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Abstract

Deformable objects like cloth and cables are challenging for robots to manipulate
due to their high-dimensionality and unpredictable dynamics. In previous work, Yu
et. al (2019) [45] used a tactile sensor to estimate the pose of a cable within the
grip while sliding along it. The authors used linear regression to model the cable
sliding dynamics and used a linear quadratic regulator (LQR) controller to keep the
cable centered within the grip. However, the underlying dynamics are not linear, so
in this work, we explore controllers that take advantage of a non-linear underlying
dynamics model. We use Gaussian process (GP) regression for the non-linear model
which is used in three controllers in hardware experiments: (1) LQR with the GP
model linearized about the target position and (2) time-varying LQR with the GP
model linearized about the current state and (3) model predictive control with the
full dynamics model and constraints on the state and input of our system over a
finite horizon. We extend our framework for the more challenging task of cloth edge
following by adjusting our hardware setup and developing a new perception system.
We found that the time-varying LQR controller using the GP model performs similarly
to the LQR controller with the linear regression model for following both cables and
fabric edges.

Thesis Supervisor: Alberto Rodriguez
Title: Associate Professor
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Chapter 1

Introduction

The robotic manipulation of highly deformable objects is a growing research area

due to its applicability in a variety of fields such as cable routing in factories, assisted

dressing or laundry folding in the home and healthcare industry, or suturing in robotic

surgery. However, manipulating deformable objects is difficult due to their continuous

and highly-underactuated nature.

To address these challenges, much of the work on manipulating deformable objects

have utilized mechanical constraints [61, 66, 37]. For example a rope may be placed

on a table, so that gravity and friction yield a quasistatic configuration of the cable.

A gripper can then adjust the rope configuration, step by step, at a chosen pace.

In contrast, we are interested in real-time, dextrous manipulation by exploiting

tactile perception. Specifically, we focus on the two tasks of following along a cable

and the edge of a towel. Humans can grasp an object loosely between the thumb and

forefinger and slide the fingers to a target position as a robust strategy to regrasp it.

For example, when trying to find the plug-end of a loose headphone cable, one may

slide along the cable until the plug is felt between the fingers (Fig. 1-1a). Similarly,

when folding a bedsheet, one starts by grabbing a corner and tracing along the edge

until reaching another corner.

Contour following on deformable objects is especially challenging because the ob-

ject’s shape changes dynamically with the sliding motion, and there are unpredictable

factors such as kinks, variable friction, and external forces. Our goal is to manipulate

13



Figure 1-1: Following a cable with (a) human hands and (b) robotic grippers.

cables in real time, using a pair of grippers, with no added mechanical constraints.

The cables are free to wiggle, swing, or twist, and our grippers must rapidly react

using tactile feedback. In particular, we look at the task of picking one end of a cable

with a gripper and following it to the other end with a second gripper, as shown in

Fig. 1-1b.

Continuing off of the work from Yu et. al (2019) [45], we do not use vision in this

research, relying on tactile sensing alone. While vision can be helpful, we are able to

perform the task purely with tactile guidance. Deformable objects are easily occluded

from view by grippers, by the environment, and often by itself. Tactile perception

allows for precise localization of a grasped object. Tactile active perception, like when

pulling from the two ends of a cable until it is in tension, can also be used to simplify

14



Figure 1-2: Example of GP Regression

perception such as in the case of a tangled rope.

For cable sliding, Yu et. al (2019) [45] learned a linear model of the cable sliding

dynamics—how pulling angle affected the in-grip cable pose. They used a linear

quadratic regulator (LQR) controller based on the linear model to keep the cable

centered within the gripper to prevent it from falling while sliding in real time.

In this work, we will compare different control methods that take advantage of a

nonparametric Gaussian process (GP) dynamics model to the LQR controller based

on a linear dynamics model. Chapter 1 focuses on following cables while Chap-

ter 2 covers towel-edge following. Both chapters discuss the perception and control

strategies. While the general framework is the same for following both objects, cloth

following is more challenging from both the perception and control perspectives.

1.1 Gaussian Process Models

Gaussian processes (GPs) are a Bayesian approach to function regression, allowing us

to place a prior distribution over the space of functions. The approach has become

one of the standard tools for solving non-linear regression problems [40]. The GP is a

nonparametric method, meaning that the hypothesis space cannot be parameterized
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by a finite set of parameters. As the number of data points increases, so do the

number of model parameters. Figure 1-2 shows an example of a GP regression model

given a set of data points.

The GP variables that can be tuned are the kernel type and the kernel hyper-

parameters. The hyperparameters include the lengthscale (which controls the global

smoothness, or how quickly the function varies) and the variance. In terms of ad-

vantages for using this in a controller, GPs provides continuous and differentiable

functions as well as uncertainty estimates at each point.

1.2 Related Work

1.2.1 Contour following

Contour following of rigid objects has been widely studied using both visual [27] and

tactile perception [6, 54]. These techniques do not directly translate to deformable

objects due to dynamic shape changes that are difficult to model, especially in real

time.

The most similar contour following work to ours is by Hellman et al. (2017),

who proposed a reinforcement learning approach to close a deformable ziplock bag

with feedback from BioTac sensors [16]. The work demonstrated a robot grasping

and following the edge of the bag. In contrast to our approach, they use a constant

grasping force and discrete slow actions. As a consequence, they achieve a maximum

speed of 0.5 cm/s, compared to 6.5 cm/s in our work.

1.2.2 Cable/rope manipulation

Manipulating deformable linear objects (DLOs) has attracted attention in the robotics

community [19] with tasks including tying knots [36, 41], untangling [32, 13], insertion

[53], reshaping [61, 66, 37], surgical suturing [33], or dynamic rope manipulation

[58, 65]. Our approach to cable manipulation through tactile perception and control

is fundamentally distinct from the existing literature and enables a larger potential
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action space.

Approaches

Much of the classical work in DLO manipulation involves perceiving the state of the

DLO, simulating the dynamics of the DLO, or planning its motion. Visual perception

for DLO state estimation is difficult given the infinite dimensional configuration space

with the object’s shape dynamically changing while often being occluded. Morita et

al. (2003) described rope state topologically by listing intersections created by rope

crossings [36]. Methods that more completely describe location along the entire length

of the DLO often use non-rigid registration techniques to track the rope from a known

initial state [48, 7]. Alternatively, an initial state estimate from a given point cloud

can be refined to better align with the system dynamics [32, 22].

The most common methods for simulating DLOs use mass-spring models [52],

energy minimization [4], or finite-element methods (FEM) [38]. These models can

be computationally expensive and require knowledge of the DLO’s physical properties

such as rigidity, elasticity, and friction. Berenson (2013) avoids an explicit deformable

object model by using an approximation to the Jacobian of the deformable object

to drive object points to a target set [3]. Work by [59] also avoids complicated

dynamics models by moving the cables at high enough speeds that they assume each

rope segment follows the motion of the robot with a constant time delay.

Motion planning for DLOs has traditionally used sampling-based approaches such

as a probabilistic roadmap (PRM) [24] or Rapidly-exploring Random Trees RRTs

[28]. Moll and Kavraki (2006) used these methods to create local planners based on

minimum energy curves [35]. For knot-tying, Saha et al. (2008) plan long-horizon,

complex motions by simulating deformations of a rope in response to random external

forces and placing configurations that would be part of the knot’s topological forming

sequence in a PRM [41]. McConachie et al. (2020) combines topological-based and

sampling-based motion planning to move the object into a position where the local

controller can complete the task [34].

Learning-based approaches can help simplify aspects of the problem. Given the
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inherent difficulty of complete state estimation, some DLO manipulation works are

trained directly from visual data without explicitly estimating the full state [13, 50,

37]. Nair et al. (2017) learns a pixel-level inverse dynamics model for a rope with

self-supervised autonomous pick and place interactions [37]. More recently, [47, 12]

use dense object descriptors to find pixel-wise correlations between images of ropes

trained in simulation. Another class of work learns dynamics models for rope and

uses them with Model Predictive Control (MPC). Work by Li et al. (2019) extends

interaction networks to learn dynamics models [31], and Ebert et al. (2015) learns

a video prediction model [10]. While these methods work for short-horizon tasks

like shaping, planning for more complex, long-horizon tasks like knotting requires

more guidance, for example learning from demonstration [43]. While these data-

driven methods allow for faster computation, they are less generalizable for other

DLO manipulation tasks.

Rope Manipulation Skills

Due to their high dimensional dynamics, manipulating deformable linear objects is

usually simplified by constraining their motion with external features, for example

against a table [61, 66, 37], with additional grippers [33], or pegs [41]. Another

common strategy involves limiting movements to long series of small deformations

with pick and place actions [61, 37]. Thus, the dynamics of the system can be treated

as quasistatic.

Furthermore, the action space in DLO manipulation literature is generally limited

to those using fixed grasps of the DLO. Besides pick and place, other actions include

following specific, potentially dynamic, trajectories [58], moving a segment of a rope

using two grippers [34], insertion [53], and wrapping [67].

Few works exploit sliding along the DLO. Zhu et al. (2019) routed a cable around

pegs using one end-effector that was attached to the cable end and another fixed

end-effector that would passively let a cable slip through in order to pull out a longer

length of cable [67]. This system, while allowing for sliding, loses the ability to sense

and control the state of the cable at the sliding end, which can be in contact with
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any point of the cable.

Jiang et al. (2015) traces cables in a wire harness using a gripper with rollers in

the jaws [23]. This gripper passively adjusts grip force using springs to accommodate

different sized cables. They sense and control the force perpendicular to the transla-

tional motion along the cable in order to follow the cable. The cables in our work are

considerably smaller and less rigid, so such forces would be difficult to sense.

Furthermore, both of the specialized, passive end-effectors in the above two works

have limited capabilities beyond sliding along the cable. In our work, the parallel jaw

gripper used to follow a cable can also be used to insert the cable into a headphone

jack [45], demonstrating the potential of this hardware setup for additional tasks.

Another example of work involving sliding with rope from Yamakawa et al. (2007)

shows how our tactile perception framework could potentially be extended for the

knot-tying task [60]. To pass one end of the rope through a loop, they leverage tactile

sensing to roll the two rope ends relative to each other in between the fingers.

1.2.3 Cloth Manipulation

Many of the techniques in the DLO manipulation literature section above have also

been applied on cloth. This extends to perception [7, 12], planning [34] and control

[10]. McConachie et al. (2020) uses the cloth geodesic between the two grippers as

a representation of object state for their planner while navigating around obstacles

[34]. They assume the rest of the loose cloth will not get caught on obstacles as long

as the geodesic moves around them. Thus, they can treat the cloth like a piece of

rope.

Perception

Much of the work on cloth-centric perception for manipulation focuses on corner

detection and ridge detection for determining grasp points for future manipulation

tasks [55]. Corner detection can be done through computer vision techniques (e.g.

Harris corner detection [15]) and is useful for tasks involving folding and unfolding.
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Learning-based perception approaches allow for more flexibility. Ganapathi et

al. (2020) train dense object descriptors using a cloth simulator to find pixel-wise

correspondences across fabric in different configurations [11]. Qian et al. (2020)

trains a network to segment edges and corners of cloth from a depth image by using

a painted cloth as a ground truth label [39].

These techniques all work better for specific initial configurations of the fabric.

Therefore, flattening and smoothing fabric is a common manipulation task. Flat-

tening also allows for more robust clothing classification. Most of these papers use

pick and place actions to flatten the fabric [46, 44, 11]. Ha and Song (2021) use a

high-velocity flinging motion to unfold clothing [14].

Sliding

The sliding contour following skill used for cables is also relevant for fabric manipu-

lation. Most work in fabric manipulation similarly uses the quasistatic assumption

and incremental pick and place movements [56, 20, 11]. However, the sliding skill

simplifies the task of finding two adjacent corners in order to fold a piece of fabric.

Sahari et al. (2010) holds up a corner of the fabric and uses gravity to trace straight

down to find the second corner without sensory feedback [42]. Similarly, Yuba et al.

(2017) executes an open loop “pinch and slide” motion along the top edge of a piece

of fabric [63].

1.2.4 Force and Tactile Sensing

Besides the knotting example from Yamakawa et al. (2007), force and tactile sensors

can be seen in a variety of rope manipulation literature [60]. Abegg et al. (2000) uses

a force torque sensor to detect changes in contact state, for example the rope moving

from free space to contacting an edge of a rigid object [2]. Yue and Henrich (2002)

detects vibration frequency of a rope using a force torque sensor before counteracting

the vibration [64].

In our work, we use GelSight [62] for tactile perception to estimate the pose of the
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cable in grasp. She et al. (2019) also uses it to approximate shear force by tracking

the black markers on the sensor surface as a proxy for friction force while sliding

[45]. Gelsight, and other vision-based tactile sensors, convert touch to vision by using

a camera to visualize the deformation of the contact surface. With its high spatial

resolution, this type of sensor shows unique advantages and has been successfully

utilized in different robotic manipulation tasks, for instance, contour following [29],

cutting [57], dish loading [25], in-hand manipulation [26], etc.

GelSight, in particular, has been used in various manipulation problems. Li et

al. (2014) implemented a USB insertion task from random grasping poses based

on object pose estimation feedback from the sensor [30]. Izatt et al. (2017) used

the 3D point cloud from GelSight sensor in a Kalman filter to better register the

position of a screwdriver in a peg-in-hole task [21]. Calandra et al. (2018) and

Hogan et al. (2018) used the tactile images to evaluate the quality of a grasp and

further infer better regrasp positions [5, 18]. Dong et al. (2018) used the sensor

to predict slip and used it slip signal to modulate grasping forces while conducting

a bottle cap screwing task [8]. Tian et al. (2019) proposed a tactile-based model

predictive control method to reposition an object [49]. Dong and Rodriguez (2019)

trained a tactile-based object insertion policy that could correct small misalignment

between the object and the environment [9]. Hogan et al. (2020) designed closed-loop

tactile controllers for dexterous table-top manipulation with dual-arm robotic palms,

simultaneously controlling the contact state and the object state [17]. Wang et al.

(2020) implemented a task of swing an elongated object to a target pose based on

the learned friction, center of mass properties of the grasp object with the GelSight

sensor [51].
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Chapter 2

Cable Following

The goal of the cable following task is to use a robot gripper to grip the beginning of

the cable with proper force and then control the gripper to follow the cable contour

all the way to its tail end. The beginning end of the cable is initially firmly gripped

by another fixed gripper during the cable following process.

Dynamically sliding along the edge of a cable is difficult because the object’s

shape changes unpredictably with the sliding motion, presenting a challenge for both

perception and control. In previous work, Yu et. al (2019) [45] used a tactile sensor

to estimate the pose of a cable within the grip while sliding along it. The authors

used linear regression to model the cable sliding dynamics and used a linear quadratic

regulator (LQR) controller to keep the cable centered within the grip. However, the

underlying dynamics are not linear, so in this work, we explore controllers that take

advantage of a non-linear underlying dynamics model.

We compare three controllers using the Gaussian Process (GP) to our linear model

baseline: (1) LQR with the GP model linearized about the target position and (2)

time-varying LQR (tvLQR) with the GP model linearized about the current state and

(3) model predictive control (MPC) with the full dynamics model and constraints on

the state and input of our system over a finite horizon. LQR has a closed form

solution that is fast to compute compared to MPC. Only the MPC controller directly

uses the non-linearized GP dynamics model.
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Figure 2-1: Experimental setup.

2.1 Methods

Both the fixed gripper and sliding gripper are outfitted with GelSight Sensors, but

we only use the signal from the sliding gripper. The sliding gripper is attached to a

UR5 robot arm (Fig. 2-1).

2.1.1 Perception

Figure 2-2 illustrates different cable pose estimations from tactile images. First, we

compute depth images from the raw tactile images by estimating surface normal

and applying Fast Poisson Solver (FPS) for integration [62]. Then, we extract the

contact region by thresholding the depth image. Finally, we use Principal Component

Analysis (PCA) on the contact region to get the principal axis of the imprint of the

cable on the sensor.

2.1.2 Control

We model the dynamics as a planar pulling problem. The system’s state is x =

[y ✓ ↵]T , where y is the cable height from the center line of the gripper, ✓ is the cable

angle with respect to the gripper, and ↵ is the angle between the two grippers (Fig.

2-3). The control input u = [�] is the pulling angle. The linear dynamic model is of

the form:
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Figure 2-2: Tactile perception. (a) Gripper with GelSight sensors grasping a ca-
ble. (b) Top view of the gripper grasping different cable configurations and the
corresponding cable pose estimations. The white ellipse shows the estimation of the
contact region. The red and green lines show the first and second principal axes of
the contact region, with lengths scaled by their eigenvalues.

ẋ = Ax +Bu, (2.1)

where A and B are the linear coefficients of the model.

Figure 2-3: Cable-gripper dynamics model.

To learn a dynamics model, Yu et. al (2019) [45] collected data using a simple

proportional controller supplemented with uniform noise. The dataset has 24,695
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observations with a variety of starting states and pulling angles. Three separate GP

models are fit to each state variable in ẋ.

We tuned GP parameters on this dataset with the same hardware setup from

[45], but decided to use a newer hardware setup (different grippers with different

stiffness values) for our robot experiments. We collected 15,276 observations using a

proportional controller (� = �Ky) from 20 following runs with this new hardware

setup. We used the optimized parameters from the older dataset to train GP models

with the new dataset.

We used the GPy [1] python package to perform Gaussian process regressions and

tested a variety of their built-in kernels. Given that the training time increases with

dataset size N as O(N3), we first compared kernels by training on 10% of the data and

testing on the held-out testing set. We incrementally increased the percent of data

used for training for the best-performing models. We also compared performance

with and without automatic relevance determination (ARD), which sets a separate

length-scale for each input. We used limited-memory BFGS optimization to tune

hyperparameters. After determining the best kernels, we compared the performance

of a sparse GP regression trained with the same kernel using a subset of the N training

points. If the subset consists of M inducing points, the computation time becomes

O(M2N) for training and O(M) for predicting the mean instead of O(N).

To linearize the GP model about a certain state x0 and control input u0, we

differentiated the GP at this operating point using GPy’s built-in predictive gradient

function to get the A and B matrices. We then formulated an LQR controller to find

the optimal feedback gain K, which we use to find the optimal input, u = �Kx. For

the LQR parameters, we start with Q = [10, 1, 0.1] and R = [0.1], since regulating y

and ✓ (so the cable does not fall) is more important than regulating ↵ (to keep the

cable straight). Additionally, if the cable moves too far in the y-direction, the tactile

sensor will not be able to determine the cable pose estimate.

The first baseline controller is LQR using the linear dynamics model. The second

LQR controller linearizes the GP model at the origin. The tvLQR controller linearizes

the GP model about the current state.

26



Table 2.1: R2 values of models trained on 10% of dataset with ARD.

Kernel ẏ R2 ✓̇ R2 ↵̇ R2

RBF 0.873 0.861 0.752
Rational Quadratic 0.899 0.901 0.793

Matern-3/2 0.895 0.894 0.828
Matern-5/2 0.891 0.876 0.767
Exponential 0.896 0.897 0.859

Linear 0.707 0.556 0.592

For the MPC controller, we sampled potential actions using the cross-entropy

method. The dynamics were defined using the GP model. The pulling direction was

constrained between �⇡/3 and ⇡/3. State constraints were imposed as well. When

the controller could not find a feasible solution, we used the LQR controller with the

linear model to find a default action.

2.2 Results

Optimizing GP Parameters

As seen in Table 2.1, from the initial GP models using 10% of the data, we found

that the RBF, Rational Quadratic, Matern-3/2, Matern-5/2, and Exponential kernels

were worth training with a larger percent of the training data. We also found that

ARD improved the model performance for every kernel, except the linear one (Table

A.1). Full training results with larger percentages of data can be seen in Table A.2.

After incrementing the percent of the dataset used for training to 50%, we found

that ẏ was best modeled with a Matern-3/2 kernel using ARD with a MSE of 8.5

nm/s and R2 of 0.977. Both ✓̇ and ↵̇ performed best with an exponential kernel with

ARD, resulting in MSEs of 0.005 deg/s and 0.071 deg/s and R2 values of 0.982 and

0.962 respectively.

We also used the best performing kernels to train sparse GP models with 300 and

2000 inducing points. The ẏ sparse models had MSEs of 52 nm/s and 22 nm/s and

R2 values of 0.863 and 0.941 respectively. We can run LQR to find K with the GP

linearized at distinct operating points at 20 Hz for the 50% GP model and 60 Hz for
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Figure 2-4: Predicted vs. actual velocity ẏ, ✓̇, and ↵̇, of the generalized co-
ordinates of the cable-gripper dynamics, as defined in Fig. 2-3 for linear and GP
models.

the sparse GP model with 300 inducing points.

GP Model with New Hardware

We trained four sparse GP models with 200, 400, 1000, and 2000 inducing points

using the Matern-3/2 kernel for the ẏ model and the exponential kernel for both ✓̇

and ↵̇ models, all with ARD (Table 2.2). The y and ✓ components of the inducing

points for the latter three models are plotted in Fig. 2-5. The inducing points, chosen

by the optimizer in GPy, are mostly near the origin, with a few outside of the region

of feasible states. This is useful since the covariance kernels have a zero-mean prior,

meaning that far from the training points, the sampled functions would return to

zero with a non-linear kernel. All of the sparse GP models were significantly more

accurate than the linear model (Fig. 2-6).
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Table 2.2: R2 values from training sparse GP models on new hardware.

Num Inducing Points ẏ R2 ✓̇ R2 ↵̇ R2

200 0.880 0.568 0.900
400 0.891 0.646 0.913
1000 0.917 0.693 0.938
2000 0.937 0.786 0.969

Figure 2-5: Plot of y and ✓ components of inducing points.

Controller Performance

To compare the different LQR controllers, we ran 5 trials of each and averaged the

percent of the workspace traveled. The robot was stopped after traveling 0.65 m,

the length of the workspace. Each controller was run at a nominal velocity of 0.02

m/s. The LQR controller based on the linear model traveled an average 93.4% of the

workspace. The LQR controller based on the GP model with 200 inducing points

linearized at the origin traveled an average 61.8% of the workspace. The tvLQR

controller (based on the GP model with 400 inducing points) traveled an average

93.5% of the workspace. Even though the GP model is significantly more accurate

than the linear model, none of the GP-based controllers significantly outperformed

LQR using the linear model.

The LQR controller using the GP model linearized at the origin had smaller gains

that worked as long as the cable was relatively centered. However, small kinks in

the cable resulted in deviations that the controller could not correct for fast enough.

This controller would likely be more effective with a less rigid cable with a good initial

29



Figure 2-6: Predicted vs. actual velocity ẏ, ✓̇, and ↵̇, of the generalized coordi-
nates of the cable-gripper dynamics, as defined in Fig. 2-3 for linear and sparse GP
models with new experimental hardware.

grasp near the origin.

The tvLQR controller required significant tuning to perform comparably to the lin-

ear model LQR controller. For the previous LQR controllers, we used Q = [10, 1, 0.1].

For the TVLQR controller, we set Q = [10000, 1, 0.1] to properly prioritize keeping

the cable centered within the grip. Figure 2-7 shows the difference in commanded

actions in the world frame across two axes of the state space. We found that the

number of inducing points in the GP model significantly impacted the performance

of the controller. Looking at the plot of the inducing points (Fig. 2-5), the GP model

may be overfitting to the points near the origin. Since the tvLQR controller uses

predictive gradients, overfitting is problematic for this controller. Overfitting was

especially evident for the 1000 and 2000 inducing point GP models. Furthermore,

the initial training and testing data was collected by randomizing observations (in-

dividual timesteps) from only 20 runs. As we collected more data, we added this to

the dataset. A larger dataset with more independent samples helped improve the

generalizability of the GP model.
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Figure 2-7: Comparison of (a) commanded pulling angle in the world frame
and (b) phase portraits across state space with fixed ↵ using different
controllers. Note that since ↵ is fixed to 0, the trajectories in the phase portrait are
not representative of the movement of the cable.

Other less effective tuning approaches included multiplying each kernel with a

linear kernel so the function would not return to a mean of zero in regions without

data. Additionally, we tried creating a training set of points along a meshgrid of

the input space and using K-Nearest Neighbors regression to assign output values

to each node. Increasing the length-scale hyperparameter slowed how quickly the

function varied. These methods did not improve performance beyond the linear model

baseline.

For the MPC controller we settled on a time horizon of 5, 30 rollouts, 5 elites,

and 4 iterations. We used the same quadratic cost from the LQR controller, but

added the model uncertainty provided by the GP model to our cost function to avoid

actions that resulted in future states in poorly fit regions of the GP model. When

the controller was not able to find a solution given the state and action constraints,

we used LQR with the linear model as the default action. This controller was able

to consistently follow to the end of the workspace, but used the default action about
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60% of the time. We believe that the GP model with 2000 inducing points was not

accurate enough to consistently make reasonable predictions, requiring the default

LQR controller to bring the cable back to the center of the gripper when it was

too close the edge of the constraint space. While increasing the number of inducing

points could result in a more accurate model, more points would not be tractable for

real-time control.

2.3 Conclusion

We compare controllers based on a linear model and a nonlinear Gaussian process

model to slide along a cable using a tactile-reactive gripper. The tvLQR controller

performed comparably to the LQR controller based on the linear model, both fol-

lowing the cable for an average of 93% of the workspace distance. The controller

linearized about the origin of the GP model performed the worst out of the three

LQR controllers with an average following distance of 62% of the workspace. This

controller was not able to quickly adapt to kinks in the cable and external perturba-

tions that moved the cable away from the origin. We found that the GP model was

not accurate enough for useful commanded actions from the MPC controller.

To improve the GP model for the controllers, we first want to collect more data

with more independent following runs. We can also add more noise to the commanded

action to have more data across the state space. Additional potential controllers

include an iterative LQR control and an MPC controller with the dynamics model

linearized about the current state.

Future tasks that can build off cable following include cable routing, untangling,

and rope knotting. While all these tasks can feasibly be performed with only pick and

place actions, sliding along the cable can speed up completion of the task and simplify

the planning involved. Since constraining the DLO is crucial for many manipulation

tasks, sliding while keeping the cable in tension allows for easy state estimation be-

tween the two grippers.
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Chapter 3

Cloth Edge Following

In the cloth following task, a moving gripper with a fixed grip on the cloth pulls the

cloth through a stationary gripper while attempting to keep the edge visible within

the grasp of the stationary gripper, as shown in Fig. 3-1. The goal is to traverse

as much of the fabric edge as possible without losing the grasp, and ideally while

maintaining an estimate of the edge pose.

Applying the same cable pose estimation method (PCA) to soft cloths would be

challenging because the contact region is no longer an ellipsoid. The fabric is relatively

thin and covers a large area (see Fig. 3-2), unlike the cable which creates a distinct

imprint. Traditional computer vision edge detection techniques were unsuccessful at

consistently isolating the fabric edge due to the fabric texture and noise in the tactile

image. Instead, we use a supervised data-driven method to estimate the pose of the

fabric edge.

In terms of the pose controller, soft cloths are also more challenging than relatively

stiff cables for robotic manipulation. We also found that the weight from the rest of

the towel (the extra dimension compared to cables) made the towel much more likely

to slip out of the grip.

We expect that leveraging extrinsic dexterity like the gravity of fabric for self-

straightening or partial table support with external forces, will be important. But in

general, the idea of following tactile features (like principal axis/edges) of deformable

objects can serve as an alternative motion primitive to alleviate the complexity of state
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Figure 3-1: Experimental setup.

Figure 3-2: Example tactile images of fabric edge. The hand-drawn red lines
indicate the location of the fabric edge.

and dynamic modeling. This chapter focuses on following using the most effective

controllers from Chapter 2: LQR with a linear model and tvLQR with the GP model.

3.1 Methods

We tested several following configurations and discovered that pulling the cloth through

a gripper was easier than tracing along an edge to maintain tension in the fabric. To

address the issue of the extra weight pulling the towel out of the grasp, we placed

supports under the stationary gripper to relieve some weight and tilted the gripper

upward by 30 degrees (Fig. 3-1).
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We also found that the grippers that worked well for cable following were not

sensitive enough for fabric manipulation. We first increased the maximum gripping

force from 10N to 20N. Additionally, we changed the gel composition to make it softer

and therefore providing a more sensitive signal.

3.1.1 Perception

Figure 3-3: Perception network architecture.

Our perception system takes a down-sampled depth image as input and outputs

(1) a classification of whether an edge is visible, the tactile sensor is entirely covered

with fabric, or there is no fabric in the grip and (2) if an edge is visible, the x and

y coordinates of the center of the edge and the orientation of the edge. The network

we trained has 3 convolutional layers followed by max pooling, and 3 fully connected

layers (Fig. 3-3).

We initially intended on using the raw tactile image as input to the network to

save the computation time required to compute the depth image. We tried rendering

a difference image from the augmented depth image (See B-1). However, we found

that the reconstructions were not accurate enough for our purposes. Therefore, we

use the depth images as input.

The dataset is generated by hand-labeling a series of training images (frames from

a video), computing the depth image, augmenting the depth image by randomly vary-

ing the maximum depth threshold, and further augmenting the images by introducing
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Figure 3-4: Dataset generation.

a random translation and rotation (Fig. 3-4). The human labeling process involves

clicking two points to define the cloth edge if visible or classifying the image as all

fabric or no fabric. The hand-labeled edge is transformed to stay consistent with the

augmented image.

Figure 3-5: Examples of special case fabric GelSight images.

The final network we trained had 150 raw training images which we augmented to

30,000 depth images which were training inputs to the network. The training dataset
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Figure 3-6: Cloth-gripper dynamics model.

specifically included images where the edge was close to the boundary of the sensor,

the gel surface was wrinkled, the sensor was completely covered with fabric, and no

fabric was touching the sensor (Fig. 3-5).

3.1.2 Control

We model the dynamics as shown in Fig 3-6. Like the cable following system, the

system’s state is x = [y ✓ ↵]T , where y is the fabric edge height from the center line

of the gripper, ✓ is the fabric edge angle with respect to the gripper, and ↵ is the

angle between the two grippers (Fig. 3-6). The control input u = [�] is the pulling

angle. The linear dynamic model is of the form:

ẋ = Ax +Bu, (3.1)

where A and B are the linear coefficients of the model.
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To learn a dynamics model, we collected data using a simple proportional con-

troller (� = �Ky) supplemented with uniform noise. The dataset has 7100 obser-

vations from 30 different following runs with a variety of starting states and pulling

angles. Three separate GP models are fit to each state variable in ẋ.

We performed both linear regressions and sparse GP regressions with 500 induc-

ing points and the best kernels from the cable following experiments (Matern-32 for

ẏ and exponential for ✓̇ and ↵̇) with automatic relevance determination (ARD) to

independently adjust the lengthscales for each input dimension.

We compare the two best performing controllers for cable following for cloth edge

following. The first baseline controller is LQR using the linear dynamics model. The

second tvLQR controller linearizes the GP model about the current state. For the

LQR parameters, we use Q = [100000, 1, 0.1] and R = [0.1], to prioritize regulating

y and ✓ (so the cable does not fall).

3.2 Results

We were able to run the tactile perception network at 33 Hz. The network was reliable

at categorizing the no fabric and all fabric cases. When the fabric is at the edge of the

sensor, however, the categorization and pose estimation is less robust. The convexity

of the gel surface results in the center of the sensor being the most sensitive.

The GP model with the Matern-32 kernel was not able to properly capture the

dynamics of ẏ. It tended to predict a velocity close to zero no matter the initial state.

However, we did see significant improvement in the sparse GP models compared

to the linear models for ✓̇ and ↵̇ (Fig. 3-7). The linear model had MSEs of 2.08e-02

deg/s and 1.03e-03 deg/s and R2 of 0.080 and 0.896 for ✓̇ and ↵̇ respectively. The

sparse GP models had MSEs of 4.45e-03 deg/s and 1.57e-04 deg/s and R2 of 0.769

and 0.957 for ✓̇ and ↵̇ respectively.

When we tested these controllers on the physical system, we found that both

controllers performed comparably. We adjusted the y setpoint to be much closer to

the inner edge than with cable following. With an optimal starting position, the LQR
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Figure 3-7: Predicted vs. actual velocity ẏ, ✓̇, and ↵̇, of the generalized coordi-
nates of the fabric-gripper dynamics, as defined in Fig. 3-6 for linear and sparse GP
models.

controller based on the linear model consistently traveled to the end of the workspace

in all five trials. When the initial position was in the center of the gripper (closer to

the tip compared to the setpoint), the gripper traversed an average of 71.8% of the

workspace (40 cm out of 56 cm).

We found that the tvLQR network with a Matern-32 kernel instead of a linear

kernel (essentially Bayesian linear regression) for the ẏ model prioritized keeping ✓

close to zero compared to the other state variables despite y having a larger cost

3-8. This is due to the model not being able to capture the dynamics of ẏ. However,

performance was highly dependent on starting position. Ideally, the fabric starts with

small ✓ and y, meaning the fabric edge is closely aligned with the inner edge of the

sensor. When y becomes too large, the fabric quickly slips out of the grip due to

the weight of the fabric. If the sensor is completely covered with fabric and cannot

sense the edge, we found that the gripper often goes too far into the fabric. This

allows the gripper to follow to the end of he workspace, but we no longer have a

proper estimate of the fabric edge. With an initial position of all fabric on the sensor,
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Figure 3-8: Comparison of commanded pulling angle in the world frame and
with fixed ↵ using different controllers.

The tvLQR controller consistently traveled to the end of the workspace while moving

too far inwards in every trial. This could be fine for certain tasks or clothing types,

especially narrow fabrics like a scarf or a tie where the distance traveled while sliding

is more important than pose estimation. When the cloth edge was angled, it would

quickly either slip out or move too far inward. LQR based on the linear model was

less sensitive to angled starting positions.

The tvLQR network with a linear kernel for the ẏ model had similar commanded

actions to LQR based on the linear model, however it runs slower due to the time

required to calculate the predictive gradient for the GP. Therefore, we found the linear

model was favorable.

3.3 Conclusion

We found that our setup allowed the gripper to slide along the edge of the towel for

an average of 40.0 cm with the LQR controller based on the linear model and 38.2 cm

for the tvLQR controller based on the GP model. The tvLQR controller did not have

a significant advantage over the other controller, but could potentially be improved

with more training data for the GP. The larger problem we found, however, was that

no kernel was able to predict ẏ better than the linear kernel with the given input

variables. A different formulation of state variables may prove useful. To improve
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edge pose estimation in the future, we could use temporal information to improve

the network performance. The fabric edge moves smoothly, so we could use filtering,

motion-based computer vision techniques, or a recurrent neural network to leverage

this knowledge. We could also add a gripping controller like in She et al. (2020)

to grip harder when we are uncertain about the fabric edge position [45]. Another

possibility is to add another degree of freedom to the gripper to "pinch" in order to

change the location of the convexity, or the most sensitive region of the gripper.

We believe that the key to implementing our method of cloth edge following for

future tasks with long travel lengths is a robust regrasp. It is worth noting that

many dressing tasks only require sliding short distances. We also found that other

cloth following strategies that involve keeping the cloth in a stable configuration while

following the contour of the edge were much easier to implement, although potentially

limiting for future tasks.
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Chapter 4

Conclusions

In this work, we present a perception and control framework to tackle the task of slide

along a cable and the edge of a piece of fabric. The tight integration of tactile feedback

is key to turning the–a priori–complex task of manipulating a highly deformable object

with uncontrolled variations in friction and shape, into an achievable task. We show

that the LQR controller based on the linear dynamics model performs comparably or

better than controllers based on a more complex, nonlinear GP model. The tvLQR

controllers linearizing the GP at the current operating perform similarly to the original

LQR controllers, while the controller that linearized the GP dynamics model about

the origin and the MPC controller using the full GP both performed considerably

worse for the cable following task.

Extending the cable following framework to cloth was challenging given the flat-

ness complicating tactile pose detection and the weight of the cloth causing it to

constantly slip from the grip. We used PCA on the depth image with cables, but

trained a neural network to classify tactile images and determine the edge position,

if visible. We also adjusted the experimental setup between cable and fabric edge

following to make the task more feasible. One major limitation of the fabric following

system compared to the cable following one is that the network is trained on a specific

type of fabric. We will need a much larger training set with a variety of fabrics in

order to generalize the perception system, even though we were able to perform cable

following on a variety of fabrics given the gripping controller [45].

43



4.1 Discussions

Robotic manipulation has had an impact on a range of real-world tasks, such as pick-

and-place and assembly. In most cases, the objects manipulated are rigid. Manipula-

tion of deformable objects is more challenging since soft materials are represented by

more complex states and follow more complex dynamics. A common approach to ma-

nipulating deformable objects is to iteratively transition between static stable states

via pick-and-release sequences. This reduces complexity, but also makes manipula-

tion inefficient. Natural manipulation of deformable objects observed from humans

involves dynamic interactions such as sliding along an earbud cable to find the plug

or sliding along the edge of a sheet to find its corner.

This “sliding" motion yields new challenges: cables are highly deformable with

complex dynamics, and the operation requires real-time adjustments. Correspond-

ingly, the design of control policies for this type of task becomes difficult. However, we

can exploit the the local constraints imposed by the same sliding motion to simplify

control, specially when supported by state feedback via advanced tactile sensors.

4.1.1 Global vs. Local Dynamics

From a global perspective, the state and dynamics of a deformable object are com-

putationally challenging due to their large number of DOFs. Fig. 4-1 (left) shows

the global view of an earphone cable and a piece of cloth. However, the state and

dynamics are simplified for specific types of interaction. For example when the cable

or piece of cloth are in tension, it is easier to control the task of sliding the fingers.

The dimension of the deformable object is reduced by the same constraints imposed

by the sliding motion. This makes it possible to design simple and efficient controllers

for real-time robotic manipulation. In Fig. 4-1 (Right) the state of cable and the cloth

is simplified in between the 2 grasping points.

The technique we demonstrate in this work bypasses the complexities of global

state estimation and control by designing policies that rely only on local state feed-

back, which can be captured by tactile sensors. The technique to change the grasp
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Global
Complex State & Dynamics

Local
Simple State & Dynamics

Figure 4-1: Simplified state and dynamics from sliding. The comparison of the
global (left) and local (right) perspective of manipulating a piece of cable and fabric.
From a global view, it is challenging to model the state and dynamics of a deformable
objects due to the large number of degrees of freedom. However, the sliding motion
adds constraints to the objects, simplifying the local state and dynamics. It enables
fast and reactive manipulation skills.
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on the cable by sliding the fingers can be thought of as a closed-loop primitive action

(the “sliding regrasp”) applicable to a range of objects (not just cables, but also rigid

objects and other types of deformable objects, e.g., cloth). On the perception side,

this requires a sensor that can track local motions of the local geometry at contact.

On the control side, this requires a model of the local pulling-sliding dynamics.

4.2 Future Work

Beyond improving the perception and control systems with more training data, we

are interested in pursuing research avenues that build upon this sliding skill. For

example, sliding can enable finding a feature on a deformable object or tensioning

a specific length of the object, so we can be confident of the state between the two

grippers. We are also interested in using extrinsic dexterity such as gravity, dynamics,

and environmental features because these are crucial tools people use every day to

manipulate deformable objects. Additionally, we are working on integrating vision

and tactile sensing for more robust and capable perception. We would eventually like

to build a library of dextrous manipulation skills for deformable objects exploiting

tactile perception. Using a task and motion planning (TAMP), we are interested in

tasks including cable routing, knot tying, and folding, and dressing.
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Appendix A

Tables
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Table A.1: R2 values of models trained on 10% of cable following dataset.

Kernel ẏ R2 ✓̇ R2 ↵̇ R2

RBF 0.792 0.694 0.725
RBF, ARD 0.873 0.861 0.752

Rational Quadratic 0.847 0.794 0.790
Rational Quadratic, ARD 0.899 0.901 0.793

Matern-3/2 0.808 0.761 0.772
Matern-3/2, ARD 0.895 0.894 0.828

Matern-5/2 0.808 0.727 0.765
Matern-5/2, ARD 0.891 0.876 0.767

Exponential 0.845 0.791 0.79
Exponential, ARD 0.896 0.897 0.859

Linear 0.707 0.556 0.592

Table A.2: R2 values of models trained on 40% of cable following dataset.

Kernel ẏ R2 ✓̇ R2 ↵̇ R2

RBF 0.969 0.964 0.835
Matern-5/2 0.973 0.979 0.835
Exponential 0.966 0.977 0.954
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Appendix B

Figures
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Figure B-1: Rendered image dataset generation. Initially, our fabric edge de-
tection network was trained on rendered tactile images from the augmented depth
images so we would not have to compute the depth image in real time. To do this, we
first used the same process explained in Chapter 2 to transform and augment a depth
image. Then, we rendered a difference image from the depth image, added markers
warped using a thin-plate spline, and and added the initial frame to the difference
image.
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