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Abstract

The manipulation of soft materials presents a longstanding challenge in robotics due to
their nonlinear, variable, and often unpredictable physical properties. Traditional control
strategies either require complex physical modeling or extensive data collection, limit-
ing their applicability in dynamic, real-world settings. This thesis proposes a model-free,
vision-based adaptive impedance control framework that enables collaborative robots to
regulate contact forces during manipulation using only real-time visual feedback. By dy-
namically adjusting stiffness based on vision measurements of object deformation, the
framework allows for compliant and adaptive interaction with a wide range of soft materi-
als without prior knowledge of their physical characteristics.

The effectiveness of the framework is demonstrated through two representative stud-
ies. The first, VAIRO (Vision-based Adaptive Impedance-control Robotic framework),
addresses the challenge of rolling croissant dough in a craft bakery setting. This study
involved using a standalone stereo vision camera to monitor the rolling process of puff
pastry into croissants with a robotic manipulator. Employing RGB-D data and real-time
image processing, VAIRO detects and segments croissant layer thickness and inter-layer
gaps, which are used to adapt the stiffness of a Cartesian impedance controller. The result
of the study showed VAIRO creating croissants closer to artisinal quality compared to a
constant stiffness approach, where VAIRO produced croissants with up to 6 times less
variance in heights and mean error of heights less than 0.51mm.

The second study, VAISI (Vision-based Adaptive Impedance-control for Surgical In-
cisions), applies similar methodology to perform depth-controlled incisions in soft bio-
logical tissues using point-clouds captured by a stereo vision-enabled scalpel end-tool on
the robotic manipulator. Using geometric measurements on the point cloud, the scalpel’s
depth and skin tissue deformation is tracked in real-time to adapt both the incision depth
and force through visual servoing and stiffness adaptation of the Cartesian impedance con-
troller. VAISI demonstrated the capability to create incisions with sub-millimeter accuracy
and a maximum variance in incision depths of 1.23mm.

The vision-based adaptive impedance control framework presented in this thesis offers a
foundation for future research in flexible automation, medical robotics, and other domains
requiring interaction with soft materials. This contributes towards the goals of Industry
4.0—namely, adaptable and robust robotic systems.
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Chapter 1

Introduction

As Industry 4.0 progresses, CoBots are being increasingly adopted in various industries with
their smaller footprint compared to common industrial robots and 
exibility in performing
tasks [66]. Their design to work alongside humans provide the added bene�t for integration
in smaller workspaces, allowing for a greater range of industries and environments, such
as surgery, therapeutics, and manufacturing, to leverage this technology [66]. The role of
robotics has shifted towards their integration with intelligent systems, being 
exible and
adapt to work e�ciently to complete their tasks [27]. This involves using sensors and data
for robots to determine their actions. As society continues to adopt CoBots to complete a
greater variety of tasks, the adoption of intelligent systems and greater research is needed
on control methodology to handle complex materials, such as soft objects.

Robots have been widely used in industrial settings, designed for automation in highly
controlled environments [76], and for repetitive tasks [41]. In manufacturing spaces, manip-
ulated objects' positions are often precisely controlled in automated manufacturing lines,
whether that be with robotic manipulators or conveyor systems. Environmental conditions
such as temperature and humidity are also controlled such that the manipulated materials
are always in the same state. Further, most industrial manufacturing is targeted at the
manipulation of rigid objects [87]. The great amount of control that is invested into mak-
ing sure objects are in the same state and position allows robotic controls to be simpli�ed
to the point of simple position control, yet still remain robust due to the consistency of
the conditions. However, this is very costly. Most small-medium sized enterprises could
not a�ord this kind of control. In addition, as we look into integrating robotics further
into society, this high level of environmental control is simply not feasible to implement
everywhere in the real-world. Robots must be 
exible and easy to integrate into a work
environment to align with the Industry 4.0 paradigm [41]. Therefore, the ability to adapt
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to uncontrolled environments and situations must be accounted for in robotics in order for
robots to be integrated into society.

CoBots, or robotic manipulators in general, are not often used today to interact with
soft material. The problem of soft material manipulation has historically been less inves-
tigated compared to rigid object manipulation due to the complexity of the problem [85].
Soft objects pose a signi�cant technical challenge as their deformation must be sensed or
modeled for the robot controls to adapt to their changes. To compound this problem, many
soft objects have di�erent properties from variations in their composition and in various
environmental conditions. Consequently, applications that require handling of soft materi-
als often rely on highly specialized and in
exible equipment designed for speci�c materials
and conditions, contributing further to system complexity and cost, a contradiction to the
principles of Industry 4.0, which advocates for adaptable and cost-e�ective automation
solutions.

In the domain of robotic manipulation and learning, most of the recent progress primar-
ily focuses on rigid objects. For example, Wolf et al. [83] review di�usion models for robotic
manipulation, highlighting advances in trajectory generation, grasping, and task plan-
ning|none of which speci�cally address soft material manipulation. Similarly, Sapkota et
al. [64] survey vision-language action models where manipulation tasks are predominantly
limited to object handover, pick-and-place operations, and grasping rigid bodies. Deep re-
inforcement learning (DRL) approaches also face signi�cant challenges when applied to soft
materials; as reviewed by Han et al. [29], DRL techniques typically require either highly
accurate simulation models or substantial real-world training data. However, the inherent
high-dimensional and nonlinear nature of soft materials complicates the development of
accurate simulation environments and impedes the feasibility of large-scale real-world data
collection. Although initiatives such as SoftGym [51] and Nvidia, Disney Research, and
Google DeepMinds's collaboration on Newton1 have begun e�orts to simulate soft material
manipulation for DRL, their focus remains limited to ropes, fabrics, and 
uids|materials
that exhibit relatively low variability in physical properties and environmental sensitivity.
In contrast, many soft materials encountered in real-world applications demonstrate sub-
stantial variability in mechanical properties depending on composition and environmental
conditions. As a result, robust generalization across varying material properties would
necessitate extensive real-world demonstrations or sophisticated adaptive models, further
complicating the learning process. The complexity of soft material dynamics, combined
with the challenges in modeling and data acquisition, has signi�cantly hindered progress
in this �eld, leaving soft material manipulation as an open and pressing research problem.

1https://github.com/newton-physics/newton
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Nevertheless, interaction with soft materials is pervasive across a multitude of everyday
and industrial activities, encompassing applications in food handling, textile management,
and medical procedures involving biological tissues. The prevalence of soft material in-
teractions, coupled with the comparatively limited research attention in this domain, un-
derscores a signi�cant research frontier. In the domain of soft material manipulation, a
large majority of the research that has been done are model-based approaches [28,82,85],
requiring the target material dynamics to be modeled for feedback. However, modeling soft
materials is not desirable as many soft materials exhibit highly nonlinear and variable dy-
namics that are di�cult to capture accurately. Such models often fail to generalize across
di�erent materials or environmental conditions, limiting their e�ectiveness in real-world
applications.

Building upon these insights, the research presented in this thesis proposes a model-
free, vision-based approach to soft material manipulation. By leveraging visual sensing,
this work directly addresses the challenges posed by the high-dimensional, nonlinear, and
variable physical properties of deformable soft materials. Vision systems enable rich, real-
time perception of object deformations without the need for complex analytical models,
thereby providing the 
exibility required to handle diverse material behaviors and environ-
mental variations. Speci�cally, this work employs visual feedback to adaptively regulate
contact forces through the real-time adjustment of Cartesian impedance control param-
eters. The proposed vision-based adaptive impedance control framework capitalizes on
recent advances in sensing technologies to enhance robotic adaptability and robustness,
introducing a novel pathway toward achieving reliable and generalizable soft material ma-
nipulation.

1.1 Thesis Contribution and Outline

This thesis contributes to the emerging �eld of soft material manipulation by introduc-
ing a novel vision-based adaptive impedance control framework. The proposed approach
is model-free, eliminating the need for extensive datasets or analytical physics models to
estimate the deformations of soft objects. Furthermore, this work aims to demonstrate the
framework's generalizability by achieving successful manipulation across materials with
varying compositions and properties. The e�ectiveness and versatility of the proposed
framework are demonstrated through two distinct investigations: one in the context of ar-
tisinal food production and another in surgery, illustrating its applicability across domains.
The key contributions of this thesis are outlined as follows:
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ˆ Chapter 1 introduces the motivation and problem statement that frames the context
for this research.

ˆ Chapter 2 provides background on adaptive impedance control, stereo vision, image
processing, and soft material manipulation, forming the theoretical foundation for the
proposed framework.

ˆ Chapter 3 presents the �rst investigation of this work,VAIRO (V ision-basedA dap-
tive I mpedance-controlRO botic framework), which applies the proposed method to
the task of rolling pu� pastry for croissant preparation. This work was accepted
to the 2025 34th IEEE International Conference on Robot and Human Interactive
Communication (RO-MAN).

ˆ Chapter 4 presents the second investigation,VAISI (V ision-basedA daptive I mped-
ance-control forSurgical I ncisions), focusing on achieving depth-precise incisions in
soft biological tissues. The tool design involved in this chapter was accepted asSee,
Cut, Control: A Stereo Vision Scalpel for Surgical Roboticsin the 1st International
Workshop on the Evolving Landscape of Surgical Robotics (ELSR 2025), held at the
2025 42nd IEEE-RAS International Conference of Robotics and Automation (ICRA).
The full work was accepted to the 2025 24th IEEE-RAS International Conference on
Humanoid Robots (HUMANOIDS).

ˆ Chapter 5 concludes the thesis by summarizing the contributions and discussing
potential directions for future research in vision-based adaptive impedance control
for soft material manipulation.
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Chapter 2

Background

2.1 Adaptive Cartesian Impedance Control

The aim of this work is to develop a control framework capable of modulating contact forces
while executing a desired motion trajectory. Among various compliant control strategies,
impedance control is particularly well-suited for this objective, as it accepts motion input
and produces a corresponding force response [35]. In contrast, alternative compliant control
strategies such as admittance control, which requires force input and yields motion output
[35], or direct force control, which tracks a prede�ned force trajectory, are less compatible
with the goals of this work. These approaches do not inherently support simultaneous
motion execution with adaptive force modulation, making impedance control the most
appropriate choice for the envisioned tasks.

This section begins by introducing the fundamental implementation of Cartesian imped-
ance control. The following builds on this foundation by describing how impedance control
is made adaptive for dynamic contact force regulation.

2.1.1 Cartesian Impedance Control

Cartesian Impedance control was developed as a compliant control strategy for robotic
manipulators to dynamically interact with its environment [35]. Compared to other control
strategies such as position or torque control, impedance control distinct itself as it attempts
to implement dynamic relation between both manipulator end-point position and force
rather than just control these variables alone [35].

5



Figure 2.1: The robots used in this thesis: The Kinova Gen3 (left) and the KUKA LBR
Med (right)

Impedance control establishes a relationship between displacement and velocity with
force through sti�ness and damping, respectively. The sti�ness relation,K 2 R6� 6, is
expressed by

FK = K (x0 � x) (2.1)

where FK 2 R6 is the Cartesian force exerted by the end-e�ector from sti�ness,x0 2 R6

is the desired end-e�ector position, andx 2 R6 is the measured end-e�ector position [35].
For robotic manipulators with joint-torque actuation and sensing capabilities, such as the
CoBots used in this thesis: the Kinova Gen31 and the KUKA LBR Med 2, see Fig.2.1,
this relation can be extended to the joint-space to solve for the joint torques,� K 2 R7,
needed for the robot to exhibit sti�ness behaviour using the robot's Jacobian calculated
at the end-e�ector, J (q) 2 R6� 7. The CoBots used in this work all have 7 joints, thus the
joint-space is inR7, and its joint angles are represented asq 2 R7.

� K = J T (q)FK (2.2)

Using this relation in eq.2.2, the joint torques required for the CoBot to exhibit Cartesian

1https://www.kinovarobotics.com/product/gen3-robots
2https://www.kuka.com/en-ca/industries/robots-used-in-medicine/kuka-solutions-for-medical-

robots/lbr-med-medical-robot
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impedance behaviour from end-e�ector displacement can be described by

� K = J T (q)K (x0 � x) (2.3)

Furthermore, damping,D 2 R6� 6, is expressed by

FD = Dv (2.4)

whereFD 2 R6 is the damping force,v 2 R6 is the measured end-e�ector velocities of the
CoBot. Again, using the Jacobian relation, the end-e�ector velocities can be found from
the measured joint velocities of the CoBot using

v = J (q) _q (2.5)

where _q 2 R7 is the measured joint velocities of the CoBot. Using the relations of eq.2.2
and eq.2.5, the joint torques,� D 2 R7, required for a CoBot to express Cartesian damping
behaviour can be described by

� D = J T (q)D(J (q) _q) (2.6)

Summing the sti�ness and damping torques from eq.2.1 and eq.2.6, respectively, the
torque required for a CoBot to achieve Cartesian impedance behaviour,� ci , is expressed as

� ci = J T (q)(K (x0 � x) + D(J (q) _q)) (2.7)

In order to implement Cartesian impedance control, however, robot dynamics must also
be accounted for. The dynamics of a robotic manipulator can be captured by the following
dynamic equation of motion [71]

M (q)•q+ C(q; _q) _q+ g(q) + J T (q)Fext = � (2.8)

where M (q) 2 R7� 7 is the inertia matrix, C(q; _q) 2 R7� 7 captures the e�ects of Coriolis
and centripetal forces,g 2 R7 represents the e�ect of gravity, andFext 2 R6 is the external
force acting on the end-e�ector. Therefore, the control torque,� c 2 R7, must compensate
for the inertial, Coriolis, centripetal, and gravity forces acting on the robotic manipulator,
while � ci , as expressed in eq.2.7, reacts to the external joint-torquesJ T (q)Fext to exert
Cartesian impedance behaviour. Therefore, the control torque,� c 2 R7, for Cartesian
impedance control becomes as follows

� c = J T (q)(K (x0 � x) + D(J (q) _q)) + M (q)•q+ C(q; _q) _q+ g(q) (2.9)
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2.1.2 Adaptive Cartesian Impedance Control

In principle, sti�ness, K , and damping,D, parameters can be kept constant if �xed inter-
action forces are desired for a given task. However, adaptive impedance control, also known
as variable impedance control, has been a popular and e�ective strategy for enabling robots
to interact with dynamic environments [1]. Recent studies have predominantly adopted
learning-based approaches, both o�ine and online, to modulate impedance behavior in
contact-rich tasks [1]. Among these, online learning methods have demonstrated e�ective-
ness for tasks involving interactions with unknown objects and environments.

Adaptive impedance control works by modulating the sti�ness,K , and damping, D,
parameters of eq.2.7. As the term suggests, sti�ness governs the interaction forces based
on the deviation of the robot's end-e�ector from a desired position. Consequently, a higher
sti�ness results in stronger interaction forces, while a lower sti�ness leads to more compliant
behavior. This enables a direct mapping between task force requirements and sti�ness:
increasing sti�ness when greater force is needed, and decreasing it when a softer interaction
is desired.

On the other hand, damping modulates interaction forces based on end-e�ector velocity.
However, in contact-based tasks|such as those investigated in this work|the robot is
expected to remain in continuous contact with the object, leading to minimal end-e�ector
velocity. Thus, the e�ect of damping on force modulation is relatively limited in such
scenarios. For this reason, the damping parameter is �xed in this work to achieve critical
damping, using the standard relationship:

D = 2�
p

K (2.10)

where the damping factor,� , is set to 1. Furthermore, setting the controller to critical
damping enables more isolated and consistent analysis of force modulation through sti�ness
alone in this work.

2.2 Stereo Vision

Stereo vision has become a more accessible technology in recent years thanks to the wider
range of o� the shelf stereo camera hardware, software, and algorithms becoming available.
This propelled the use of stereo vision in robotics as it allows 3-dimensional scene repre-
sentation of a robot's environment for feedback, which is especially important as robots
are continuously being deployed in new environments.
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Figure 2.2: Point projection to the image plane3 [13]

To understand how stereo vision captures a 3-dimensional (3D) scene, it is �rst essential
to examine how a 2-dimensional (2D) image is formed using a single camera. According
to the Image Formation chapter in Robotic Vision by Peter Corke [13], image formation is
governed by a projection model. A real-world pointP = ( X; Y; Z ) in 3D space is projected
onto the image plane as a pointp = ( x; y; z), and subsequently represented in a digital
image as a 2D pixel coordinate (u; v), as illustrated in Fig. 2.2. By applying the principle
of similar triangles, the projection from 3D to the image plane is de�ned as:

x = z
X
Z

; y = z
Y
Z

(2.11)

The transformation from image plane coordinates to pixel coordinates involves the cam-
era intrinsics, which encapsulate the hardware con�guration of the camera. Key intrinsic
parameters include:

ˆ The focal length, f , representing the distance from the camera origin to the image
plane along the optical axis,

3Reproduced with permission from Springer Nature
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Figure 2.3: The Intel RealSense D405 camera used in this thesis

ˆ The principal point, (u0; v0), where the optical axis intersects the image sensor,

ˆ The physical pixel dimensions,� u and � v, representing the real-world width and
height of each pixel, respectively.

Using these parameters, the pixel coordinates (u; v) are related to the image plane
coordinates by:

u =
x
� u

+ u0; v =
y
� v

+ v0 (2.12)

Substituting Eq. 2.11 into Eq. 2.12, the projection from real-world coordinates to image
pixels becomes:

u =
fX
Z� u

+ u0; v =
fY
Z� v

+ v0 (2.13)

Although the camera intrinsic parameters are preserved during image capture, the
depth term Z is lost, making it impossible to recover the full 3D coordinates (X; Y; Z )
from a single image alone. This fundamental limitation necessitates the use of stereo
vision, which employs two spatially separated cameras to recover depth information by
triangulating corresponding image features across both views, thereby reconstructing the
full ( X; Y; Z ) position of points in the scene.

The stereo camera used in this work is the Intel RealSense D4054, see Fig.2.3. This
camera has parallel-axis camera geometry (i.e. the two camera sensors are aligned horizon-
tally) and provides dense stereo matching, where the real-world (X; Y; Z ) coordinates are

4https://www.intelrealsense.com/depth-camera-d405/
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Figure 2.4: Example of �nding the disparity of a point between the left and right sensor
images from a parallel-axis stereo camera5 [14]

computed for every pixel in the image. According to theStereo Vision chapter in Robotic
Vision by Peter Corke [14], stereo vision estimates the (X; Y; Z ) positions of pixels by
using the disparity of real-world points in an image taken from two di�erent viewpoints. If
the pixel coordinates corresponding to a point are (uL ; vL ) from the left image sensor and
(uR ; vR) from the right image sensor, thenvL = vR because of the camera's parallel-axis
geometry, and the disparity of the point in the two images isd = uL � uR . For a pixel
(uL ; vL ) in the left camera sensor, the same pixel is at some coordinate (uL � d; vL ) in the
right camera sensor. To compute the disparity, a square template windowT of sizeN � N
is extracted around the pixeluL in the left image. This window is then slid horizontally
along the corresponding row in the right image. The most similar matching window is
identi�ed, and the disparity d is computed. This concept is illustrated by an example
depicted in Fig.2.4.

With the additional information provided by the disparity d, de�ned as the horizontal
pixel di�erence between corresponding points in the left and right images, and the known
baselineb, which is the physical distance between the two camera sensors, the real-world
coordinates of image points can be recovered.

To compute theX coordinate of a point, consider the horizontal displacement in pixel
units from the principal point, u0, in the left camera image, denoteduL . By geometric
similarity, the pixel ratio uL � u0

d is equivalent to the physical ratioX
b . Solving for X yields:

5Reproduced with permission from Springer Nature
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X =
b(uL � u0)

d
(2.14)

Similarly, the vertical displacement from the principal pointv0 can be used to solve for
the Y coordinate:

Y =
b(vL � v0)

d
(2.15)

Using the concept of similar triangles again, the following relation must hold

Z
X

=
f

� u(uL � u0)
(2.16)

and substituting in Eq.2.14,Z can be found:

Z =
fb
d� u

(2.17)

Using Eqs.2.14, 2.15, and 2.17, the physical (X; Y; Z ) location of a point can be found,
with respect to the left sensor on a stereo camera.

With this foundation, stereo vision data can be utilized in two primary ways: as
Red,Green,Blue (Colour) - Depth data (RGB-D) or as point clouds. In the RGB-D repre-
sentation, images are processed similarly to conventional 2D RGB images, with the depth
information incorporated as a fourth channel alongside the red, green, and blue colour
channels. This format enables the integration of depth values directly into 2D image-based
processing pipelines and is used in the work presented in Chapter 3. In contrast, the point
cloud representation captures the 3D geometry of a scene by mapping each pixel to its
corresponding spatial coordinates, (X; Y; Z ). This enables direct geometric reasoning in
3D space and is employed in the work described in Chapter 4.

2.3 Image Processing

Computer vision is widely used in today's robotic applications. Just like with humans,
vision enables robots to understand its environment by identifying objects and knowing
where they are. This is especially important for manipulation tasks as this allows for
the automation of �nding an object and visually tracking an object's state for feedback.
This section provides background on the image processing techniques used in this thesis
to enable vision-based control and feedback.
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Figure 2.5: Example of an object detection output of people and animals© 2016 IEEE [57]

2.3.1 Object Detection

Object detection in image processing refers to the task of recognizing whether objects are
in an image and if they belong to a particular class. An example can be seen in Fig.2.5.
Modern approaches primarily use learning-based techniques, where object features are
learned from a dataset of objects annotated with bounding boxes in the image. These
learned features are then used to identify objects in new, unseen images through similarity
matching [75]. Current research in learning-based object detection is largely dominated by
two families of methods: region-based techniques and single-stage networks [75].

Region-based techniques performs object detection in a two-stage process. First, a
region proposal algorithm identi�es candidate rectangular regions of objects. Second, a
classi�cation algorithm assigns object classes to each region [75]. The combined regions
and class labels are then the output of the object detection algorithm. The most well-known
examples of this approach are the Region-based Convolutional Neural Network (R-CNN)
family, including R-CNN [25], Fast R-CNN [24], and Faster R-CNN [58]. While successive
iterations have signi�cantly improved inference speed, the two-stage nature of R-CNN
inherently leads to higher computational latency. Slow detection limits the performance of
robotic applications where real-time feedback is needed. Delays in feedback could result in
failure of a task due to the slow reaction in adapting the controls. As the works presented
in here rely on real-time vision feedback for robotic manipulators to adapt, this is not
desirable and thus single-stage networks are used instead.
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In contrast, single-stage networks use a single neural network architecture to directly
output object detections across the image in a single pass [75]. Among these, the You Only
Look Once object detection algorithm (YOLO) is employed in this work due to its accurate
performance and real-time capabilities [79], ease of integration via the Ultralytics API6, and
compatibility with training tools like Robo
ow 7. YOLO reformulates object detection as
a single regression problem, mapping image pixels to bounding boxes and class labels [57].
By framing the problem in this way, object detection can be performed using a single
neural network, eliminating the need for separate region proposal and classi�cation stages.
To accomplish this, YOLO simultaneously predicts the class of an object and it's bounding
box's position and dimensions, achieving all object detection necessities at once [57]. By
utilizing a single pipeline of convolutional, pooling, and fully connected layers, YOLO
performs object detection signi�cantly faster compared to two-stage approaches, while
achieving similar performance. As such, YOLO is well-suited for the real-time object
detection demands of the work presented in Chapter 3.

2.3.2 Object Instance Segmentation

Object instance segmentation extends on object detection by providing more precise pixel-
level boundaries, known as masks, around each object, rather than simple bounding boxes.
An example can be seen in Fig.2.6. As a result, training such networks requires more de-
tailed annotations of object masks. Similar to object detection, modern instance segmen-
tation approaches also use learning based approaches with convolutional neural networks,
and often stem from architectures developed for object detection [75]. For example, Mask
R-CNN extends on the Faster R-CNN architecture with an additional branch for the task
of generating a mask for the object [30]. Similarly, Ultralyics has extended on YOLO's sin-
gle stage architecture to output object masks8. As with the rationale for object detection,
YOLO is employed in the work of Chapter 3 for its detection speed.

2.3.3 Homogeneous Transformations

To make sensor measurements useful for robotic actions, they should be made relative
to a robot's frame of reference. This can be done through homogeneous transformations,

6https://docs.ultralytics.com
7https://roboflow.com
8https://docs.ultralytics.com/tasks/segment
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Figure 2.6: Example of an object instance segmentation output of animals, people, and
signs© 2023 IEEE [43]

where sensor data is both rotated and translated from the sensor's frame of reference to
the robot's frame of reference.

A common method to represent rotation in 3-dimensional space between two reference
frames is through roll (rotation about the z axis),� , pitch (rotation about the y axis), � ,
and yaw (rotation about the x axis),  , angles. When conducting rotations of ; �; � , in
that order, a rotation of the sensor frame with respect to the robot frame can be formed
as the following [72]:

RR
S = R� R� R (2.18)

=

2

4
c� � s� 0
s� c� 0
0 0 1

3

5

2

4
c� 0 s�

0 1 0
� s� 0 c�

3

5

2

4
1 0 0
0 c � s 

0 s c 

3

5 (2.19)

=

2

4
c� c� � s� c + c� s� s s� s + c� s� c 

s� c� c� c + s� s� s � c� s + s� s� c 

� s� c� s c� c 

3

5 (2.20)

(2.21)

The next part of a transformation that needs to be represented in the translation
between the two frames. In a 3-dimensional space, thex; y; z translation of the sensor
frame with respect to the robot's frame can be represented as [72]:
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pR
S =

2

4
x
y
z

3

5 (2.22)

Altogether, a homogeneous transformation matrixH R
S can be formed to capture both

the rotation and translation needed to transform measurements from a sensor frame to the
robot's frame of reference [72]:

H R
S =

�
RR

S pR
S

0 1

�
(2.23)

Now, any non-homogeneous point,pS =

2

4
xS

yS

zS

3

5, such as points in a point cloud can

be transformed to a non-homogeneous point,pR =

2

4
xR

yR

zR

3

5, relative to a robot's frame of

reference for robot control by usingH R
S :

�
pR

1

�
= H R

S

�
pS

1

�
(2.24)

2.4 Soft Material Manipulation

Deformable and soft materials presents a signi�cant challenge in robotic manipulation, par-
ticularly in tracking an object's shape and pose for e�ective feedback control. Historically,
research in this �eld has primarily adopted model-based approaches, wherein object dy-
namics are analytically estimated through physical modeling [28,82,85]. These models are
used to guide objects into desired con�gurations, with performance typically evaluated by
comparing the positions of key points against prede�ned targets [80,81]. Such methods have
largely focused on structured deformable objects|such as ropes and cloth|that exhibit
consistent, recoverable shapes and relatively predictable mechanical properties [80,81,85].

However, the e�ectiveness of using model-based techniques to capture the target ob-
ject's dynamics is inherently limited by the accuracy and adaptability of the physical mod-
els used. While these methods may perform well in controlled laboratory settings, they
often degrade in real-world scenarios involving materials with high variability or dynamic

16



Figure 2.7: Example of cloth manipulation© 2024 IEEE [47]

properties. To address these limitations, there has been a growing shift toward learning-
and data-driven approaches, enabled by recent advances in machine learning (ML) and the
increasing availability of high-resolution sensor technologies [28,82]. Notably, surveys in the
�eld highlight sensing as the most critical enabler for advancing soft material manipulation,
emphasizing the importance of robust, real-time perception systems [87].

In response to these challenges, using model-free approaches to capture the target ob-
ject's dynamics have been developed to leverage machine learning to directly map sensor
measurements to control policies. Several recent studies have demonstrated the use of
vision-based systems to extract masks, meshes, or key point features from real-time point
cloud or RGB-D data of deformable objects during manipulation [22,37,38,62,77]. These
features are compared against desired con�gurations to compute the pose error, which is
then used to generate reference velocities for visual servoing of the robotic manipulator.
In some cases, vision has also been used in learning-by-demonstration frameworks to vi-
sually observe and replicate how a human manipulates a deformable object [47, 63]. This
model-free paradigm bypasses the need for explicit physical modeling and o�ers greater
adaptability in handling complex, deformable objects under variable conditions.

However, the works of [22, 37, 38, 62, 77], all focus on the manipulation of foam, as
seen in Fig.2.8, a structured deformable object which exhibit elasticity and can return to
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Figure 2.8: Deformable object manipulation of foam© 2024 IEEE [22]

their original shape. In such cases, interaction forces are of lesser concern, as deformation
is reversible and visual servoing alone is su�cient to guide the object toward a target
con�guration. In contrast, unstructured soft materials, which deform irreversibly and lack
inherent elasticity, require not only pose tracking, but also explicit regulation of interaction
forces to avoid damage or irreversible deformation.

This work aims to extend the current progress in vision-based soft material manipula-
tion by incorporating force regulation into the manipulation loop, enabling robust interac-
tion with unstructured, non-recoverable soft materials.
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Chapter 3

Vision Based Adaptive Impedance
Control Applied to Croissant Rolling

3.1 Introduction

While robotic automation can o�er precise solutions to repetitive tasks, leading to time
and cost savings in production lines, such precise repetition is not always desired. This is
especially the case with artisanal craft goods, where consumers seek the artisanal touch,
believed to be of higher quality [7]. An example is baked goods, where machine-made
pastries are cheaper and perceived as lower-grade with respect to more expensive but
artisanal hand-made ones [17].

Despite this, there is interest from the small-scale craft industry in adopting recent
technologies such as robotics [20], especially in a human-robot collaboration fashion. Cur-
rent industrial machinery for high-volume batch production of goods tends to be bulky
and costly, limiting its 
exibility and making it less suitable for small-scale or customized
production in environments such as the one seen in Fig.3.1. CoBots represent a small-scale
versatile solution that can be adopted in a human-centered environment such as current
craft laboratories and/or kitchens. Large robot manufacturers also showed interest in this
domain, with the KUKA 2024 Innovation Award [33] calling for solutions applied to craft,
tailored to small-medium enterprises. In this context, we investigated the problem of arti-
sanal baking with local pastry chefs at Duo Patisserie in Toronto, Canada. The chefs have
expressed the need to automate several highly repetitive baking procedures with versatile
machines such as CoBots, with the requirement that the CoBots must reproduce the arti-
sanal quality of the baked goods. Especially, they wished for the robot to be able to work
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Figure 3.1: Small-scale pastry production kitchen at Duo Patisserie

the high-volume production croissants, highlighting that the rolling action is the one that
de�nes the di�erence between artisanal and machine-made.

A common way of rolling croissants1 is by creating an initial lip of the dough (pu�
pastry) and pushing one's hand over the pu� pastry such that static friction pulls the

at pu� pastry over itself into a croissant shape as shown in Figs. 3.2a and 3.2b. Dur-
ing this action, the downward pressure applied to the dough is adjusted to eliminate all
gaps between layers, while maintaining consistent thickness throughout all layers of the
croissant. This requirement is the most crucial task in preserving the artisanal quality.
An initial solution tailored to the identi�ed requirements was presented at the Kuka In-
novation Award �nal at the Hannover Messe 2024, [33], where the CoBot-based concept
sparked the interest of many experts in the crafts industry, see Fig.3.3. In this chapter,
we presentVAIRO : a V ision-BasedA daptive I mpedance-controlRO botic framework for
soft material manipulation capable of achieving croissant dough rolling, with evaluations
on di�erent materials.

1This information was obtained from site visits at Duo Patisserie, interviews, and exchanges with their
chefs.

20




	Author's Declaration
	Abstract
	Acknowledgements
	Dedication
	List of Figures
	List of Tables
	List of Abbreviations
	Introduction
	Thesis Contribution and Outline

	Background
	Adaptive Cartesian Impedance Control
	Cartesian Impedance Control
	Adaptive Cartesian Impedance Control

	Stereo Vision
	Image Processing
	Object Detection
	Object Instance Segmentation
	Homogeneous Transformations

	Soft Material Manipulation

	Vision Based Adaptive Impedance Control Applied to Croissant Rolling
	Introduction
	Background
	Contributions

	Methodology
	Experimental Setup
	End Effector Design
	Cartesian Impedance Control Implementation
	Croissant Parts Instance Segmentation
	Vision-Based Stiffness Adaptation

	Results
	Nominal Stiffness Identification
	Croissant Instance Segmentation
	Adaptive Impedance Dough Rolling

	Conclusions and future work

	Vision based Adaptive Impedance Control Applied to Skin Incisions
	Introduction
	Background
	Contributions

	Methodology
	Design of the Stereo Vision Scalpel End-Tool
	Incision Feature Estimation using Stereo Vision
	Vision-Based Adaptive Cartesian Impedance Control

	Experiments and Results
	Evaluation of the Stereo Vision Scalpel End-Tool
	Experimental Setup
	Results

	Conclusion and Future Work

	Conclusion and Future Work
	References

