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Robotic object manipulation has increased exponentially over the last couple of decades

across the field of manufacturing, medical robotics, assistive care and warehousing. De-

tection and prevention of slip of objects plays a vital role in secure object grasping and

manipulation. Through the sensory feedback provided by their skin, humans possess the

remarkable ability to readily perceive slip. In order to attain a level of skill comparable

to humans, robots must be equipped with artificial tactile sensing integrated into their

system. In our work, we use an optical tactile sensor, GelSight sensor for real time tactile

feedback. We decompose the problem of slip detection as a classification problem by using

the input from the GelSight sensor as features. Once slip is detected appropriate correc-

tive actuation is taken to prevent slip. Through this approach we are able to achieve an

accuracy of 99% for slip detection for an assortment of objects of different sizes, shapes,

textures and rigidity. We then shift gears, and study how slip can be prevented once it is

detected. We develop a simplistic and then a more robust algorithm incorporating tactile

feedback to detect and prevent slip during dynamic manipulation tasks at different speeds

of manipulation. Finally we discuss the drawbacks of the current approach and how these

can be addressed in the future work.
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Chapter 1

INTRODUCTION

1.1 Background and Motivation

The exponential scale increase in manufacturing, warehousing, and robotic surgeries has

made it nearly essential to employ robots for tasks like pick and place, tool handling, ob-

ject sorting, and delicate instrument manipulation. Having a stable grasp on the manipu-

lated object significantly influences the outcome of these tasks. Detection and prevention

of slip are crucial for effective object manipulation and handling. Presently, the predom-

inant methods rely on visual feedback for grasping and manipulating objects. However,

humans possess remarkable proficiency in grasping and manipulating unfamiliar objects

by relying on tactile sensing through their skin. Humans can securely grasp and manipu-

late objects based solely on tactile feedback. To enable robots to achieve a similar level of

proficiency, it is necessary to equip them with tactile sensing capabilities.

In 1984, Johansson [21] demonstrated how humans utilize glabrous skin receptors and

sensorimotor memory to automatically control precision grip when lifting objects with

varying surface textures. These findings highlight the synergistic interplay between tac-

tile feedback and sensorimotor memory in humans, enabling them to anticipate slip and

adjust their grip force accordingly. Humans not only use tactile feedback for initial object

characterization, but also continuously rely on it to adjust their grasp during a manip-

ulation task. Let’s consider a simple example of filling a water bottle at a refill station.

Initially, when the bottle is empty, we hold it with less force, but as it fills up, we increase

the grasp force to account for the increased weight. This adjustment is done continuously

and subconsciously, relying mostly on tactile sensing rather than visual feedback. En-

abling robots to dynamically adjust their grasp to account for uncertainties and changes

during a task will greatly improve the success rate in complex dynamic tasks.

Most existing methods for robust object manipulation require prior knowledge about
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the object, such as its weight, dimensions, surface texture, and dynamic loading. How-

ever, in dynamic manipulation tasks where loading and surface contact forces constantly

change, robotic manipulators often struggle to maintain a secure grasp, resulting in ob-

ject slippage. In contrast, humans excel at adapting to dynamic changes and successfully

completing intricate manipulation tasks through tactile feedback, even without detailed

knowledge about the object being manipulated. Enabling robots to perform complex ma-

nipulation tasks under dynamic and changing environmental conditions, without relying

on a priori information about the object, has immense practical applications, ranging

from industrial automation to surgical robotics.

This research primarily focuses on slip detection and prevention in object manipulation.

The objective is to identify parameters that can be used to detect slip based on sensory

information obtained from tactile sensors. To achieve this, a physics-inspired data-driven

approach will be employed, formulating slip detection as a classification problem. By

leveraging the randomness in contact forces just before an object starts to slip, an algo-

rithm will be developed to detect slip with remarkable accuracy of 99%.

Furthermore, this study aims to implement a real-time slip detection and prevention al-

gorithm by integrating tactile sensors into the end-effectors of a UR5e robot. A dynamic

manipulation task of sliding a book out from a bookshelf is used to demonstrate the ef-

fectiveness of the proposed approach. Importantly, our approach eliminates the need for

prior knowledge about the object and grasping conditions, providing a significant advan-

tage in real-world scenarios where such information may be limited or entirely unavail-

able. We first propose a simplistic algorithm to adjust the grasp when slip is detected

during complex dynamic tasks. We then study the effect of manipulation speed on grasp

and stabilization, discovering the need for a more intelligent actuation strategy. Subse-

quently, we present a proportional feedback control law using readings from the tactile

sensor to adaptively adjust the grasp strategy based on the manipulation speed of the

task. The results from testing show significant improvements in the success rate of com-

pleting the manipulation task at speeds that were not previously achievable without a

feedback control architecture.

At a time when automation and robotics are penetrating every industry, developing ro-
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bust systems that can support high throughput has become imperative. Equipping robots

with tactile sensors and integrating tactile sensing and feedback into path planning and

task planning will undoubtedly play a vital role in developing robots that are robust and

adaptable. This study aims to explore one such avenue in which tactile sensing and tactile

feedback are used to perform a task where the system dynamics are constantly changing.

The results from this work demonstrate that by integrating tactile sensing into traditional

industrial robots, tasks can be performed not only with a higher success rate but also at

speeds that were previously unattainable.

The remainder of the document will discuss the literature behind tactile sensing and slip

detection, the system architecture, methods, results, experiments, and future work.

Figure 1.1: The setups employed for the experiments: An UR5e robot arm, a hand Robo-
tiq parallel gripper, the fingertips were replaced by customized metallic adapter equipped
with two Gelsight tactile sensors. An Intel real sense depth camera D435i is mounted on
the top of the gripper
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1.2 Literature Review and Related Work

1.2.1 Tactile Sensor

With the increasing need for dexterous manipulation, tactile sensing has been growing

significantly in the field of robotics. Tactile sensing can be done intrinsically or extrinsi-

cally [38]. Intrinsic sensing is done by measuring contact forces through joint torques [5] [33]

or through the tension of the transmission cables in manipulators and robotic hands which

are equipped with manipulators [20]. The limitation of intrinsic sensing lies in its inability

to accurately detect the intricate features of objects. Extrinsic sensors are attached to the

exterior of the robotic hand or gripper. An array of piezoelectric sensors can be used to

obtain normal force and pressure distribution of the contact surface between the object

and the sensor [37]. Multi-modal sensors, such as the BioTac [30], are able to provide the

user with various sensory information including force, temperature, vibrations, etc. Never-

theless, in scenarios involving multi-force interactions, piezoelectric and many multi-modal

tactile sensors may not offer sufficient high-resolution sensor data. Optics-based tactile

sensors [36] have been used to bridge this gap and provide high-resolution 2-D or 3-D im-

ages of the surface contour of the objects, through which the surface interaction forces

can be inferred. Optical tactile sensors like Tactip [36] and the one developed in [15] pro-

vide optical information regarding the minor surface distortions of the contacting surface

between the sensor and the object during the interactions which can then be used to in-

fer the contact forces. In addition to this, table 1.1, encapsulates all the work done in the

field of tactile sensing through the years.

As we can see, optical tactile sensing is topic that has grown in utility in recent years

with the need for robots to perform dexterous tasks. The GelSight sensor is an optical

tactile sensor, designed for high-precision measurement of contact surface geometry [42] [14].

It utilizes a clear elastomer coated with a reflective gel. which records surface deformation

upon contact with an object. This produces images used to generate a depth map of the

contact surface. For our project, we used the commercially available GelSight Mini sensor

with marker dots on its cartridge.
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Table 1.1: Timeline of Developments in Robotic Tactile Sensing

Year Development Importance

1950s-1970s Initial research on tac-

tile sensors [2]

Laid the foundation for future advancements in

robotic tactile sensing

1980s-1990s Tactile arrays with

multiple sensing ele-

ments [12]

Enabled more detailed and localized tactile

information gathering

1980s-1990s Flexible and stretch-

able sensors [11]

Paved the way for conformable and adaptable

tactile sensing systems

2000s-2010s ”Skin-like” tactile sen-

sors [32]

Introduced highly sensitive and flexible sensors

mimicking human skin

2000s-2010s Integration of tactile

sensors with robotic

hands [10]

Enabled robots to perform delicate tasks re-

quiring tactile feedback

2010s-present Bioinspired tactile sen-

sors [31]

Inspired by natural systems, these sensors en-

hanced robot perception and interaction capa-

bilities

2010s-present Integration of MEMS

sensors [23]

Miniature MEMS sensors enabled compact and

high-resolution tactile sensing systems

2010s-present Tactile perception and

object recognition algo-

rithms [24]

Algorithms improved robot’s ability to under-

stand and manipulate objects based on tactile

information

2010s-present Integration of tactile

sensing with vision [6]

Combined tactile and visual data for more

comprehensive perception in robots

2010s-present Haptic feedback sys-

tems for robots [28]

Enabled robots to provide realistic touch-based

feedback to users
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1.2.2 Slip Detection

The topic of slip detection is not new, and numerous methods have been proposed to ad-

dress this problem. In 1989, Howe [16] designed a skin acceleration sensor that could de-

tect the slip and texture of a grasped object. In 2004, Ikeda [17] used a camera to detect

incipient slip, while in 2012, Maldonado utilized fingertip sensing to detect the shape,

material, and slipperiness of an object [27].

Current work on slip detection mainly relies on tactile sensing. In 2015, Veiga [35] used

traditional tactile sensors and multiple machine-learning classification algorithms to achieve

slip detection with an average accuracy of 75%. Subsequently, they also proposed a fin-

ger grip stabilization control approach [34]. In 2018, James [19] used TacTip biomimetic

vision-based tactile sensors and support vector machines to achieve slip detection. In their

later work in 2021, they extended this approach to a multi-finger robot [18]. Dong [13]

proposed an incipient slip detection method in 2018 by computing the difference between

the theoretical and detected contact region velocities, achieving an accuracy of 86.25%. In

2019, Li [25] combined visual and tactile information and trained a deep neural network

to classify slipperiness. Most recently, Griffa [15] employed Deep Neural Network to ob-

tain the distribution of contact forces, which was subsequently utilized for a classification

task. Their proposed approach achieved classification accuracy ranging from 74.40% to

79.01% across five distinct objects. Additionally, Juddy [22] used a soft force sensor to

anticipate slipperiness in tasks to grasp deformable objects.

To enhance the precision of slip detection, we use GelSight sensor images and extract en-

tropy as a feature to represent the degree of randomness or disorder in the image, provid-

ing a reliable indicator of the presence of slip. Our approach eliminates the need for prior

knowledge about the object and grasping conditions, offering a significant advantage in

real-world scenarios with limited or unavailable prior knowledge.
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Chapter 2

SYSTEM ARCHITECTURE AND METHODS

2.1 Robot Setup and System Architecture

For the purpose of this study, a UR5e robot equipped with the Robotiq Hand-E Gripper

is utilized. The Robotiq Hand-E Gripper is customized with gripper arms to accommo-

date the GelSight mini tactile sensor. An Intel RealSense D435i camera is mounted on

the robot’s sleeve to enable an eye-in-hand configuration. In this study, only one GelSight

sensor is employed, while a piezo-electric sensor is attached to the surface of the other

GelSight sensor to detect initial contact with an object during grasping. The overall ex-

perimental setup is illustrated in Figure 2.1.

Figure 2.1: Hardware setup depicting the UR5e with the eye-in-hand Intel RealSense
D435i camera and custom metallic grippers with GelSight sensors.

The task planner leverages information from the Intel RealSense D435i RGB-D camera

to calculate the object’s position and subsequently determine its pose and coordinates for
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the robot to execute the grasp. The robot motion planner employs inverse kinematics to

compute a path to the desired pose. Once accomplished, the robot controller receives the

joint angles as inputs and dispatches appropriate commands to each of the joint motors

to drive the robot to the desired pose. After the robot reaches the desired pose, a com-

mand is issued to the gripper to initiate the gripping process. A conservative grasp on

the object is established with the assistance of a piezoelectric sensor, which detects when

the robot’s gripper makes contact with the object being grasped. The command to the

Robotiq Hand-E gripper encompasses three parameters: position, speed, and force. All

commands are discrete values ranging from 0 to 255. Regarding the position command, 0

corresponds to the fully open position, while 255 corresponds to the fully closed position

of the gripper. In terms of the speed command, 0 indicates negligible actuation speed,

whereas 255 represents an actuation speed of 70mm/s. The force command does not di-

rectly correlate with Newtonian force and is utilized as a step function. A value of 0 sig-

nifies a very light grip suitable for deformable objects, whereas values above 0 indicate a

progressively tighter grip. The robot always operates at its maximum gripping speed to

swiftly attain the commanded position.

Once a stable grasp is achieved, the manipulation task commences. Throughout the ma-

nipulation task, continuous output from the GelSight Mini sensor is utilized to monitor

the state of the grasp, and subsequent commands are sent to the gripper to maintain

grasp stability. The GelSight Mini sensor transmits data at a frequency of 10 Hz. At each

time step, the quality of the grasp is evaluated based on the received data, and appropri-

ate actuation is employed. The system architecture of the robotic system is depicted in

Figure 2. Arrows directed towards the task planner signify information received from the

sensors, while arrows originating from the task planner represent commands sent to the

actuators.

Although this work briefly touches upon the vision and motion planning aspects of the

project, the primary focus lies in the detection of slip and the stabilization of grip through

tactile sensing.
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Figure 2.2: Robot System Architecture

2.2 Object Localization

Before the robot can grasp the object, the end-effector of the robot needs to be positioned

and oriented correctly. An Intel D435i camera is employed to capture the video stream

of the environment. The Intel RealSense D435i RGB-D camera utilizes two cameras to

estimate stereoscopic depth. It provides RGB images along with depth information. Var-

ious methods for object identification and localization can be utilized. In this study, the

Scale Invariant Feature Transform (SIFT) algorithm [26] is employed. This algorithm

aims to match object features with the live stream of the scene. Once a sufficient num-

ber of matching features are found, a bounding box is drawn around the object. Based on

the clustering of features, a point on the object is selected in camera coordinates as the

grasping point. Intel RealSense provides libraries that include functions for converting 2D

pixel camera coordinates to 3D world coordinates. These coordinates are initially defined

with respect to the camera, so a translation and rotation transformation is applied to ob-

tain the coordinates with respect to the robot’s base. The transformation and rotation
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matrix are obtained through a hand-eye calibration process between the camera and the

robot’s base. This calibration results in a 4× 4 matrix represented as:


R11 R12 R13 Tx

R21 R22 R23 Ty

R31 R32 R33 Tz

0 0 0 1

 (2.1)

The 12 unknown parameters of this matrix are determined through a hand-eye calibration

process. Custom printed Aruco markers are utilized as calibration markers. This iterative

method employs the Levenberg-Marquardt optimization algorithm. Initially, random pa-

rameter assignments are made to the transformation matrix, and the coordinates’ repro-

jected pixels are estimated to determine the pose of the Aruco markers. The reprojection

error is then calculated as the sum of squared distances between the extracted feature

points and their projections. Finally, the optimization algorithm minimizes this error un-

til it falls below a specified threshold.

Considerable research has been conducted on selecting optimal grasping locations. Method-

ologies such as Principal Component Analysis, Supervised and Unsupervised learning ap-

proaches have been explored. However, this work focuses more on maintaining a stable

grasp of an object after the initial grasp has been established. Consequently, the geomet-

ric midpoint of the bounding box in pixel coordinates is chosen as the middle point of the

X-Y plane of the robot’s end-effector.

Once the appropriate coordinate is determined, the end-effector is commanded to move to

that target pose. Inverse kinematics is employed to calculate the joint angles for the mo-

tion, and this data is subsequently sent to the robot controller, which actuates the motors

accordingly to drive the robot to the commanded pose.
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Figure 2.3: Image feed during localization coordinate acquisition for the object to be
grasped.
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2.3 Grasping, Slip Monitoring and Grasp Adjustment

The UR5e robot is equipped with a Robotiq Hand-E Gripper, which has modified gripper

arms designed to accommodate the GelSight sensor. Once the robot’s end-effector reaches

the desired pose, the gripper arms begin closing until the piezo-electric sensor makes con-

tact with the grasped object. The piezoelectric sensor detects this contact and generates

a voltage reading, indicating successful contact. It is crucial to employ a conservative

grasping strategy when initially grasping objects to avoid damaging them. Therefore, the

piezoelectric feedback is utilized to determine when the initial contact has been estab-

lished, allowing the object to be grasped with the least amount of force. This strategy is

particularly valuable when handling deformable objects.

After the initial grasp is achieved, the GelSight sensor is employed throughout the ma-

nipulation task to monitor slip in real-time. When slip is detected, the grasp strategy is

dynamically adjusted to prevent further slippage. We propose a simple incremental strat-

egy in which the distance between the gripper fingers is incremented by one unit every

time slip is detected. For example, if the manipulation task starts with a gripper distance

of 160, each slip detection event leads to an increase of one unit, resulting in a reduced

distance between the gripper fingers. Subsequently, we investigate the impact of manipu-

lation speed on the effectiveness of this approach. Our findings reveal that at high manip-

ulation speeds, this method fails to adequately stabilize the grasp. To address this issue,

a straightforward proportional feedback control logic is implemented and its effectiveness

is examined. Section 3 will provide a detailed discussion on the output images obtained

from the GelSight sensor and how these outputs are utilized for slip detection.
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Chapter 3

SLIP MONITORING AND GRASP ADJUSTMENT

3.1 GelSight Sensor

The GelSight Mini is optical tactile sensor. It sensor has a soft elastomer as its contact

surface. The deformation of the soft elastomer surface is measured using a small Arducam

camera. The high resolution 3D and 2D geometries are reconstructed from the camera

images. When the sensor surface is painted with black markers, the motion of the mark-

ers provide qualitative about the shear forces. Due to the size and dimension of the Gel-

Sight Mini it can be easily installed on robotic platforms. The GelSight outputs at rate

of 20 frames per second. Figures 3.1 shows the 3D reconstruction of the surface and the

qualitative shear force shown by the arrows that are calculated the using the displacement

of the marker dots.

3.2 Translating Images to Features

In Figure 3(b), a 3-dimensional contour depicting the T-handle hex key’s contact with

the GelSight sensor is shown. Figure 3(c) displays arrows representing the deformation of

the gel that results from contact forces [41], represented by Dxi and Dyi. In the context

of this study, the aforementioned arrows are referred to as the displacement field of the

markers.

The magnitude of the arrows is directly proportional to the extent of the local deforma-

tion of the gel coat surface. In this study, we propose the utilization of the rate of change

of magnitude of the arrows in both the x and y directions as characteristic features that

can indicate slip. Figure 3.2 illustrates the marker flow exhibiting both translational slip

and rotational slip. To quantify the observed features, we define the discrete-time velocity

features V̄x and V̄y as:

vxi(t) = f · (Dxi(t)−Dxi(t−∆t)) (3.1)
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Figure 3.1: Gripper grasping a T-handle hex key, the left image below shows the 3D re-
construction of the tool surface, and the right image below draws the arrows to indicate
the displacement of marker dots.

V̄x(t) =
1

n

n∑
i=1

vxi(t) (3.2)

By the same logic,

V̄y(t) =
1

n

n∑
i=1

vyi(t) (3.3)

Here, f is the sampling frequency, n denotes the total number of data points (in this in-

stance, 63), and Dxi(t − ∆t) and Dxi(t) represent the positions of the i-th data point at

time t − ∆t and t, respectively. By definition, vxi and vyi refer to the velocity compo-

nents in the x and y directions of the i-th data point. V̄x is the average velocity in the

x-direction, V̄y is the average velocity in the y-direction, and ∆t is the sampling time, 0.1s

in our case since the sampling frequency f of tactile sensor is 10 Hz. During dynamic ma-

nipulation tasks, such as accelerating or altering the course of motion of a robot while

securely grasping an object, the magnitudes of marker flow arrows may be altered. This
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Figure 3.2: The displacement of individual markers overlaid on the tactile image, provid-
ing an estimation of the shear force field. The translational slip in the Y-direction is illus-
trated in Figure 4(a), while Figure 4(b) portrays the translational slip in the X-direction.
Additionally, Figure 4(c) demonstrates the rotational slip, along with a definition of the x
and y-directional displacement.

presents a challenge in relying solely on the rate of change of magnitudes of the arrows to

detect slip, as the changes in magnitude due to acceleration can create false positives. To

address this issue, it is necessary to identify distinct features that exclusively indicate slip,

thus enabling the construction of a more robust slip detection classifier.

In prior research conducted by Yuan [43], the inhomogeneity of the displacement of marker

flow was adopted as a metric to quantify slip. This inhomogeneity is defined as the en-

tropy of marker flow field. Entropy is the statistical measure of randomness of a histogram,

expressed as:

H(X) = −
∫
X
p(x) log p(x)dx (3.4)

Here, the histogram X represents the frequency distribution of the magnitude of the dis-

placement field, and p(x) denotes the probability density function of the length of the

marker flow displacement. When an object begins to slip, the displacement field becomes

more erratic due to the non-uniform contact forces that arise throughout the contact sur-

face as the object moves. The inhomogeneity is more significant around the edges of the
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contact region, resulting in a non-uniform displacement field and increased entropy, as

illustrated in Figure 3.3. Yuan [43] established a correlation between the increase in en-

tropy and the likelihood of incipient occurring. However, solely relying on entropy as a

detection metric compresses the valuable information available in the two-dimensional dis-

placement field into a single value, leading to a loss of information. Incorporating entropy

as an additional feature into the classification problem would ensure that all available in-

formation is utilized. This approach would also eliminate false positives that would arise

if only V̄x and V̄y were used as features. Figure 3.3 shows the plot of the entropy when

Figure 3.3: A slip trial was conducted to illustrate the change of entropy from the no con-
tact to object, through the initial grasp, to the incipient slip, and ultimately to the loss of
contact to object

a grasping action is being performed. It is observed that the entropy increases when the

grippers initially come into contact with the object, and this value remains relatively con-

stant as long as the object is securely grasped. However, when the object begins to slip,

a sharp increase in entropy is observed. Thus, it is evident that reasonably high entropy

values can exist even when an object is securely grasped. Additionally, the entropy re-

mains almost constant when a secure grasp is established. To further enhance the classi-

fication of slip, the rate of change of entropy is introduced as another feature to feed into
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the classifier. The rate of change of entropy is calculated as follows:

dE(t)

dt
≈ f · (E(t)− E(t−∆t)) (3.5)

where E is the entropy and ∆t is the sampling time. The entropy and its rate of change

are heavily influenced by the object’s mass and material, making it impractical to es-

tablish fixed thresholds. To address this, a range of objects with varying shapes, sizes,

weights, and materials were examined to collect the data. Subsequently, this data was uti-

lized to train a classifier, which was capable of categorizing the objects.

3.3 Data Acquisition

Our data-driven model requires a smaller amount of labeled data compared to the deep

neural network models that have been proposed in the literature. To acquire the neces-

sary data, we selected 10 objects that are commonly encountered on a daily basis. The

grasping strategy was adjusted such that the gripper was holding the object with just

enough force so as to prevent slip. Once a proper grasping strategy was established, data

was collected for one minute for each object. The data set used in this study encompassed

all pertinent features, including the mean displacement of the marker flow in the horizon-

tal (x) and vertical (y) directions, the entropy of the displacement field, and the rate of

change of the displacement field’s entropy.

The objects selected for the experiment are depicted in Figure 6. Deformable objects such

as sponge scrub were specifically chosen because they have been shown to be difficult to

distinguish as slippery in previous work by Dong [13]. The data we collected and used can

be accessed at in the link given in Appendix 1.

3.4 Classification Method

Four different classification algorithms [9, 7, 8, 4]were adopted for this classification prob-

lem:

• Logistic Regression(LR): hθ(x) =
1

1 + e−θT x

• Support Vector Machine (SVM): f(x) = sign(wTx+ b)
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• Random Forest (RF): f(x) = 1
T

∑T
t=1 ht(x)

• K-Nearest Neighbour (KNN): f(x) = mode(yi : xi ∈ Nk(x))

Here, hθ(x) represents the probability that the input x belongs to a certain class, w and b

are the weight vector and bias term, respectively, and ht(x) denotes the prediction of the

t-th decision tree. The function mode returns the most frequent class label among the k

nearest neighbors of x.

These algorithms were implemented using the sklearn library in Python. Grid search was

performed during training to optimize the hyperparameters for each classification algo-

rithm. The best results were obtained using Logistic Regression with L2 penalty (regular-

ization value of 0.1), KNN classification with nearest neighbor hyperparameter set to 1,

and Support Vector Machine Classifier with RBF kernel and regularization parameter of

1. Hyperparameter adjustments did not improve the performance of the Random Forest

classifier, so the default hyperparameters were used. A 80-20 split was used for training

and testing of data.
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Chapter 4

EXPERIMENT RESULTS

4.1 Slip Detection

As previously mentioned, four distinct classification algorithms were utilized to detect

slips, and each algorithm was assessed using multiple statistic metrics. Furthermore, dur-

ing the training phase of each model, two separate sets of features were employed. The

first set of features contained solely V̄x and V̄y, while the second set of features incorpo-

rated V̄x, V̄y, and the newly proposed features: entropy, and the rate of change of en-

tropy. A total of 14,426 data points were utilized during the training process. The per-

formance of the classifier using the collected data is presented in Tables 4.1 and 4.2. In

the tables, “Accuracy” represents the percentage of correctly classified instances over the

total number of instances; “Precision” is the metric to characterize how well a classifier is

able to distinguish a true positive from a false positive. Ideally, both precision and accu-

racy should be 1 for a perfect classifier. “Recall” characterizes how well a classifier is able

to differentiate between true positives and false negatives. The F1 score, which is the har-

monic mean of precision and recall, provides a balanced measure of model performance.

The results indicate that the random forest classifier consistently outperforms other meth-

ods, regardless of the hyper-parameters selected by each algorithms. Moreover, leveraging

the proposed inhomogeneity of the arrow displacements and the rate of entropy changes

significantly improves the accuracy of most methods. Notably, the accuracy of using the

logistic regression algorithm significantly increases from 52.25% to 87.60%. The perfor-

mance of our slip detector on different objects is illustrated in Figure 4.1. The evaluation

is conducted using the Random forest algorithm, and the F1 scores and the recall rates

are computed based on the macro average metric. Notably, our classifier performs well on

objects with a spherical shape, such as a tennis ball [35]. Moreover, for objects that are

prone to deformation [13], our classifier achieves favorable outcomes. The accuracy of slip
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classification for all the objects in our experiment is extremely high as indicated by Fig-

ure 4.1.

Classifier Accuracy% Precision% Recall% F1 Score%

LR 52.25 100 2.32 4.54

SVM 94.42 100 88.59 93.95

KNN 96.72 99.34 93.93 96.55

RF 96.83 96.83 94.66 96.69

Table 4.1: Metrics of Different Classifiers using only V̄x and V̄y

Classifier Accuracy% Precision% Recall% F1 Score%

LR 87.60 92.83 80.88 79.52

SVM 90.26 98.89 80.98 89.85

KNN 97.61 99.88 95.23 97.50

RF 99.14 99.14 98.80 99.11

Table 4.2: Metrics of Different Classifiers using all features

Figure 4.1: Performance of the developed slip detection for objects with different materi-
als and surface characteristics

To evaluate the efficacy of the developed classifier during dynamic tasks, we designed a

robotic-grasping experiment, which is discussed in the next section.
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4.1.1 Dynamic Manipulation Task: Sliding a book out from a shelf

In this experiment, a UR5e robot is employed to execute a task involving the retrieval

of a book from a shelf and sliding it to a new position. As prior information regarding

the weight and stiffness of the object was not available, the implementation of a cautious

grasp strategy, characterized by a relatively diminished clamping force, is deemed neces-

sary in order to forestall any potential damage. The experimental procedure started with

positioning the parallel gripper adjacent to the bookshelf without making initial contact

with the book. The gripper was then maneuvered towards the book, and a safe grasp was

executed using appropriate parameters, which entailed a relatively low grasping force. No

slip occurred during the pre-manipulation phase. However, during the subsequent stage of

extracting the book, the absence of a slip detection method and corresponding prevention

algorithm resulted in the book slipping, thus interfering with the successful completion of

the manipulation task.

To overcome this issue, the experiment was replicated with the incorporation of the pro-

posed slip detection algorithm and a subsequent slip-prevention force control of the grip-

per in the robotic system. The detection algorithm successfully identified the initial slip

when the robot attempted to extract the book. Despite the gradual increase in grasping

force, the smooth book cover and the drag exerted by the gripper caused the incipient slip

to increase. The slip-prevention algorithm responded by gradually increasing the grasp-

ing force until a stable grasp was achieved, which was maintained for a brief duration to

ensure secure gripping of the book. While maintaining the grasping force, the robot slid

the book out of the bookshelf and adjusted the force as necessary to prevent further slips.

After the book is extracted, the grasping force is gradually reduced to release the book.

With the slip detection and prevention algorithms implemented, the grasp was continu-

ously sustained, and the manipulation task was accomplished successfully using the same

set of initial grasping parameters.

The grasping stages during the book extraction task and their corresponding entropy and

rate of change of entropy are denoted as (1)-(4), illustrated in Figure 4.2. The figure in-

dicates that the entropy and the rate of change of entropy are almost negligible when the
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book is held with safe grasping parameters. However, as the manipulation process be-

gins, the entropy and the rate of change of entropy slightly increase, indicating the need

for a grip adjustment. As the manipulation process proceeds, the entropy and the rate of

change of entropy continue to increase, indicating the occurrence of more slip. To prevent

slip, the gripping pose is further modified until the entropy reaches a constant value and

the rate of change of entropy approaches zero. It is noteworthy that the entropy value

is higher at the end of the manipulation process than that at the start, which can be at-

tributed to the dynamic forces acting on the book during the manipulation process, re-

sulting in non-homogeneity in the marker field. Even though a firm grip is established at

the end of the manipulation process, the non-homogeneity in the marker field remains.

In conclusion, the changes in entropy and the rate of change of entropy during the book

extraction task provide valuable insights into the manipulation process and the effective-

ness of slip detection techniques. The experiment shows that slip detection can effectively

prevent slip and enable successful manipulation tasks, as evidenced by the adjustments

made to the grip during the book extraction task.
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Figure 4.2: A demonstration of sliding a book out of a shelf is presented, consisting of
multiple stages of grasping. The initial row of images portrays the progressive grasping
stages, commencing from (1) static initial grasp, advancing towards (2) an incipient slip
at the start of manipulation, further to (3) an actual slip, and culminating at (4) a sta-
ble grasp. The subsequent row exhibits the data obtained from a tactile sensor and the
corresponding real-time detection of slip. The third row displays the command gripper
distance to forestall slippage, whereas the fourth row depicts the entropy and the rate of
its alteration throughout the grasping procedure.

4.1.2 Intelligent Control using Tactile Feedback

Although the method described in the previous section achieved success in the specified

manipulation task, it exhibited limitations when the manipulation speed was altered. In

the implemented algorithm, the gripping distance between the fingers was incrementally

reduced upon slip detection. However, this incremental reduction remained constant re-

gardless of the manipulation speed, as the actuation speed was always set to its maximum

value. To further investigate the impact of manipulation speed on the grasp stabilization,
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the same experiment as detailed in the previous section was conducted at various manipu-

lation speeds. This experiment aimed to measure the distance by which the book slipped

before the grasp was successfully stabilized. The results of this experiment are depicted in

Figure 4.3.

Figure 4.3: Slip Distance before grasp Stabilization vs Manipulation Speed

We observe from the graph that maintaining the same actuation while varying manipula-

tion speeds leads to a significant increase in the distance the book slips. Specifically, when

the speed is increased to 10 times the initial value, the distance required for grasp stabi-

lization is amplified by a factor of 25. Although the manipulation task succeeded in stabi-

lizing the grasp for the book, which had sufficient surface area to hold onto after slipping,

objects with inadequate surface area would likely result in task failure.

Hence, there is a necessity to develop a more sophisticated control algorithm that sur-

passes constant incremental actuation. Figure 4.4 illustrates a proposed control logic:

When developing a control logic, it is crucial to select appropriate reference values for the

desired signals. Intuitively, the reference values for Vx and Vy can be derived, as they rep-

resent the velocity components in the x and y directions, respectively. However, deter-
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Figure 4.4: Proposed Control Logic: r is the reference value of the feature that is used for
controlling the actuation of the gripper, e is the difference the reference and the measured
feature value, y is the value of the measured feature using the GelSight sensor, u is the
actuation to the gripper which is the change in position between the fingers of the gripper

mining reference values for entropy and its rate of change is challenging due to their de-

pendence on the specific object being grasped. In an ideal scenario, if slip is detected, we

would want both Vx and Vy to be zero, indicating a static object. Thus, we use 0 as the

reference signal for both Vx and Vy.

In the context of the book manipulation task considered in this study, which occurs solely

in the y-z plane, we focus on using Vx as the feature for actuation. A simple proportional

control law is employed to determine the actuation. The actuation command corresponds

to the change in the distance between the gripper fingers. The Robotiq Hand-E gripper

accepts two inputs that can be adjusted to modify the grasp: the position between the

gripper fingers and the actuation speed. Both inputs range from 0 to 255. A position

command of 0 signifies the gripper being fully open, while 255 corresponds to the gripper

being completely closed. The speed command of 0 indicates the slowest actuation speed,

and 255 represents the highest actuation speed. In our experiments, the actuation speed

is consistently set to 255 to ensure the fastest possible actuation.

The control law governing the change in finger position of the gripper is expressed as fol-

lows:

u = p+Kp ∗ e (4.1)

where p is the current position, which corresponds to the distance between the fingers of

the gripper.
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The flowchart below gives the flow of logic of the control algorithm:

Figure 4.5: Block diagram showing the flow of logic and control during the manipulation
task

To evaluate the effectiveness of this control mechanism, the same manipulation task was

performed at a higher speed of 0.075 m/s. However, when using a constant incremental



27

decrease in the gripper finger distance upon slip detection, the grasp could not be sta-

bilized at this increased speed. Despite slip detection, the actuation was insufficient to

prevent slip from occurring. Figure 4.6 provides a visual representation of the experiment.

At the beginning of the manipulation task, as shown in label 1, slip is promptly detected,

resulting in an increase in the position command and a corresponding decrease in the

gripper finger distance. However, in the implementation without proportional feedback

control (label 2), the position command ceases to change. This indicates that the grip-

per has lost complete contact with the book, as the book slips out of the robot’s grasp.

Conversely, in the implementation with proportional feedback control, a more aggressive

change in the position command is observed right from the start. As depicted in label 2,

even during the ongoing manipulation task, the position command continues to increase.

Once the grasp is successfully stabilized, towards the end of the manipulation task, the

commanded gripper position remains constant.
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Figure 4.6: Position Command with and without Feedback Control: In the figure, the la-
bel 1 indicates the start of the manipulation task. Since the book is held with a conser-
vative grasp, as soon as the task starts, the object starts to slip. Label 2 indicates the
point where the gripper completely loses contact with the book when the robot does not
have proportional feedback. And the label 3 indicates the robot having a stable grasp af-
ter proper grasp adjustment has been done using proportional feedback

Based on the results of the previous experiment, it is evident that the proposed feed-

back algorithm with a proportional gain can achieve a stable grasp in manipulation tasks

where a simple incremental strategy falls short. To further evaluate the algorithm’s per-

formance at different manipulation speeds, an additional experiment was conducted. The

objective of this experiment was to extract a book from a bookshelf, while varying the

manipulation speed. Two different manipulation speeds were tested: 0.05 m/s and 0.1

m/s.

The purpose of this experiment was twofold: first, to assess the algorithm’s response when

the actuation speed was significantly increased, and second, to observe whether the algo-

rithm could rapidly adjust the grasp to maintain a secure hold. Figure 4.7 illustrates the

commanded position for the two different manipulation speeds, providing insights into the

algorithm’s performance under these conditions.



29

Figure 4.7: Commanded gripping position at manipulation speeds of 0.05 m/s and 0.1
m/s. 1 and 2 indicate the end of manipulation task when the speed of manipulation is 0.1
m/s and 0.05 m/s

The graph reveals several interesting observations. Similar to the previous experiments,

the manipulation tasks start at the same time for both manipulation speeds. Two note-

worthy observations can be made from the plot. Firstly, the commanded position exhibits

a more aggressive behavior when the manipulation speed is set to 0.1 m/s, as evidenced

by the steeper slope of the graph. This finding validates the choice of using Vx as the in-

put signal for the controller and supports the hypothesis that manipulation speed corre-

lates directly with Vx. Additionally, it can be observed that the manipulation task con-

cludes earlier at label 1 when the speed is set to 0.1 m/s compared to the manipulation

task at 0.05 m/s, which takes nearly twice as long to complete, ending at label 2.

Another intriguing phenomenon observed in the graph is that, despite the slower rate

of change in the commanded position during the manipulation task at 0.05 m/s, an in-

creased number of slip instances are detected over time. Consequently, the gripper fingers

close even further, resulting in a significantly smaller final position of the gripper com-
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pared to the manipulation task performed at 0.1 m/s. In theory, this behavior should not

occur, suggesting the possibility of false positive slip detections during the manipulation

task at 0.05 m/s. This could be attributed to the fact that the classifier used for slip de-

tection was trained solely on static data and did not involve dynamic manipulation tasks.

If we look at Vx at figures 4.8 and 4.9 for both the manipulation speeds, we see that when

the manipulation speed is lower, we find that Vx is higher and a lot more variation than

when the manipulation speed is faster. This is quite an interesting and unusual obser-

vation, which suggests that there might be some underlying physical phenomenon which

might be causing this behavior.

Figure 4.8: Commanded Position and Vx at manipulation speed of 0.05 m/s
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Figure 4.9: Commanded Position and Vx at manipulation speed of 0.1 m/s
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Chapter 5

CONCLUSION AND FUTURE WORK

5.1 Conclusion

Although there are some unexplained phenomenons, the results from the experiments

show that using a tactile feedback to adaptively change the position of the gripper sig-

nificantly improves speeds at which manipulation tasks can be performed at. The study

also showcases a classifier which is able to detect slip across a broad range of objects and

perform real-time slip detection and take actuation to prevent slip.

5.2 Future Work

There are some drawbacks with the current approach to slip prevention using actuation

of the gripper, more work can be done in the arena to develop robust gripper actuation.

Currently, the actuation strategy fails when the manipulation speed exceeds 0.1 m/s and

during dynamic manipulation tasks, false positive instances of slip are detected. The feed-

back control also very simplistic and can be improved to make the algorithm more robust.

The following sections will talk about different approaches that can be used to address

this issue to develop a robust control algorithm and future work that can be done using

the GelSight tactile sensors.

5.2.1 Reinforcement Learning-Based Approach for Slip Prevention

One approach to develop robust control without requiring knowledge of the system dy-

namics is through the use of a reinforcement learning approach. In this approach, the

robot learns how to pick up objects by exploring the action space. The action space con-

sists of the speed of actuation and the change in distance between the gripper arms. A

reward function can be created to heavily reward actions that minimize slip while causing

minimal deformation to the grasped object. The observation space includes the features
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currently used to predict slip, such as Vx, Vy, entropy, and the rate of change of entropy.

Manipulation tasks can be designed where the exact coordinates of the grasping location

are known, allowing the robot to repeatedly take actions to successfully grasp the object.

Gradient-free reinforcement learning methods can be highly effective for this purpose, en-

abling robust exploration of the solution space. However, one drawback of this approach

is that reinforcement learning methods often require extensive hyper-parameter tuning

and may struggle to converge to a policy for complex tasks.

5.2.2 CNN-Based Slip Detector with Dynamic Manipulation Training Data

The current classifier utilizes features that reduce the dimensionality of data obtained

from tactile sensors. While this enables quick training of the classifiers, it does not fully

utilize all the information provided by the tactile sensors. The training data used in this

study only consist of instances of slip in static objects, where the object is held with a

conservative grasp by the gripper without any dynamic motions performed by the robot.

This can lead to false positive cases of slip detection during dynamic manipulation tasks.

To address this, generating training data during dynamic motions and utilizing the en-

tire displacement field of the markers as training data for a Convolutional Neural Network

(CNN) could improve the accuracy of slip detection and avoid false positives.

5.2.3 Tactile Sensing for Real-Time Motion Re-Planning

The GelSight tactile sensors provide information on the marker displacement field. By

correlating the marker displacement field with the relative pose of the manipulated ob-

ject, real-time motion re-planning can be achieved. This capability is particularly use-

ful for dynamic tasks such as insertion, tooling, and manipulation of objects in cluttered

environments. By leveraging tactile sensing, the robot can adapt its motion in real-time

based on the tactile feedback, enhancing its ability to perform complex tasks.
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5.2.4 Robust Control

In the current work, since no model of system dynamics is available, all the controller de-

velopment has been done empirically. It is not feasible to develop a physics guided model

of the system dynamics. Thus, a data-driven method can be tried to develop a model of

the system and estimate system dynamics. This model can be used to further develop a

more robust control algorithm.
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Appendix A

TRAINING AND TESTING DATA

https://drive.google.com/drive/folders/1T1Ul0F4AUxZtBMev2VRmZOfXw1Vzc1Do?usp=sharing
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Appendix B

ADDITIONAL PLOTS WITH VX AND COMMANDED GRIPPER
POSITION FOR DIFFERENT MANIPULATION SPEEDS

Figure B.1: Commanded Position and Vx at manipulation speed of 0.05 m/s
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Figure B.2: Commanded Position and Vx at manipulation speed of 0.1 m/s

Figure B.3: Commanded Position and Vx at manipulation speed of 0.075 m/s


