesis (2).

C. Experiment Setup for the Real-world Soft Robot

To evaluate our proprioception sensing method for real
robots, we set up a well synchronized system of pneumatic
soft robot actuation, groundtruth pointcloud capture, and
proprioceptive camera feed, shown in Fig. 6. Specifically,
for actuation, we sought to minimize any noisy pneumatic
pressure changes (e.g., from pump motor inertia) to prevent
unsynced mismatch between the depth-cameras and internal
camera observations. To this end, we use a stepper motor-
actuated syringe pump assembled with a linear actuator
(FSL30, FUYU) and a 150 mL syringe. Raspberry Pi 4
(4 Model B, Raspberry) is used to both control the sy-
ringe pump through stepper motor controller (Motor HAT,
Adafruit) powered by an external variable power supply
(Regulated Bench Power Supply, Eventek) and to capture
images. The motorized syringe actuate the robot with 5 cm3

of pressurized air increments and external perturbation was
applied to bend the soft robot in four directions perpendicular
and along the bending plane (Fig. 2B). To capture the groud-
truth shape of the soft robot, we set up two Azure Kinect
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Fig. 8. Comparison between the estimated (green) and observed (red) point
cloud shapes of the robot based on the proprioceptive camera images with
visual feature pattern 2 and 4.

DK RGBD cameras at an angle. We then use Iterative
closest point (ICP) algorithm to merge the point clouds
from two cameras to get a wider coverage of the robot’s
shape. We captured 100 pairs of ground-truth point cloud
and proprioceptive camera images for each soft robot. In
the first frame of each sequence, we applied ICP to align
predicted and ground-truth point clouds at initialization.
D. Zero-shot Sim-to-real Transfer Evaluation

We fabricated the proposed pneumatic soft robot with
Pattern 2 and Pattern 4 from Fig. 7 to verify our pipeline’s
sim-to-real performance. Namely, we seeked to test the
following hypotheses in these experiments: 1. the presented
simulation calibration enables zero-shot sim-to-real transfer
of the model trained solely on simulated data 2. Pattern 4
with sparser markers in the vertical image frame performs
similarly to Pattern 2 with denser markers. Then we evaluate
the two soft robots on five distinct bending behaviors that the
proposed soft robot can experience: 1. actuated bending as
shown in Fig. 2B, 2. bending forward, 3. bending backward
4,. bending right, and 5. bending left. We compared the
predicted shape of the soft robot against the real-world shape
obtained by the experiment setup presented in Fig. 6.

We evaluate our method’s performance with two metrics:
mean averaged unidirectional Chamfer distance and tip po-
sition mean average error (MAE). The mean averaged uni-
directional Chamfer distance provides the average distance
from the partial real-world point cloud to the nearest points
in the learned model output point cloud while the tip position
MAE is calculated by finding the average distance between
the tip position in the observed point cloud to the tip position

TABLE I
SIMULATION-TRAINED MODEL EVALUATION IN SIMULATION AND

REAL WORLD

Test Data Source Marker Pattern Performance Metrics [mm]
Chamfer Distance ↓ Tip MAE ↓

Simulation Pattern 1 [96 markers] 2.63 1.97

Simulation Pattern 2 [48 markers] 3.67 1.86

Simulation Pattern 3 [16 markers] 3.31 4.25

Simulation Pattern 4 [16 markers] 3.25 3.16

Real World Pattern 2 [48 markers] 8.85 10.12

Real World Pattern 4 [16 markers] 10.56 13.78

of the predicted shape. While the unidirectional Chamfer
distance compares the geometric differences between the
observed and the predicted overall shapes of the soft robot,
tip position MAE provides a more intuitive single point-wise
deviation error between the two predicted shapes.

Overall, both patterns performed notably well in transfer-
ring the simulation-trained model to the real world as it can
be noted by the qualitative visualizations of the results in Fig.
8. We may also note that the error was swayed heavily by
outliers. For Pattern 4, there is a significantly larger predic-
tion error when bending left. The exceptional performance of
Pattern 2 model in capturing the left bending case indicates
this failure may be because Pattern 4 is not optimal for
capturing deformation off of the primary bending plane. We
observed that with the left and right bending frames removed,
Pattern 4 average Chamfer distance decreased significantly
to 6.80 mm while the tip position MAE decreased to 7.52
mm. A significant portion of the remaining error may be due
to the uneven surface of the soft robot and noise and artifacts
from the depth cameras. Our method’s tip position MAE is
similar to those previously reported in literature with similar
soft robot dimensions [7]. However, our method outputs a
high-dimensional representation (3174 points in 3D space)
estimate of the soft robot’s shape to uniquely allow high-
fidelity 3D reconstruction of the soft robot even in arbitrary
nonplanar bending and external loading conditions.

V. CONCLUSIONS

In this work, we propose and validate the first sim-to-
real pipeline for vision-based proprioception of soft robots.
Single real-world reference image is used to calibrate the
renderer scene and effectively close the sim-to-real gap,
enabling our demonstrated ability to zero-shot transfer our
simulation-trained model to the real-world data. We also
explore the possible application of the simulation pipeline for
visual pattern marker optimization by testing our hypotheses
in simulation and showing the real-world results seem to
validate the trends observed in simulation. The process in
this work, however, was limited to ad hoc exploration of
the pattern design space. For our future work, we plan to
replace the renderer in our current sim-to-real pipeline with
a differentiable renderer which can differentiably relate the
2D images back to the 3D scenes. The resulting pipeline will
enable us to backpropogate in training time to optimize the
visual feature patterns for vision-based proprioception.
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