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Abstract

Developing reliable control strategies for soft robots requires advances in soft robot
perception. Due to their near-infinite degrees of freedom, obtaining useful sensory
feedback from soft robots remains a long-standing challenge. Moreover, sensorization
methods must be co-developed with more robust approaches to soft robotic actua-
tion. However, current soft robotic sensors pose many performance limitations, and
available materials and manufacturing techniques complicate the design of sensorized
soft robots. To address these needs, we introduce a vision-based method to sensorize
robust, electrically-driven soft robotic actuators constructed from a new class of ar-
chitected materials. Specifically, we position cameras within the hollow interiors of
actuators based on handed shearing auxetics (HSA) to record their deformation. Us-
ing external motion capture data as ground truth, we train a convolutional neural
network (CNN) that maps the visual feedback to the pose of the actuator’s tip. Our
model provides predictions of tip pose with sub-millimeter accuracy from only six
minutes of training data, while remaining lightweight with 300,000 parameters and
an inference time of 18 milliseconds per frame on a single-board computer. We also
develop a model that additionally predicts the horizontal tip force acting on the ac-
tuator and demonstrate its ability to generalize to previously unseen forces. Overall,
our methods present a reliable vision-based approach for designing sensorized soft
robots built from electrically-actuated, architected materials.
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Chapter 1

Introduction

Despite rapidly advancing technologies, robots are still not part of most people’s daily
lives. While robotic arms are already ubiquitous on factory floors and assembly lines,
it is rare to encounter autonomous helpers in the home, supermarket, or hospital.
To make progress in integrating robots into people’s daily lives, interactions between
robots and humans must be fundamentally safe and robust. However, robotic arms
used on factory floors are often fundamentally unsafe. The rigidity of these robots,
which makes them accurate and useful, also makes them dangerous. As a result, they
are often used where there are no humans around, or cages are built around them.
So-called soft robots are a new way of thinking about robots. They are made of soft
materials with lower stiffness and promise to be fundamentally safe in human-robot
interactions [43]. Soft robots are also excellent at dealing with uncertainty because
the deformability of the material allows them to adapt to their environment. Applica-
tions that exploit this property include grippers [1, 29], robotic manipulators [34] 25|,
crawling and walking search-and-rescue robots [37, 8], exoskeletons [40], and auxiliary
tools for surgery [41], [42].

However, perception has remained a critical challenge in the area of soft robotics.
Accurate and robust sensory feedback is fundamental to the development of intelligent
soft robots [64]. For example, perception is required to creating robust control strate-
gies for soft robots, especially since soft robots’ compliance gives them near-infinite

potential degrees of freedom [2]. However, despite recent advances, soft robotic sens-
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ing is still considered to be in its infancy [64]. One of the key limitations of sensorizing
soft robots is the need to integrate sensing and actuation capabilities together. For
example, in popular fluidic elastomer actuators, the soft robot moves by the pressur-
ization of channels in elastomers [36]. Although traditional external motion capture
or vision-based systems can be used as a proxy for direct perception [0, 19], true
soft. perception would require the sensors to be incorporated within and move along
with a pneumatic soft robot’s body. However, the very actuation scheme that enables
the robots to move with compliance makes it difficult to sensorize. While significant
progress has been made by embedding sensors within soft robots or encasing soft
robots with a sensorized skin [64], [49] [60], these methods still require either signifi-
cant changes to the fabrication process or have sensors with time-varying, hysteretic
responses. These limitations make it difficult to design and control soft robots for dy-
namic applications, highlighting a clear need for perception strategies that are tightly

intertwined with the robot’s mode of actuation.

We consider a new approach for sensorizing soft robotic actuators based on handed
shearing auxetics (HSAs) using visual feedback from onboard cameras. HSA-based
actuators are motorized systems that rely on two counter-rotating cylinders to create
compliant motion [3]. Like other soft robotic systems, the complex fabrication and
geometry of HSA-based systems make them difficult to sensorize directly. Similarly,
cameras have recently been used in a variety of soft robots for endogenous vision-based
perception to bypass the challenges of conventional sensing approaches [68], 48, [65] 66].
However, these sensing solutions are not easily incorporated into a moving system
given their rigidity.

In this work, we combine the HSA architecture with onboard cameras in a comple-
mentary way to achieve accurate and robust proprioception and force sensing (Fig.
. Cameras for vision-based sensing are positioned at the non-rotating, distal
end of the HSA actuator, giving a static base for stable visual acquisition while si-
multaneously providing a tight coupling with the system’s actuation with no risk of
mechanical interference. Using motion capture (mocap) data of the HSA actuator’s

tip pose as ground truth, we develop and train a convolutional neural network (CNN)
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Tip Pose

Cameras

Figure 1-1: Overview of the sensorization approach. Proprioception through
vision in handed shearing auxetic (HSA) actuators. Cameras are placed at the distal
end of the HSA-based actuator (top left) that record the interior of the HSAs (bottom
left). A trained CNN takes these camera images as input to predict tip pose (top
right) and horizontal tip force (bottom right).
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to proprioceptively predict the actuator’s tip pose during free, unloaded bending. We
then load the HSA actuator with weights and use the same model to predict the
contact force acting on the actuator during stationary motifs. The high resolution
of the onboard cameras allows us to fully capture the HSAs’ complex range of mo-
tion, providing accurate and repeatable predictions for tip pose and contact force on
previously unseen test data. In the case of free bending, our model predicts the tip
position with a mean absolute error (MAE) of 0.10 mm, matching the accuracy at
which the mocap system records the real-world data. When predicting contact force
and tip pose simultaneously, our model achieves an MAE of 0.04 N on the force and

an MAE of 0.27 mm on the positions.

1.1 Contributions

While similar methods have employed deep learning for proprioceptive and tactile
feedback in other soft sensorized robots [59, B4, B1, @, (0], our methods provide
more accurate predictions and a more lightweight approach. First, utilizing cam-
eras for sensing enables a lightweight model compared to the recurrent neural net-
works (RNNs) required for soft sensorized robots with hysteretic, piezoresistive sen-
sors [64, 59]. Our final model for tip pose prediction deployed on a single-board
computer takes on average 18 milliseconds to process a frame read in by the cam-
eras. Furthermore, our CNNs heavily reduce the size of the data sets required for
training, which consequently reduces the overall training time required for this sens-
ing approach. For example, we achieve our predictions of tip pose and tip force
with only a few minutes (=~ 6 min) of video data. Most importantly, the motorized
nature of our HSAs yields a more robust strategy for developing soft robots appropri-
ate for long-term deployment compared to fluidically actuated varieties [3]. Finally,
HSAs are difficult to sensorize by other methods, and we use vision to integrate
perceptive capabilities with a new class of soft robotic actuators. Our methods can
be readily applied to other hollow-bodied or sparse structured systems and add to

a growing body of work highlighting the unique benefits of vision-based sensing in
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(soft) robots [68, 48 [65, [66]. Overall, we contribute:

e A new HSA-based soft robot device with integrated cameras and internal LED

arrays for controlled lighting conditions,

e A data-driven deep learning approach for proprioceptive sensing in HSA-based

soft robots, and

e A demonstration of simultaneous proprioceptive and contact force sensing in

HSA-based soft robots.

1.2 Thesis Outline

This thesis is in large parts based on a manuscript co-written by the thesis author
that is being reviewed for publication at the time of writing: “Perception through
Vision for Soft Robotic Fingers Based on Handed Shearing Auxetics” [69].

The remainder of this thesis is organized as follows: Chapter [2| provides back-
ground on soft robots (Section and handed shearing auxetics-based actuators
(Section , and reviews existing approaches to perception for soft robots (Section
. Chapter (3| proposes the sensing approach, introducing hardware design (Section
, sensor and actuator components (Section , data acquisition methods (Sec-
tion , and neural network architecture (Section . To demonstrate its viability
for soft sensing, the sensing pipeline is put to the test in Chapter [df Experimental
setups are proposed (Section and the results for tip pose prediction (Section
and horizontal tip force prediction (Section are evaluated. Finally, Chapter
concludes the thesis and discusses the limitations of the approach, future work, and

lessons learned by the author.
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Chapter 2

Related Work

2.1 Soft Robots

Soft robotics is an emerging field that deals with robots made out of mechanically
compliant materials which deform significantly in comparison to their counterparts
made out of joints and rigid links [43] 57]. Inspired by animals that evolved to have
soft bodies with elastic elements like tendons and muscles, researchers are trying to
mimic their dexterity and dynamic abilities required for robust interaction with the
world [5, 2I]. Soft robots designed to be compliant and inherently safe represent
a paradigm shift from conventional rigid robots that are primarily designed to be
accurate and stiff under loads [5].

Soft robots find applications in a variety of real-world tasks thanks to their compli-
ance and flexibility. They excel in applications where they can squeeze, stretch, grow,
and morph — abilities conventional rigid robots typically do not possess [26]. Through
their mechanical compliance, soft robots promise robustness and safer human-robot
interactions [39, [7, 25], for example when working alongside humans [23]. Soft robots
also find applications as medical devices, for example serving as exoskeletons for reha-
bilitation [40], or assisting in surgery and medical procedures [41], 42]. Furthermore,
soft robots demonstrate extraordinarily robust performance on complicated tasks in-
volving uncertainty, like grasping [52), [1, 17, 44, 4, 29] or manipulation [34, 25 [13].

For example, soft vacuum-based grippers can snuggle up against the surfaces of the
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grasped objects and grasp a wide range of objects of various unknown shapes and
sizes without the need to specify exact motor commands or grasp forces [29]. On the
contrary, when using a rigid gripper to grasp a fragile item, the slightest inaccura-
cies in sensor signals or actuation commands may lead to a breaking item. While
rigid robots can be damaged themselves due to their lack of compliance, soft robots
are shown to withstand extreme loading conditions, such as heavy blows of a ham-
mer [47, 56, 13]. Soft robots also have the ability to adapt to harsh environments,
which makes them viable for search-and-rescue operations. For example, snake-like
soft robots can crawl and navigate through various terrains |8, [14, [62], and humanoids
can explore areas too dangerous for humans in a post-earthquake scenario [37].
However, the versatility of soft robots comes at a cost. Their low-stiffness materials
deform continuously, often described as having practically infinite degrees of freedom
[43]. Soft robots are thus heavily underactuated. Furthermore, their materials un-
dergo large deformations and show nonlinear material behavior on the constitutive
level like hyperelasticity. Time-varying effects like long-term drift and viscoelasticity
result in rate-dependent deformation behavior, stress relaxation, creep, and hystere-

sis, which make soft robots hard to model.

2.2 Handed Shearing Auxetics

Handed shearing auxetics (HSAs), first introduced in [30], are a class of metamaterials
that couple shearing with extension through form. More specifically, the internal
cellular pattern of an HSA asymmetrically enables a chiral coupling between extension
and rotation. When tessellated on a cylindrical surface, the HSA pattern gives rise to
a compliant linear actuator that extends in the axial direction when twisted at its end.
Joining four of these linear actuators rigidly at their tops in a 2x2 arrangement and
driving them via servo motors at their bottoms yields an electrically actuated robotic
platform with four degrees of freedom that is capable of bending in two directions,
twisting, and elongating [30]. Adding additional material along a diagonal on the wall

of a cylindrical HSA constrains the HSA on one side and causes it to bend instead
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of axially elongate. To build a soft robotic finger, two constraint HSA cylinders with
left- and right-handed structures are rigidly joined together at their tops and driven
by counter-rotating servo motors at their bottoms. Thus, pairing HSAs of opposite
handedness gives rise to compliant, soft robotic actuators with actuation behaviors
that bypass the need for cumbersome auxiliary hardware components like pistons
and compressors required for other soft robotic actuators [3, 58]. These HSA-based
grippers were shown to outperform their fluidically-driven counterparts in terms of
speed, energy efficiency, strength, compactness, and puncture resistance [3].

Up until recently, fabricating HSA-based actuators involved cutting out the pat-
tern from off-the-shelf polymer tubes on a rotary laser machine. Reliance on cus-
tomary products, combined with the mechanical requirement to have a material with
high elongation at break, restricted the material choice practically to extruded Teflon
(polytetrafluoroethylene, PTFE) tubes. Inconsistencies in quality from off-the-shelf
material and inaccuracies in the laser cutting equipment limited design flexibility. As
shown in recent work, 3D printing HSAs via digital projection lithography enables
more flexible design, a greater range of materials, and generally wider adoption of
HSAs [58]. State-of-the-art HSA-actuators are printed out of Flexible Polyurethane
50 (FPU 50), a proprietary polymer resin mixture by Carbon Inc. This leap in manu-
facturing has led to a series of works that study HSAs in greater detail. First attempts
were made to model the kinematics of HSAs using a piecewise constant curvature as-
sumption [10]. More variations of the auxetic pattern were designed and shown to

increase the range of forces and stiffness by orders of magnitudes [12].

2.3 Soft Robotic Perception

Prior work in soft robotic perception generally falls into two categories: sensorization
via devices or sensorization via soft materials [64] [2]. For device-based sensorization,
there are exogenous sensing methods with cameras and motion capture [6l, [19], as well
as endogenous sensing approaches, where off-the-shelf rigid sensors are strategically

integrated within soft robotic bodies. Endogenous rigid devices include bendable
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flex sensors [15] [38], [TT], optical fibers [45], 28], Hall effect sensors [32], slide poten-
tiometers [28], microphones |71}, 53], and distributed IMUs [67, 46, [16]. Popular
materials-based soft robotic sensing strategies commonly use sensors fabricated from
piezoresistive composites like conductive nanoparticle-filled elastomers [22], 49, [54] 59],
hydrogels [24], ionogels [61} [60], conductive liquids 35} 63], and elastomeric waveg-
uides [55, 70, 18]. These sensing strategies have also been incorporated into deep learn-
ing pipelines for proprioceptive and tactile sensing in soft robots |59, 54], 311, [} 50].
Each of the aforementioned sensing strategies has disadvantages. Exogenous sens-
ing methods are not truly integrated into the robot’s body, complicating its proprio-
ceptive and tactile sensing. Endogenous sensing with rigid devices presents mechan-
ical interfacing challenges, have limited design flexibility, and do not always provide
intuitive feedback. Conversely, soft matter sensors are prone to time-varying, hys-
teretic feedback, environmental sensitivity, drift, and long-term issues with reliabil-
ity. Finally, all of these methods present issues related to the intrinsic limitations
of available methods for designing and fabricating soft sensorized robots with high

spatiotemporal resolution sensing [64] 2.
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Chapter 3

Sensing Pipeline

3.1 Design Overview

In this work, we sensorize HSA-based soft actuators by integrating a camera in each
HSA cylinder (Fig. . The patterns of light detected by these cameras depend on
the bending of the cylinder and are streamed into a neural network trained to provide
accurate proprioceptive feedback.

As shown in Fig. [3-1 we use a bending HSA-based actuator design previously
used in HSA-based manipulators [3, 58]. A pair of HSAs with opposite handedness
are fabricated with fine constraints added along the HSA pattern diagonal that limit
linear expansion to drive directional bending. At the distal end of the actuator, the
HSAs are rigidly joined together with a top mount that provides reaction torques to
each HSA when rotated at the base. At the base or proximal end of the actuator, the
HSAs are connected to servo motors using rotating sockets, completing the setup of a
so-called HSA finger. Servo motors are connected to a GPU-accelerated single-board
computer (NVIDIA Jetson Nano) via USB and controlled with a maximum velocity
in position control mode.

The HSAs’ hollow cylindrical form and the actuator’s structure enable sensoriza-
tion with cameras (Fig. [3-1). We position fixed-focus cameras at the rigid, non-
rotating adapter at the distal end of the actuator. The cameras record the interior

of each HSA as shown in Fig. [3-2 However, HSAs are sparse structures; images
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HSAs

| “ " Rotating Sockets (Base)

Gear System

Servo Motor 2 cm

Figure 3-1: Exploded view of hardware design. The HSA-based soft robotic
actuator is equipped with integrated cameras for perception through vision. The
inset shows one HSA’s camera surrounded by a ring of LEDs on our custom PCB.
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Figure 3-2: Internal and external view during bending. Camera images of
the HSA-based actuator’s interior (top row) are provided for corresponding bending
states (bottom row). The columns of images from left to right show the actuator at
rest, at an intermediate bending state, and in a fully bent state.

recorded by the cameras will be affected by changes in ambient light. Vision-based
sensing modalities are sensitive to ambient lighting conditions, especially in low-light
conditions [65]. To make our cameras robust to changes in lighting conditions in the
outside environment, we integrated an array of white surface-mount LEDs around the
camera. Finally, other works have shown that visually distinct markers help camera-
based sensors in pose estimation tasks [66] [48]. We glue a white piece of cardboard
onto the rotating sockets that has high contrast compared to the inner wall of the

HSAs. This marker facilitates the cameras’ visual tracking.

3.2 Actuators and Sensors

HSAs are 3D printed via digital projection lithography (Carbon M1 printer, Carbon
Inc) as reported in [58] using a proprietary photopolymer resin (FPU 50, Carbon
Inc). HSAs are printed with a length of 101.6 mm, an outer diameter of 25.4 mm,

and a wall thickness of 2.48 mm.
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Two 8-MP, fixed-focus Raspberry Pi Cameras (ArduCam IMX219) are used in the
actuator. One camera is positioned into each HSA via a custom PCB (Fig. Fig.
that is fixed to the 3D printed top mount (printed from UMA 90 resin, Carbon
Inc). Six white surface-mount LEDs are soldered onto each PCB. The LEDs are
powered by an external circuit, connected through a JST connector that is soldered
onto the bottom of the PCB. The top mount, modified from [3], enables power cables
for the LEDs and flexible flat cables (FFCs) for the cameras to be fed through the
non-rotating end of the actuator (Fig. . The cameras are connected to the Jetson
Nano with 15-pin FFCs, and the camera feed is read in with a GStreamer pipeline at

30 frames per second and a resolution of 480x 360 pixels each.

3.3 Data Collection

Our data for the machine learning model consists of training and test sets, each con-
taining input-target pairs made out of an image of the HSA interior and a 7D vector
(2,9, 2, ¢z, @y, =, Gw) Tepresenting the corresponding tip pose. The tip position is given
by p := (z,y, z) and the quaternion components are given by q := (¢z, ¢y, ¢z, qw), both
expressed in the base frame. Even though our pipeline takes a single image as input
to output a single pose, the data is recorded in takes for practical reasons, such as
hardware limitations of the Jetson Nano (e.g., RAM, hard disk size, and disk writing
speed) and easier synchronization between the camera and mocap data. Furthermore,
by recording whole takes instead of single images, we aim to include different actu-
ation motifs that capture non-linear, viscoelastic material behaviors that our HSAs
inherently exhibit.

The ground truth pose data is obtained with our mocap system using Motive
motion capture software (OptiTrack) and six OptiTrack Flex 13 cameras that record
at a frequency of 60 Hz with an accuracy of 0.2 to 0.3 mm. Our finger stands upright
in the mocap workspace. Sets of infrared reflective markers are attached at the HSA
top mount and base platform to define the tip and base frames, respectively. The raw

mocap recordings first undergo a rigid-body transform to the reference frame before
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we apply a Gaussian filter with kernel size 3 to reduce noise and down-sample them
by a factor of 2. During each take, we read in each camera feed on the Jetson Nano
and stack them horizontally to create a video of 960x360 pixels.

To synchronize the video recorded on the Jetson Nano with the mocap data
recorded on an external PC, we make use of a bright floodlight that is detectable
by the mocap system and outshines the LEDs inside the HSAs. Turning it on and off
at the beginning of each recording causes rapid intensity changes in the video that
can be synchronized with the appearance and disappearance of the floodlight in the
mocap data. All takes for the training set are then appended together and shuffled
before saving to the disk as single input-target pairs, emphasizing that our learning
pipeline learns no temporal pattern. For the test take, we retain the chronological
order for visualization purposes.

For force predictions, we additionally append the force component F, to the pose,
resulting in an 8D target vector, (2,9, 2, ¢z, ¢y, ¢z, Guw, F>). The ground truth force
label is obtained by approximating the loading history within one take as piecewise
constant (see Fig. . We obtain the force magnitude in Newtons by multiplying
the weights (in grams) by 5% and the time of loading and unloading by observing the
moment in the video and mocap data when the weights are put into and taken out

of the bucket. We then smoothen the transitions with a Gaussian filter with kernel

size 3.

3.4 Learning Architecture

As the actuator bends, the inside walls of the HSAs and the white base marking
move partly or fully out of sight. Consequently, the detailed structure of the inner
HSA walls is only fully observed when the actuator is in a bent state (see Fig. .
This property makes traditional methods from computer vision, like detecting and
tracking markers, non-straightforward to apply. Furthermore, learning-based models
have proven themselves useful in vision-based sensing for soft robots [66, 48] [65].

Therefore, we use an end-to-end CNN for this work.
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Figure 3-3: Machine learning pipeline for tip pose estimation. Top: Data
pipeline for our sensor involves 1) reading in two 480x360 px images from the camera
feed, 2) stacking them in their channel dimension and resizing them to 224 x224 px,
3) normalizing each channel to zero mean and unit variance (not shown), 4) feeding
them through a CNN to 5) output position (z,y,z) and orientation (q., gy, ¢z, Gw)
of the tip. Bottom: Architecture of best network. Created using [27]. Numbers
indicate size of feature map. All convolutional layers (Conv) use stride 1, and no
padding. All pooling layers (Pool) apply max pooling with kernel size 2, stride 2,
and no padding. A ReLU activation function is applied before each pooling operation
(not shown). After three successive Conv-ReLU-Pool operations, the feature maps
are flattened (Flatten) before sent through the fully connected layers (FC). Finally,
4 of out 7 outputs are normalized so the predicted quaternions have unit norm (not
shown).

Our machine learning pipeline is depicted in Fig. and fully implemented in
PyTorch. The data loader reads a batch of 32 RGB images of size 960x360 pixels
from the disk. Each image is first normalized to zero mean and unit variance in each
color channel dimension. Then, the image is separated into the two images originally
from each camera, stacked in their color channel dimension, and resized to 224 x224
pixels. Finally, these arrays of size 224x224x6 are fed into the CNN that outputs
the 7-dimensional vector defining the predicted tip pose. The ground truth tip pose
is normalized to zero mean in the dimensions corresponding to the position. We
choose to retain the different scales of the position dimensions to preserve the relative
importance of fitting the z-coordinate, the main bending direction, in comparison to

the others.
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As illustrated in Fig. [3-3 we employ a conventional CNN consisting of repeated
convolutional layers (Conv) followed by ReLU activation and max-pooling layers
(Pool). We then flatten the feature map and add a series of fully-connected lay-
ers (FC). Finally, we apply a normalization layer to the four dimensions of the output
corresponding to the orientation prediction, since orientations in 3D are described by
unit quaternions and their coefficients are 4-dimensional real vectors with norm = 1.

The distance between two quaternions is given by the geodesic distance on the 4D
unit sphere [33]. The Euclidean distance, which we use for position predictions, does
not take the curvature of the hypersphere into account. Furthermore, quaternions
with opposite signs describe the same 3D rotation, meaning one should restrict the
quaternions to one-half of the sphere. Instead of the preprocessing stage, one could
also alleviate this issue in the training stage by replacing the loss £(q, ¢) between pre-
dicted ¢ and real quaternion ¢ with a (n.b., differentiable) loss min {£(q, ¢), £(¢, —q)}
that accounts for the symmetry. However, we observe in practice that for our prob-
lem, training converges even if we use the simple mean squared error (MSE) loss
llg — Gl|3, which is based on the Euclidean distance. When quaternions are close, the
geodesic distance can be approximated with the Euclidean distance [20]. If training
is not successful, this simplification needs to be revisited. We introduce a quaternion
weight as additional hyperparameter to balance the relative importance of fitting the
position and the quaternions.

We tuned several hyperparameters: number of layers and their sizes, initial learn-
ing rate, learning rate scheduler, and quaternion weight. To select the best model
without overfitting, at the beginning of each training trial we split off 10% of the
training set randomly as validation set. We train each model for 100 epochs with the
Adam optimizer and retain the model with the lowest validation loss.

For force predictions, the output of the last fully-connected layer has an additional
dimension to predict F,. Similar to the quaternion weight, an additional hyperpa-

rameter force weight balances the importance of fitting the force relative to the pose.
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Chapter 4

Results

4.1 Experimental Setup

4.1.1 Tip Pose

In our first experiment, the goal is to create a vision-based sensing pipeline that
outputs the current 3D pose (position and orientation) of the tip in free-bending
based solely on the current image captured by the cameras. To characterize the tip
pose, we first define a reference coordinate system that is fixed onto the base platform
(base or reference frame), as indicated in Fig. . We then define a tip frame that
has its origin on the top mount and its axes parallel to the base frame when the
finger is in its at-rest, non-actuated configuration. The tip position is then given by
the vector that connects the origin of the base frame with the origin of the tip frame.
The tip orientation is given by the relative rotation of the tip frame with respect to
the base frame. We choose quaternions to describe tip orientation because they offer
a convenient way to represent rotations in 3D without suffering from singularities like
the so-called gimbal lock when using Euler angles.

For the training set, we record 11 experiments in which we continuously actuate
the finger back and forth between fixed configurations to sample uniformly across the
range of motion. Defining the rest configuration as 0% and the fully extended config-

uration as 100%, our training takes consist of 11 roughly equally long recordings ac-
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| Type | No. || Start [%] | End [%] | v [*] | Motif |

1 0 67 20 move
2 0 67 10 move
3 0 67 40 move
4 0 100 20 move
5! 0 100 20 move
Train | 6 0 100 10 move
7 0 100 40 move
8 33 100 20 move
9 33 100 10 move
10 33 100 40 move
11 33 67 20 move
Test 1 10 90 20 | move & hold

Table 4.1: Recordings for tip pose experiment. Recordings are split up into
training set and test set (Type). Start and End denote configurations of the actuator,
given as a percentage of the whole range of motion from the rest configuration (0%)
to the fully extended configuration (100%). The servo velocity v is given in units of
0.229 rpm. In the recordings for the training set, the actuator is moved back and
forth between Start and End without interruptions (move). For the test recording,
the actuator is moved between Start and End, but held in the respective extreme

position for a few seconds to imitate the actuation motif of a real grasp (move &
hold).
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tuated between start and end configuration (in %) at servo velocity v (in 0.229 rpm),
denoted as [start,end],: [0,67]0, [0,67]10, [0,67]40, [0,100]20, [0,100]50, [0,100]0,
[0, 100]40, [33,100]s0, [33,100]19, [33, 100]40, [33,67]20. To evaluate our trained model
in a realistic scenario, we obtain a test set in which we imitate the actuation motifs
used during a real grasp from a soft robotic gripper comprised of HSA fingers (as
in [3]). For this, we record one take as [10,90]50, but hold the finger at the 10% and
90% configurations for a few seconds (see Fig. , corresponding to the robot mov-
ing around and holding the grasped item, respectively. An overview of the collected
data set is given in Tab. The training and test sets consist of 11,531 and 1,318

data points, respectively.

4.1.2 Contact Force

In our second experiment, we load the finger and modify our pipeline to predict the
contact force on the tip in addition to its pose. Due to limitations of our current
setup inside our mocap workspace, we only consider forces that are normal to the
bending direction, i.e. parallel to the z-axis of the reference frame. Measuring the tip
pose relative to the base frame makes our data independent of the absolute position
of the mocap setup. This allows us to rotate the whole platform so we emulate forces
in the z-direction by loading under gravity (see Fig. {4-1)) without needing to make
changes to the preprocessing pipeline for the pose data. We attach a small cardboard
bucket to the tip into which we can put different weights, ranging from 10 to 100
grams. Since predicting contact forces and pose simultaneously is a harder problem
than only predicting pose, we add vertical black lines to the originally white base
markings (Fig. , providing a more informative visual feature to our sensor.

The training data for this experiment consists of 10 takes during which we load
the finger with a constant weight (0g, 50 g, 100 g, 150 g) and actuate the finger as
[0,100]g0. For each weight, we actuate the finger once without interruption (similar
to training data for pose prediction) and once while holding at 0% and 100% for
a few seconds (similar to test data for pose prediction). This yields eight takes.

Furthermore, we record two more training takes with no load where we hold the
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Base Marking

Finger Bending
Upwards
‘/r

Bucket for

Figure 4-1: Experimental setup for tip force prediction. The soft robotic
actuator is rotated so bending points in an upward direction. A bucket is attached to
the tip of the actuator to hold any added weights. The base marking pattern added
to the inside of the HSAs are indicated.
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’ Type \ No. H Start [%] \ End [%] \ v [*] \ Motif \ Weights [g]

1 0 100 20 move 0
2 0 100 20 | move & hold 0
3 0 100 20 move 50
4 0 100 20 | move & hold 50

Train 5 0 100 20 move 100
6 0 100 20 | move & hold 100
7 0 100 20 move 150
8 0 100 20 | move & hold 150
9 0 100 20 step 0
10 0 100 20 step 0

Test 1 0 0 0 hold {0,50,80,100,120,150}
2 0 0 0 hold {0,50,80,100,120,150}

Table 4.2: Recordings for contact force experiment. Recordings are split up into
training set and test set (Type). Start and End denote configurations of the actuator,
given as a percentage of the whole range of motion from the rest configuration (0%) to
the fully extended configuration (100%). The servo velocity v is given in units of 0.229
rpm. In the recordings for the training set, three actuation motifs are employed: 1)
The actuator is moved back and forth between Start and End without interruptions
(move). 2) The actuator is moved between Start and End, but held in the respective
extreme position for a few seconds to imitate the actuation motif of a real grasp (move
& hold). 3) The actuator is moved to and held at different configurations between
Start and End (step). In the test recording, the actuator is held still at the given
configuration (hold) and loaded and unloaded successively with the listed weights.

Note that weights of 80g and 120g are not included in the training set.
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actuator at various positions between 0% and 100% for a few seconds. For the test
data, we vary the weight within one take and hold the actuated configuration constant.
To evaluate the capabilities of our model to predict previously unseen forces, we
include weights that were not part of the training set (80 g, 120 g) in our two test
takes. An overview of the collected data set is given in Tab. The training and

test sets consist of 10,805 and 3,188 data points, respectively.

4.2 Tip Pose Prediction

4.2.1 Model Training

The set of hyperparameters that minimize the validation loss in our trials is given by:
a learning rate starting initially at 0.001 and exponentially decaying by 1% per epoch;
a quaternion weight of 100; and a CNN architecture shown in Fig. The network
consists of three convolutional layers with kernel sizes 5x5x6, 5x5x6, and 1x1x1,
respectively. Two fully-connected layers with output and input size 512 connect the
flattened feature maps with the CNN output. The network has roughly 300,000
trainable parameters, and the training for 100 epochs takes ~ 100 min on a single

GPU (NVIDIA GeForce RTX 3090).

4.2.2 Model Evaluation

To obtain our final model for deployment, we retrain with the best hyperparameters
on all the available training data (i.e., without splitting off 10% for the validation set)
for 300 epochs. To get an unbiased estimate of the model performance in a real-life
setting, we evaluate our final model on the test set, which was neither used to train
any model nor used to inform the model selection process. The predictions on the
test set are shown in Fig. [4-2] Our final model achieves a mean absolute error (MAE)
on position predictions of 0.10 mm and therefore achieves the same order of accuracy
with which the mocap system measures the real tip position (0.2-0.3 mm). On the

scale of the whole system, the tip pose predictions are virtually indistinguishable from
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Figure 4-2: Predictions of tip pose. Ground truth and model predictions for the
tip pose - defined by the position (left column) and orientation (right column) - are
provided over time as the red and black plots, respectively. The data corresponds to
the actuation sequence from our test set, where the actuator is cyclically bent and
held in at-rest or bent configurations for variable periods of time. The photograph
insets for x versus time show the actuator in the at-rest (blue outlined image at left)
and fully-bent (orange outlined image at right) states. The first instance the actuator
is in these states is indicated across all plots by the shaded blue and orange bars.
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Figure 4-3: Data utilization analysis. Training results using various fractions of
the available training data. Test loss is plotted as a function of percent data uti-
lization. Inset images show the z-coordinate predictions of tip pose for the same
representative actuation sequence for the corresponding percentages of data utiliza-
tion. Logarithmic error bars are determined following [51].

the ground truth. The average inference time per frame of our model deployed on

the Jetson Nano is 18 milliseconds.

4.2.3 Data Utilization

During the training trials for hyperparameter tuning, we notice that the loss con-
verges quickly. This motivates us to systematically study the model performance
when trained on a randomly sampled fraction of the available data. The average per-
formance of totally five repetitions for data utilization rates of 100%, 10%, 1%, and
0.1% each is shown in Fig. [4-3] As we decrease the number of samples, the probability
of sampling a set of data points that covers the whole range of motion decreases. We
therefore expect the error variance to increase, which is consistent with our observa-

tions. However, on average we are still able to achieve sub-millimeter accuracy on
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position predictions (MAE of 0.16 mm for 10% and 0.42 mm for 1%). This comes at
the benefit of significantly reduced training times, from 100 minutes for 100 epochs
when using all the data, to 11 minutes when using 10%, and 1.5 minutes when using
1%. We postulate that in free-bending, it is conceivable that our CNN finds a one-
to-one mapping between camera images and tip pose easily, since different degrees of
bending (and therefore differently looking camera images) correspond to different tip
poses. However, when the finger is interacting with the environment, there could be
ambiguous mappings and the problem becomes generally much harder. For example,
a finger actuated to an intermediate bend (similar to Fig. [3-2 center) could have
an additional force pushing the tip back. For the right amount of force, the finger
could be almost perfectly vertical and the camera image could look very similar to

an unactuated finger with no load.

4.3 Contact Force Prediction

Reusing the CNN architecture for the pose prediction task, we tune the remaining
hyperparameters and find that a quaternion weight of 1, a force weight of 10, and
a constant learning rate of 0.001 minimize the validation loss. The performance
on one test take is shown in Fig. [{-4 Our model achieves an MAE of 0.03 N on
force predictions and an MAE of 0.27 mm on position predictions. We note that
our model successfully learned to predict forces not included in the training set (see
out-of-distribution data in Fig. . Results on the other test take are similar, with
force MAE of 0.04 N, and position MAE of 0.27 mm. Even though a strictly harder
problem, our model is still able to match the accuracy of the mocap system for the
position predictions.

We note the quasistatic nature of our CNN. Displaying the input-target pairs in
the test set in chronological order for convenience could create the impression that our
CNN learns the pattern of increasing weights. Since our CNN makes a prediction of
current pose and force based solely on the current image, it does not learn any history

or time-varying patterns as an RNN would. However, our quasistatic CNN predicts
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Figure 4-4: Force predictions. Force (top) and tip pose predictions, with tip po-
sition (bottom left) and orientation (bottom right), are provided over time for one
actuation sequence from the test set. Importantly, the model is never trained with 80
g and 120 g weights (corresponding to the second and forth peak, respectively, in the
Force vs. Time plot at the top) but still provides a satisfactory prediction. Ground
truth and prediction are indicated as the red and black plots, respectively, in all plots
(with labels removed in center and right plots for legibility). The mean absolute error
(MAE) of the force is 0.03 N, and the MAE of the position is 0.27 mm.
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values that are representative of time-dependent, viscoelastic material behaviors. For
example, as seen in Fig. 4-4 even though we load our finger with a constant force
through the addition and removal of weights, the finger keeps deforming slightly due
to viscoelastic creep of the HSA material. This results in our model predicting a force
that follows a creep-like response. This issue cannot be alleviated with better model
training, but it is inherent to vision-based sensing with soft robots constructed from

viscoelastic, architected materials.
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Chapter 5

Discussion

5.1 Conclusions

In this work, we have demonstrated a strategy for sensorizing a soft robot through
camera-based vision and electrically-driven HSA actuators. We have presented an
HSA-based soft finger design that incorporates two miniature cameras and internal
lighting control hardware to eliminate the influence of ambient lighting conditions.
We developed and trained a CNN using ~ 6 min of data that provides accurate finger
tip pose and contact forces for proprioceptive and tactile sensing capabilities. The
experimental data shows that our model’s prediction accuracy matches the fidelity
with which our ground truth data is captured. In addition, our model predicts the
soft finger’s tip forces with an absolute error of 0.04 N on forces that range from 0 to
1.5 N.

A key advantage of our strategy is the robustness from both a perception and
actuation perspective. The proposed vision-based strategy allows us to introduce a
reliable sensorization scheme that is not susceptible to the challenges that material-
based approaches usually introduce. This has important implications on the learning
side of our work: robust vision-based sensing enables shorter training times, highly
lightweight models, and seamless integration with machine vision platforms and GPU-
accelerated single-board computers. On the actuation side, the electrically-driven

HSAs provide a more reliable actuation approach compared to fluidic actuation.

45



Though we only required several minutes of training data in the current work, this
robust actuation strategy will be essential as we begin training our soft actuators in
more dynamic, contact-rich scenarios, an endeavor that will require long operating

times to collect the satisfactorily large data sets required.

5.2 Limitations and Future Work

On the hardware side, future improvements to this work include making HSAs from
polymer resins that are less susceptible to creep, improving hardware integration to
enable somatosensitive manipulation in contact-rich applications (e.g., rummaging
through piles of objects), and fusing our vision-based perception methods with other
integrated sensors for richer sensory feedback. Furthermore, the hardware design
could be improved to minimize obstructions by the camera and LED cables (see Fig.
1-1]). Thanks to the durability of the 3D printed HSAs, all of the data was collected on
one set of actuators. Investigating the robustness of the trained models to changing

the HSA cylinders would show the limitations of our current approach.

On the learning side, more sophisticated methods could be used to model time-
dependent effects like long-term material degradation. Even though actuator tip
pose is widely used, other state representations for downstream control could include
reconstructing the shape of the HSA fingers, extracting and tracking key points along
the actuator walls, and modeling the neutral axis of the HSA actuators as spline and
learning the spline parameters. Finally, it might even be possible to bypass picking an
explicit state representation by simultaneously learning control policies and implicit

latent state representations.

Even though best efforts were made to collect data that resembles a real actuation
sequence and to shield the inside environment from ambient light, the performance in
deployment can only be evaluated by putting the sensor onto a robot arm to perform

a real task.
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5.3 Lessons Learned

The technical knowledge I have acquired during this project includes dealing with
hardware and electronics, designing printed circuit boards, soldering surface-mount
components, working with motion capture systems, and writing efficient data loaders
for PyTorch. Furthermore, I gained appreciation for readily available and well doc-
umented open-source software tools from hardware-level C code to Python libraries
for machine learning.

Finally, I would like to elaborate on two key takeaways on the meta level that
working on this project resulted in:

Do not overthink. Probably because of my previous research experience in
computational mechanics, where it is common to deal with computations that take
hours, days, or sometimes weeks, I internalized the importance to get things right at
the very beginning. However, during this project, especially working with hardware,
I realized the impossibility to account for all kinds of outcomes beforehand and the
difficulty to nail the design at the first iteration. In most cases, I found the best
approach was to just do it: Prototype, identify weaknesses, fix them, iterate.

Most useful things are not taught in classes. Many of the things that greatly
improve my day-to-day workflow were not taught in any of the courses I took: efficient
data handling, version control, shell scripting, debugging, proper use of the command
line. To that end, I can really recommend the course “The Missing Semester of Your

CS Education”; taught during IAP at MIT and available at full length onlineﬂ

'https://missing.csail.mit.edu/
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Appendix A

Figures
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Figure A-1: Top mount design. Modified design of the top mount from [3], with
additional cutouts to accommodate for LED power connectors (square), camera cables
(slit), and PCB fixation (small holes).
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Figure A-2: PCB design for camera and LEDs. Top: Front view (left) of the
PCB, with the exposed copper to connect 6 surface-mount LEDs. Back view (right)
with the exposed copper to fixate (outer two) and to connect (inner two) the JST
connector. Middle: Full top (left) and bottom (right) copper layers. Bottom:
The underlying circuit diagram of the PCB. We note that we use an external circuit
to control the current supplied to this board. PCB drawings are provided by the
manufacturer, OSH Park. Schematic is created using Autodesk EAGLE.
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