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Abstract

Robotic haptic object identification is the process of identifying objects out of a given ob-

ject set using a robotic hand equipped with tactile and finger-joint displacement sensors.

Efficiency and accuracy, two essential evaluation metrics in haptic object identification,

are the focus of this thesis. In terms of identification efficiency, when the robotic hand

is smaller than an object, multiple grasps are required to capture the whole information

of the object. However, from the practical consideration for robotic haptic object iden-

tification, it is always preferred to have the least number of grasps to identify an object.

Regarding identification accuracy, when taking measurements by grasping the object,

the uncertainties in the pose of the object relative to the hand will affect the identifica-

tion accuracy. Each tactile sensor can capture contact within their specific local areas,

thus, any change in the positions where objects make contact in relation to the robotic

hand will significantly affect the tactile measurements.

This thesis, therefore, aims to address the issues proposed above. The contributions of

the thesis are:

• An information gain-based method is proposed to improve the efficiency of haptic

object identification by determining where to grasp to obtain the most distin-

guishing information about the object, thereby minimising the number of grasps

needed;

• A statistical method based on the Beta mixture model is proposed to improve

the accuracy of haptic object identification by systematically characterising the

uncertainties in the haptic measurements caused by the deviation in the relative

pose between the object and the end-effector.
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Chapter 1

Introduction

1.1 Background

Object identification, which refers to the ability to identify a previously experienced

object [4], is a common but essential skill in human daily life. As the surroundings

are always composed of a variety of objects, without the ability to identify objects, the

surrounding environments cannot be well perceived and interacted with [5]. In light

of recent technological advancements, object identification has become progressively

essential in numerous robotics applications, such as in-hand object manipulations [6, 7],

industrial assemblies [8, 9], service robots [10] and simultaneous localisation and mapping

(SLAMs) [11]. Motivated by its significance and broad applicability, object identification

has become a popular research topic.

Identifying objects through haptic sensation is one of the major identification path-

ways [12, 13]. In this thesis, haptics refers to the study of touch sensing, specifically

via kinesthetic and cutaneous receptors, associated with perception and manipulation

[14, 15]. It involves not only the tactile information at the contact points/surface but

also the proprioceptive information such as the pose of the fingers upon grasping the

objects. Through haptic sensations, a person is able to perceive the physical and surface

properties of objects, such as the volume, stiffness and texture of the object [16, 17].

Therefore, haptic object identification plays a crucial role when the identification process

needs to rely on the information provided only through the physical interaction between

1



Chapter 1: Introduction 2

the end-effector and the objects, for example, identifying the objects with the same vi-

sual input but different object weight, surface texture or stiffness. Haptic identification

is also important when the identification process cannot be conveniently achieved by

other means (such as vision) [18], for instance, finding a specific object in a bag or a

pocket. Although haptic sensing has been widely used in conjunction with other sens-

ing modality/modalities in identifying objects (e.g., with vision) [19, 20], it is still very

important to study haptic object identification in isolation to understand the extent of

its capabilities fundamentally.

1.2 Problem Statement

This thesis focuses on how to improve the performance of object identification through

haptic information obtained using a robotic hand. Accuracy is the foremost important

performance requirement for object identification. For haptic object identification, ef-

ficiency is also important. Specifically, each touch or grasp may only provide partial

information about the object. If the distinguishing information necessary to identify the

object is not obtained from a single grasp, multiple grasps are required to extract suffi-

cient information for identification [21]. This situation is often observed when the object

is larger than the robotic hand, but it is also applicable when the hand is larger than

the object. From the practical consideration for robotic haptic object identification, it

is always preferred to have the fewest possible number of grasps to identify an object.

Understanding which pose can provide the most distinctive information for object iden-

tification is crucial for determining where to grasp. This leads to the research question

of how to determine where to grasp to improve haptic identification efficiency.

The second research question is related to the accuracy of haptic object identification.

More specifically, it will answer the question of “how to improve the accuracy of haptic

object identification?”. In haptic object identification, the haptic information collected

by grasping/touching objects has the problem that for the fixed locations of tactile

sensors on the robotic hand/grasper, the measurements are dependent upon the contact

pose of the object relative to the hand at grasping. In other words, the measurements of

each sensor (embedded on specific locations the robotic hand/grasper used to perform

the grasping and touching) will be susceptible to position deviation, which represents

the difference in relative pose between the object and the end-effector. Given the high
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likelihood of uncertainties in this relative pose, it introduces a significant source of

uncertainties in the problem, potentially reducing the identification accuracy. Therefore,

another research question is how to account for such uncertainties to improve haptic

identification accuracy.

Based on the discussion above, two research questions have been proposed in the thesis:

− Research question 1: Is it feasible to design a haptic identification algorithm

to improve the identification efficiency by determining where to grasp to get the

most distinguishing information?

− Research question 2: Is it feasible to design a haptic identification algorithm

to improve the identification accuracy by accounting for the uncertainties in the

haptic measurements?

1.3 Contributions and Structure of the Thesis

This thesis, therefore, aims to address the questions proposed in the previous section.

The contributions of the thesis are:

− Contribution 1: Improving the efficiency of haptic object identification by deter-

mining where to grasp to obtain the most distinguishing information of the object

to minimise the number of grasps needed [Chapter 3 and Chapter 4];

− Contribution 2: Improving the accuracy of haptic object identification by sys-

tematically characterising the uncertainties in the haptic measurements caused by

the deviation in the relative pose between the object and the end-effector [Chapter

5].

The results of this thesis are published in the following two journal papers:

1. Y. Xia, A. Mohammadi, Y. Tan, B. Chen, P. Choong, and D. Oetomo, “On the

efficiency of haptic based object identification: Determining where to grasp to get

the most distinguishing information”, Front. Robot. AI, vol. 8, p. 231, 2021.

([Chapter 3])
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2. Y. Xia, A. Mohammadi, L. Peng, Y. Tan, B. Chen, P. Choong, and D. Oetomo,

“Beta Mixture Model for the Uncertainties in Robotic Haptic Object Identifica-

tion”, IEEE/ASME Trans. Mechatron., 2022. ([Chapter 5])

The structure of the thesis is constructed as follows:

In Chapter 2, the state-of-the-art techniques in haptic object identification are re-

viewed. This chapter starts with an overview of the haptic exploratory procedure. The

haptic measurement collection setup is then summarised based on the type of informa-

tion that can be obtained. At last, as the main focus of this thesis, the identification

algorithms are categorised and compared in different dimensions. Moreover, this chapter

identifies the challenges of existing haptic identification algorithms.

Chapter 3, which corresponds to Contribution 1, presents the methodology for the

efficiency analysis of haptic identification. An object descriptor construction method to

preserve the spatial haptic information of the object and an information gain method

to calculate the amount of information at each pose that can be obtained to distinguish

the object are proposed. Each subsequent grasp in the identification process will be

carried out at the pose with the most distinguishing information, therefore, the number

of grasps needed to identify the objects will be minimised. The result is evaluated by

comparing the performance of the proposed method with a baseline method.

Chapter 4 also corresponds to Contribution 1. It focuses on solving the efficiency

of haptic object identification when the pose position is unknown. When determining

where to grasp, the proposed algorithm will output a spatial position of the next grasp

relative to the current position (rather than directly determining which specific pose

should be grasped). This work removes the assumption that is generally not valid in a

practical scenario, thus this chapter improves the practical applicability of the resulting

algorithm. The work in this chapter can be considered as the extension of the work in

Chapter 3.

Chapter 5, which corresponds to Contribution 2, introduces the methodology for im-

proving the accuracy of haptic object identification in the presence of uncertainties

coming from the relative pose between the object and the end-effector. A statistical

modelling method is utilised to account for the uncertainties in the haptic measure-

ments, leading to a novel haptic object identification algorithm which is robust to these
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uncertainties. The experimental results on identification accuracy are then presented

and discussed.

Chapter 6 summarises the main outcomes of this thesis and introduces the possible

future research directions.



Chapter 2

Literature Review

This chapter summarises the state-of-the-art in haptic object identification. Three topics

about haptic object identification are discussed in detail: exploratory procedures, mea-

surement collection hardware, and object identification algorithms. In the exploratory

procedures section, different hand movement patterns are investigated. The measure-

ment collection hardware section then reviews different hardware for obtaining the haptic

information through tactile and joint sensors. With different exploratory procedures and

data collection hardware, the types of haptic information that can be collected are dif-

ferent, resulting in the development of a wide range of haptic identification algorithms.

Therefore, reviewing the first two topics can provide guidance in choosing the appro-

priate exploratory procedure and measurement collection hardware to be used in this

thesis. The haptic object identification algorithms, which are the main focus of this

thesis, are then reviewed and subsequently discussed based on the evaluation metrics

of efficiency and accuracy. By identifying the challenges of the existing identification

algorithms, the research objectives are summarised in the end.

2.1 Haptic Exploratory Procedures

Since haptic information can only be obtained by contacting the objects, it is essential

to consider the exploratory procedure (EP) of haptic identification [19].

6
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2.1.1 Exploratory procedures

The EPs and the corresponding properties of the object are summarised in Table 2.1,

and the graphic illustration of each EP is shown in Fig. 2.1. In general, the movement

patterns can be categorised into six EPs [1], which are listed as follows:

1. In the lateral motion EP (Fig. 2.1(a)), the fingers of the hand will slide on the

surface of the object to perceive the texture information.

2. Unsupported holding (Fig. 2.1(b)). This EP can be achieved by lifting the object

up from the supporting surface. The weight of the object therefore can be obtained.

3. The pressure EP (Fig. 2.1(c)) represents the procedure of squeezing or pressing

the object. By applying the forces or torque to an object, the stiffness of the object

can be determined.

4. Enclosure (Fig. 2.1(d)). The hand will envelop the object to determine the global

shape and volume of the object.

5. The static contact EP (Fig. 2.1(e)) can perceive the thermal conductivity or the

temperature of the object.

6. Contour following (Fig. 2.1(f)). The hand will maintain contact with the contour

of the object. Therefore, the exact/local shape can be obtained.

Table 2.1: Haptic exploratory procedure

Exploratory Procedure Sub-properties of the object Properties of the object

Enclosure Global shape/Volume
Shape

Contour following Exact shape

Lateral motion Texture

Material
Pressure Stiffness
Static contact Temperature/Thermal conductivity
Unsupported holding Weight

In the literature on robotic haptic object identification, different procedures are adopted.

Specifically, [22–26] did the enclosure exploratory procedure (such as grasping or touch-

ing) with the objects, [27–32] performed the lateral motion on the surface of the objects

to obtain the surface information, [30, 33, 34] involve pressing the objects to identify

the stiffness related features of them, [28] and [30] also utilise the static contact and

unsupported holding to collect the corresponding haptic information.
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(a) Lateral motion (b) Unsupported holding

(c) Pressure (d) Enclosure

(e) Static contact (f) Contour following

Figure 2.1: Illustration of exploratory procedures [1].

2.1.2 Comparison of different exploratory procedures

When selecting the EP/EPs for haptic identification, the following factors might need

to be considered:

1. The amount of information that can be obtained. The amount of distinguishing

information that each EP can provide to identify an object varies depending on the

scenario. However, in most cases, the enclosure exploratory procedure can provide
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some rich information for object identification [35]. Besides, lateral motion can be

informative when material information is required to differentiate between objects.

2. Implementability. The selection of the EPs requires the consideration of what ma-

nipulations the end-effector should do and if these manipulations can be achieved

by the manipulator. The implementation of EPs such as the enclosure, the static

contact, or the unsupported holding is relatively straightforward. For example, ex-

ecuting the closure exploratory procedure simply requires the end-effector to grasp

or touch the object, which is only a fundamental requirement for a manipulator. In

contrast, performing lateral motion or contour following EPs needs to consider the

path planning for finger movement, and force control issues in identifying objects

with different shapes.

Based on the above discussions, among the EPs, the enclosure is preferred as it is

informative and relatively straightforward to execute [35]. Therefore, it will be adopted

for this thesis where the object will be identified through grasping using a robotic hand,

for haptic object identification.

2.2 Haptic Measurement Collection Hardware

In robotic haptic sensing, what haptic information (especially the tactile information)

can be collected and how the haptic identification performs will be determined by the

end-effectors and the types and numbers of tactile sensors used. Therefore, this section

will introduce the haptic information collection hardware based on the tactile informa-

tion that can be obtained. The concept of categorising hardware based on tactile sensor

resolution, as introduced by [36], was employed. A categorisation criterion is established

based on the extent of detailed local information that a robotic hand can obtain while

grasping an object. An illustrative example can be seen in Fig. 2.2. The summary of

the information collection hardware and the corresponding schematic illustrations are

shown in Table 2.2.
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Table 2.2: The summary of haptic information collection hardware

Tactile
information

proprioceptive
information

Reference

Single point contact
with [37]
without [30], [38], [39]

Low resolution tactile imprint
with [22], [23], [33], [40], [26]

without
[41], [28], [42], [43], [44], [45],
[46], [47], [48]

High resolution tactile image
with [49], [50], [51]

without
[52], [25], [53], [54], [55], [56], [57],
[58], [59], [60], [61], [62], [63]

Figure 2.2: Illustrative example showing the tactile information captured by different
types of tactile sensors when grasping a mug (The finger CAD model is referenced from

[2]).

2.2.1 Information collection hardware

Hardware for collecting single point contact data

The single-point contact tactile sensor can determine the contact between the object

and the end-effector and the contact force/pressure at the contact point. Several stud-

ies about haptic identification have been achieved by using this type of tactile sensor.

Specifically, [30] adopted the OptoForce sensor (Berkeley Heights, NJ, USA), which can

measure the 3-dimensional force at the contact point, to identify the textures, stiffness
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and centre of mass of the objects. ATI Nano 17 sensor (Apex, NC, USA), a single

point 6-axis force-torque sensor, is used by [37] to extract the surface properties of the

object. Besides the mentioned sensors, [38, 39] also designed their own tactile sensors

to measure the contact forces/pressures, and the experimental results showed that the

data collected by them are able to distinguish the objects with different properties.

Hardware for collecting low-resolution tactile imprint data

The low-resolution imprint (the partial local information of the object at the contact

area) can be obtained by the low spatial resolution tactile sensor array. Compared with

the single-point contact tactile sensors, it can provide more detailed haptic informa-

tion. Meanwhile, the low-resolution sensor array has a good response time, therefore, it

gains the attraction of researchers. In the literature on haptic object identification, one

commonly used sensor would be the BioTac sensor (Montrose, CA, USA) [28, 41–45].

It is capable to perceive the thermal conductivity and the signal vibration information

between the object to be touched and itself, which is a benefit to the material identifi-

cation. In addition, with 17 impedance sensing electrodes on board, the pressure at the

contact points will be measured by the BioTac sensor. The uSkin sensors (Tokyo, Japan)

is another low-resolution tactile sensor array designed for the Allegro hand [22, 23, 46].

A four-by-four sensor array was attached to the finger phalanx and each cell can provide

the 3-dimensional force (both the normal and shear forces). The Takktile sensor array

(Somerville, MA, USA), which is based on the MEMS barometers, can sense the pres-

sure on each independent sensor with a spatial resolution of 8mm. The Takktile sensor

arrays are generally embedded on the Reflex Takktile hand, while a one-by-five array is

on the proximal phalanx and a one-by-four array is on the distal phalanx [26, 33, 40].

Other low-resolution sensor arrays such as the PPS sensors and NeuTouch sensors are

also used in their studies, which can be found in [47, 48].

Hardware for collecting high-resolution tactile image data

The high spatial resolution tactile sensor array can capture the majority of the local

information of the object at the contact area. Weiss sensor (Ludwigsburg, Germany)

comprises a grid of 14×6 sensing cells, with each cell’s size being 3.4mm×3.4mm [25]. It

is regarded as a high-resolution tactile array in this thesis because of its ability to capture

local information about an object, despite having a lower resolution compared to other

listed high-resolution tactile sensors. Weiss sensor has already been adopted by [25, 49,

50, 52] for haptic identification. Another popular commercial sensor is the TekScan array
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model 6077 (South Boston, MA, USA) which contains 1400 tactels (also called taxels o

sensels) with 1.3mm× 1.3mm spatial resolution each [51, 53, 54]. Recently, the camera-

based sensor has come to researchers’ attention due to its outstanding performance. The

camera-based sensor can capture the contact and the force based on the deformation of

the membranes. Example prototypes are GelSlim [55], GelSight [59] and TacTip [56, 57].

Besides the mentioned commercial sensors, different high spatial resolution sensors can

also be found in [58, 60–63]. For the high spatial resolution sensors, although the spatial

resolution might vary, the information collected by these sensors can be treated as an

image and hence can be directly processed using computer vision techniques. Details of

the haptic object identification algorithm will be discussed in Section 2.3.

2.2.2 Comparison of haptic information collection hardware

What haptic information collection hardware to use is one of the factors that can affect

the performance of haptic object identification. Generally, the following criteria need to

be taken into consideration:

1. Spatial resolution of the sensor. With more detailed haptic information can be

obtained, accurate identification is more likely. Therefore, high spatial resolution

sensors are preferable.

2. Frequency response. It is important to consider the frequency response of the

tactile sensor when identifying objects in real-time or when capturing the surface

information of the objects by doing the lateral motion. In general, the single point

contact tactile sensors have the best response performance as their output is of low

dimension. In contrast, the high spatial resolution sensors will have a relatively

low update rate. For instance, the frequency response of the ATI Nano 17 sensor

and the TekScan sensor (high spatial resolution sensor) is around 7200Hz [64] and

200Hz [36], respectively.

3. Wiring and size of the sensor. The wiring of sensors should not affect the workspace

of the robotic hand. Integrating a higher number of sensors into the end-effector

might be challenging due to the wiring constraints [65]. Additionally, the size of

the tactile sensor plays an important role and should be carefully considered. For
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instance, camera-based sensors typically have larger sizes, making it challenging

to integrate them into the fingertips of certain robotic hands.

In this thesis, by considering the issues mentioned above, the low spatial resolution array

(Takktile sensor) is selected as the tactile sensor due to its comprehensive performance.

Details of the hardware utilised in this thesis will be introduced in the next chapter.

2.3 Haptic Object Identification Algorithms

The purpose of haptic object identification algorithms is to use the haptic measurements

collected by the information collection hardware as the input to predict what the object

being identified is. In this section, different identification approaches proposed in the

literature are listed and discussed.

2.3.1 Object identification approaches

To identify the objects, different algorithms are proposed in the literature. Generally,

the haptic identification of the object can be achieved on two scales: local and global.

The former method relies more on the local distinguishing information to identify the

objects in the set, while the latter focuses on the global characteristics of the object.

Take a cup as an example, the cup’s global characteristics could include its volume, the

distribution of its colour, or the overall shape, while the local features could refer to the

shape of its handle or the texture in specific regions. Details will be discussed in the

following subsections.

2.3.1.1 Local information based identification

The identification by this method is usually performed after one single grasp at a local

pose of the object. Methods for local information based identification can be classified

into four categories: raw haptic readings based method, statistical modelling method,

handcrafted feature based method and self-organising based method (as shown in Table

2.3).
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Table 2.3: The summary of previously studied local information based haptic identi-
fication

Local information based method Reference

Raw haptic readings based method [33], [66]

Statistical modelling method [28], [27]

Handcrafted feature based method [67], [68], [62], [30], [37], [69], [41]

Self-organising based method
[51], [55], [22], [23], [53], [58], [56], [38], [61],
[24], [48], [39], [57]

Raw haptic readings based method

This method directly utilises the raw haptic readings to represent the characteristics of

the objects. In other words, each haptic reading will be considered as one feature of the

object. This method is able to be applied to any type of haptic measurement, especially

the low dimensional sparse haptic measurements (measurements collected by the single

point contact tactile sensors or the low resolution tactile sensor arrays).

Statistical modelling method

Another method is to use statistical modelling techniques to perform haptic object iden-

tification from measured data [27, 28]. Given a set of collected haptic measurements, the

statistical model can characterise the probability density distribution of measurements

offline. This information can be utilised to recognise the patterns within this dataset.

Consequently, this statistical model is used to interpret the likelihood that a testing

measurement belongs to an object based on the prior knowledge of the dataset [70]. In

the literature, the Gaussian model has been used to account for the tactile sensor noise

[27, 28]. However, it should be noted that as the uncertainties in the haptic measurement

are not always Gaussian distributed, therefore, how to select the model of measurements

would be the major challenge of the statistical approach.

Handcrafted feature based method

In this method, the object will be presented with hand-crafted features predefined by

the researchers. Different features were proposed in the literature. The first is features

adapted from computer vision. This type of feature treats the readings from tactile

sensors as an image. [67] utilised Speed-up Robust Features (SURF) to extract the

image features. These features extract the key points that are insensitive to the scale,
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translation or rotation of the image, therefore, the result of the haptic identification will

be robust to the pose variance. Besides, [62, 68] calculated the image moment (such

as Zernike moments and Hu’s moment) as the features of the object. It is noted that

since these types of features are adopted from computer vision, the haptic information

collection hardware should be equipped with high resolution tactile sensor array or

camera-based sensors. Features with physical meanings are another type of feature

used in the literature [30, 37]. In this approach, the physical properties of the object,

such as the texture, stiffness or friction coefficients, will be extracted to represent the

object. Besides the mentioned features, [50] proposed the Iterative Closest Labelled

Point (iCLAP) method for haptic object identification. This approach includes local

tactile features, which are defined as distinct label numbers categorised through the use

of the K-Means clustering technique, alongside kinesthetic features, represented by the

3D position of the hand. Other hand-crafted features such as the minimum or maximum

readings of the tactile sensors [46, 69] or Fourier transform based features [41] were also

adopted in the literature.

Self-organising based method

The self-organising based method is the method that can give the identification results

by analysing the haptic measurements itself and does not require human involvement

or any a priori knowledge of the data. Generally, this type of method refers to the

deep learning methods (deep neural networks), which use multiple layers to progres-

sively extract higher-level features from the raw haptic measurements. [24] proposed

the multi-layers artificial neural network (ANN) with dropout to avoid the overfitting

problem in neural networks. [22, 23, 38, 51, 53, 55, 56, 58, 61] considered tactile mea-

surements as tactile images and employed convolutional neural network (CNN) based

methods with various network structures and measurement feeding patterns for identifi-

cation purposes. As tactile measurements were treated as images, high spatial resolution

tactile sensors were always utilised to capture intricate details. [22] adopted recurrent

neural network (RNN) to process time series haptic measurements and compared the

performance with CNN. [48] utilised a spiking graph neural network (SGN) to process

the haptic data. Compared to conventional neural networks, this model enables better

exploitation of local taxel structures, which may exhibit high irregularity [48]. Besides, in

the literature, unsupervised neural network learning techniques, such as self-organising

maps (SOM) [39] and auto-encoder [57], are also utilised to decrease the dimensionality



Chapter 2: Literature Review 16

of the measurements employed in the identification process.

2.3.1.2 Global information based method

To identify the object using this method, multiple grasps at different poses will always

need to be carried out to collect the global characteristics of the object. There are two

widely used global descriptors in the literature, which are the point cloud based method

and the histogram based method (as shown in Table 2.4).

Table 2.4: The summary of previously studied global information based haptic iden-
tification

Global information based method Reference

Point cloud based method [71], [72]

Histogram based method [49], [73], [25], [52], [26], [74]

Point cloud based method

The point cloud based method utilises the information of the object contour and treats

each object as a set of data points in the 3-dimensional space. To identify the object,

the end-effector will touch or grasp the object at different locations to get the contact

locations in the space. By using the Iterative Closest Point (ICP) based algorithm,

the obtained contact points will be compared with the point cloud of each object in

the set, and the most similar object (with the minimum matching error) in the set will

be predicted as the testing object [71, 72]. As the ICP algorithm is invariant to the

translation and rotation of the object, the point cloud based method will be robust to

the pose variance of the object. However, in cases where the end-effector is smaller than

the object and the spatial resolution of the tactile sensors is relatively low, constructing

the contact locations of the whole object will be time-consuming.

Histogram based method

Histogram is another commonly used global information based method which aims to

utilise the overall distribution of the characteristics of the object at different contact

locations to represent that object. Given a histogram, its horizontal axis contains all

features used to represent an object, while the vertical axis is the frequency of occur-

rence of each feature counted at different local poses. To define the features of each

object, different methods were proposed in the literature. One popular approach is the

Bag of Words (BoW) which is initially an approach for natural language processing.
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By collecting the information on the objects at all contact locations, the BoW model

will categorise all the measurements or features and generate the “codebook” of haptic

features. An object therefore can be represented by the different frequency occurrences

of each haptic feature in the “codebook” (a feature occurrence vector). The BoW model

has been used by [25, 49, 52, 73] for haptic identification. Besides the BoW model,

[26, 74] used the distance between the contact points as the features of the histogram.

It can be noted that since the histogram of the object is constructed based on multiple

local information, therefore, features used in the local information based method can

also be applied to the histogram based method. As the global information of the object

is considered by the histogram based method, it has an appropriate degree of robustness

for the identification. However, the histogram based approach does not preserve the

association of the spatial information on the objects and the haptic information they

yield, which affects the upper limit of its identification performance.

2.3.2 Efficiency of haptic object identification with grasping

Efficiency is one of the important evaluation metrics in object identification in general

as well as in haptic object identification. As mentioned, in haptic object identification,

multiple grasps of the object are often required to identify it from the given set of objects.

Specifically, when characteristics of an object are fully captured by grasping the object

at different poses, where poses are spread across the surface of the object, each grasp

performed at a different local pose relative to the object will only obtain piece-wise

partial information. Therefore, if the distinguishing information required to identify

an object is not obtained by a single grasp, multiple grasps are required. However, it

might be possible to identify an object without grasping all local poses exhaustively.

This is also naturally observed in human efforts of object identification when relying on

handling the object without vision [21, 50]. The efficiency of the identification process

is therefore to do with identifying the object in as few numbers of grasps as possible.

The identification efficiency of the global information based method is relatively low. As

it focuses on the global characteristics of the objects, multiple actions are always needed

to construct the corresponding descriptor. For example, multiple grasps are required to

obtain the contact positions for the point cloud based method and to count the frequency

of occurrence of each feature for the histogram based method.
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The local information based method is potentially more efficient than the global infor-

mation based method. However, relative to the identification accuracy, the efficiency

of local information based haptic identification techniques has been less investigated

[28, 30]. In [28], an efficient exploratory algorithm was presented specifically for texture

identification. In [30], a method was presented to improve the efficiency of the learning

process of object physical properties for the purpose of constructing object descriptions,

not object identification. In addition to the above-mentioned works, other studies were

prone to carry out the grasp on a random pose of the object. However, if the grasp is

carried out on a pose without distinguishing information (e.g., it is not able to distin-

guish the mallet and the hammer with the same handle if the grasp is entirely on the

handle), the efficiency of the identification will be reduced and the misidentification may

occur.

2.3.3 Accuracy of haptic object identification with grasping

Following the idea proposed in the last section, when selecting a pose for grasping, it

is essential to accurately extract the information associated with that pose. However,

for haptic object identification, the information collected by grasping/touching objects

has the problem that for the fixed locations of tactile sensors on the robotic hand, the

measurements are dependent upon the contact position of the object relative to the hand

at grasping, such as shown in Fig. 2.3. In other words, the measurements of each sensor

(embedded in specific locations where the robotic hand/grasper is used to perform the

grasping and touching) will be susceptible to the deviation in the relative pose between

the object and the grasper. Given the high likelihood of uncertainties in this relative

pose, it introduces a significant source of uncertainties in the problem.

In terms of the global information based method, as it focuses on the global character-

istics of the object rather than the specific local information, after multiple grasps, it

can have the ability to resist uncertainties to some extent. For the point cloud based

method, as long as the contact positions in the 3-dimensional space vary in a certain

range, the overall distribution of an object point cloud would not be significantly af-

fected. The robustness of the histogram based method to uncertainties depends on the

type of features selected to represent the object.
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(a) In the first grasp, the left tactile sensor is activated.

(b) In the second grasp, the middle tactile sensor is activated while the left tactile sensor is not activated.

Figure 2.3: Illustrative example showing the impact of uncertain contact positions in
the measurements (The finger CAD model is referenced from [2]).

Different local information based methods have different characteristics. The raw haptic

reading based method has the advantage of being applicable to all types of haptic mea-

surements. However, the corresponding trade-off is that it is sensitive to uncertainties,

which reduces the upper limit of identification accuracy of this method.

The statistical modelling method can characterise the distribution of the haptic mea-

surement. It provides interpretable results from haptic measurements [70]. Besides,
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this technique utilises all information measured from sensors and further reduces the

subjective human involvement in the selection of appropriate features, making it more

systematic. As mentioned, the challenge of the statistical approach would be the selec-

tion of the model of measurements. In the literature, the Gaussian model has been used

to account for the tactile sensor noise [27, 28]. However, it is questionable whether a

Gaussian model is able to cope with uncertainties. For objects other than perfect cylin-

ders or spheres in shape, when grasped at a posture with uncertainties, tactile sensors

on a given location of the robotic hand may or may not come into contact with the

object. This is because multiple sensors are used to measure contact, placed adjacent

to one another. If there is no contact pressure on a tactile sensor, then the readings

of it would be zero. With a slight amount of uncertainties between the hand and the

object, the resulting probability density function (pdf) of the measurement of a tactile

sensor will peak around the “no contact” case and the “firm contact” case, resulting in

two peaks. The Gaussian model, which is typically used in many existing algorithms,

is not a good candidate to characterise the pdf of tactile sensors as it is symmetrically

distributed and only works when most data are around the central peak.

For the handcrafted feature based method, with suitable features being constructed, it

usually has good resistance to the uncertainties in the haptic measurements, in other

words, good identification accuracy can be obtained. However, with different end-

effectors and different types or numbers of embedded tactile sensors, the features that

can be extracted are different. Under this situation (especially for the case where the

acquired tactile information is very sparse), finding features, which keep the majority

of information from sensors and are less sensitive to uncertainties, might be challenging

sometimes [36].

Based on the powerful performance of deep learning, the identification performance of

the self-organising method presented in the literature is always competitive. On the

other hand, the self-organising method also has disadvantages that need to be taken

into consideration:

• Parameters tuning. The performance of deep learning techniques relies on the

selected structure and parameters, which usually are selected by trial and error.

Using inappropriate parameters or structures might lead to poor identification

performance as indicated in [36, 75].



Chapter 2: Literature Review 21

• Interpretability. As a typical black-box identification technique, the results lack

interpretability, which might limit the scope of the methods in some applications,

such as medical, in which interpretability plays an important role in diagnosis as

pointed out in [76].

• Dimensionality and quantity of the input data. According to the literature men-

tioned in Section 2.3.1, such as [22, 51, 53, 55, 58], the amount of data in the haptic

dataset is much smaller than the visual one as the process of collecting data by

the robotic hand is more complex and time-consuming. The deep learning method

generally performs better in high-dimensional data with a huge amount of data. It

might be questionable how well the neural networks perform on low-dimensional

data (from the point based tactile sensor or low-resolution tactile sensor array)

with less amount of measurements.

2.4 Research Objectives

Based on the discussion above, each grasp can provide only partial information about an

object. If the distinguishing information of the object is not extracted by a single grasp,

then multiple grasps are required for haptic object identification. Therefore, the main

objective of this thesis is to develop an algorithm that can efficiently and accurately

identify objects through grasping. For the global information based method, there is a

trade-off between efficiency and accuracy. The global information based method can be

robust to the uncertainties in the measurement once the global descriptor of the object to

be identified can be fully constructed. However, it normally will take many numbers to

grasp, which contradicts the requirement of efficiency. In contrast, the local information

based identification method has the potential to achieve both efficiency and accuracy.

However, its efficiency has not been thoroughly investigated, and therefore an algorithm

for identification efficiency should be proposed. For accurate identification, to account

for the uncertainties in the haptic measurements, this thesis will utilise the statistical

modelling method as it has fewer limitations, e.g., it allows for interpretable results from

physical measurements and reduces the need for subjective human involvement, making

the identification more systematic. Therefore, the main objectives of this thesis are:
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• Constructing the local information based descriptor of the object which preserves

the spatial information and developing an identification algorithm to improve the

efficiency (to minimise the number of grasps needed) of the haptic object identifi-

cation.

• Proposing a local information based statistical modelling identification method

that improves identification accuracy by accounting for the uncertainties in the

measurements.

In this thesis, Chapters 3 and Chapter 4 will focus on achieving the first research objec-

tive, while Chapter 5 will be dedicated to addressing the second research objective.



Chapter 3

Efficiency of Haptic Object

Identification

This chapter presents a systematic method for analysing and quantifying the efficiency

of haptic object identification (determining where to grasp to minimise the number of

grasps needed for identification). The process affects two stages of identification: the

object dataset construction process and the haptic object identification process based on

the information gain technique. An approach for object dataset construction is proposed

to preserve the spatial information on the objects and the haptic information they yield.

The clustering technique is employed to reduce the dimensionality and complexity of the

object descriptions, such as in [73]. Based on the obtained spatial information (haptic

object description), the haptic information associated with each pose on the object is

available to the algorithm.

With the prior knowledge of the pose and the associated haptic information for each

object obtained from the constructed object dataset, the proposed information gain-

based technique calculates the amount of information at each pose that can be obtained

to distinguish the object from the rest of the objects in the set. Efficiency in haptic

identification is pursued in this algorithm by selecting the pose that contains the largest

amount of information. It should be noted that in this chapter, during the object

identification, we assume the pose of the object is known, and this assumption will be

relaxed in Chapter 4.

23
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3.1 Preliminaries

This section provides the preliminaries used in this chapter. In particular, the min-max

normalisation method, the K-Means clustering technique (which is used to label the

measurements), the information gain technique (which is used to calculate the distin-

guishing information of each pose), and the procedure of haptic object identification are

introduced.

3.1.1 Min-max normalisation

Min-max normalisation will perform the linear transformation on the original data and

scale them to the range [0, 1]. In this chapter, the min-max normalisation was utilised

to scale the readings obtained by each specific sensor contacting different objects in the

given set. Compared with other normalisation methods, such as Z-score normalisation

and log transformation normalisation, it has the advantage that it can preserve the

relationships and relative differences between data points [77]. For the nth sensor, the

formula of min-max normalisation is given as:

V ′
n =

Vn −min(Vn)

max(Vn)−min(Vn)
, (3.1)

where:

• Vn is a set of original values from the nth sensor obtained by grasping all objects;

• V ′
n is the normalised values from the nth sensor obtained by grasping all objects;

• min(Vn) is the minimum value in Vn;

• max(Vn) is the maximum value in Vn.

3.1.2 K-Means based clustering technique

Assuming that X is a set consisting of N normalised data points collected. Each each

point xi, i = 1, . . . , N is obtained from the measurements of M sensors, i.e., xi ∈ RM ,

where R is the set of real numbers. We define xi =
[
xi,1 xi,2 · · · xi,n · · · xi,M

]T
,

where xi,n represents the reading of the nth sensor of data xi. In this chapter, as
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each entry of the measurements will be normalised with [0, 1], it has |xi|∞ ≤ 1, where

|x|∞ = max
n=1,...,M

|xn| for any x ∈ RM .

In haptic object identification, different unsupervised learning techniques have been

proposed to label the measurement data collected from grasps to reduce the effort of

labelling. Among them, the K-Means clustering technique is one of the most widely

used [78].

3.1.2.1 Introduction on K-Means

The k-Means clustering technique is used to form clusters from the measured data. The

data set X can form NC clusters with the centre xc
k, ∀k = 1, . . . , NC . For simplicity of

notation, we define an operator of K-Means as:

Kmeans : {xi}i=1,...,N → xc
k, k = 1, . . . , NC . (3.2)

K-Means clustering technique usually minimises the within-cluster sum of the squared

error (E) between each data point and its corresponding centroid xc
k, which is defined

as follows:

E =

NC∑
k=1

N∑
i=1

ui,k · d(xi,x
c
k)

2, (3.3)

where the nonlinear mapping d(·, ·) is the distance measure. Usually, the Euclidean

distance is used in K-Means, i.e.,

d(xi,x
c
k) =

√√√√ M∑
n=1

(xi,n − xck,n)
2. (3.4)

Some modifications of K-Means use different “distance” measures. For example, for the

well-known weighted K-Means, the weighted distance is used, i.e.,

dw(xi,x
c
k) =

√√√√ M∑
n=1

wn · (xi,n − xck,n)
2, (3.5)

where wn is the weight assigned to the nth feature or sensor (where 0 ≤ wn ≤ 1).
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The variable ui,k is used to represent whether the entity xi belongs to the kth cluster,

which is defined as:

ui,k =


1, if xi belongs to cluster k,

0, if xi does not belong to cluster k.
(3.6)

The minimisation of E can be achieved by some iterative processes. It usually has three

steps:

Assuming that there are NC clusters. The first step randomly selects NC data points

from the dataset X as the initial centroids. Many different algorithms have been pro-

posed on how to select the number of clusters [79].

The second step assigns each data point xi to the closest centroid (hence to the closest

cluster) based on the Euclidean or weighted distance. This can be represented as:

λi = argmin
k=1,...,NC

d(xi,x
c
k)

2, (3.7)

where d(·, ·) is defined in Eq. (3.4) or Eq. (3.5).

The third step updates the centroid of each cluster by using the following criteria:

xc
k = mean({xi ∈ X|λi = k}), (3.8)

which provides the average of the data in the cluster.

The second and third steps will be repeated until the change of E is less than a predefined

threshold. The pseudo-code of the K-Means algorithm is shown below.



Chapter 3: Efficiency of Haptic Object Identification 27

Algorithm 1: K-Means Clustering Algorithm

Input: Dataset X = {x1, ...,xN}; The number of clusters NC .;

Randomly selects NC data points from the dataset X as the initial centroids;

Calculate the initial E using Eq. (3.3).

while the change of E ≥ predefined threshold : do
Assign each data point xi to the closest centroid using Eq. (3.7);

Update the centroid of each cluster using Eq. (3.8);

Update E using Eq. (3.3).

end

Onput: Clustered data and the centroids of each cluster;

3.1.2.2 The elbow method

The elbow method is one of the commonly used methods to determine the optimal

number of clusters NC in K-Means [79]. It involves plotting the values of a metric (such

as the within-cluster sum of the squared error) against a range of different numbers of

clusters, and then identifying the point of diminishing returns, which is referred to as

the “elbow point”. This point represents the optimal number of clusters to use in a

clustering analysis. Mathematically, the following four steps can be used to illustrate

the elbow method:

1. Initialise K-Means algorithm for a range of NC (number of clusters) values;

2. For each K-Means algorithm, once it converges, record the within-cluster sum of

the squared error E (see Eq. (3.3));

3. Calculate the second order derivative Ë with respect to NC ;

4. The NC with the maximum Ë will be selected as the optimal number of clusters.

The illustrative example with the optimal number of clusters of ten is shown in Fig. 3.1.

3.1.3 Information gain

Information gain is a commonly used concept to represent the amount of information

that is gained by knowing the value of a feature (variable). Specifically, IG assigns the

most distinguishable feature with the highest information value. Currently, IG has been
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(a) Within cluster sum of the squared error E versus number of clusters NC .

(b) Second order derivative of E versus number of clusters NC .

Figure 3.1: Illustrative example of the elbow method.

developed and applied to decision trees, simultaneous localisation and mapping (SLAM),

feature selection techniques [80, 81] and in object shape re-construction by improving

the exploration efficiency [82]. In this chapter, IG is utilised to measure the amount of

distinguishing information contained in each pose.
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For a random variable Y with NA possible outcomes, ya, a = 1, . . . , NA, assume that

each outcome has a probability of p(ya). The information entropy H(Y ) is defined as:

H(Y ) = −
NA∑
a=1

p(ya)log2(p(ya)). (3.9)

Conditional entropy [83] is then used to quantify the information needed to describe the

outcome of a random variable Y given the value of another random variable Q. Assume

that there are NB possible outcomes of the random variable Q. Each outcome qb of

the random variable Q has a probability of p(qb), b = 1, . . . , NB. Let p(ya|qb) be the

conditional probability of ya given qb. H(Y |Q) represents the information entropy of

the variable Y conditioned upon the random variable Q, which can be computed as:

H(Y |Q) =

NB∑
b=1

p(qb)H(Y |qb)

= −
NB∑
b=1

p(qb)

NA∑
a=1

p(ya|qb)log2 (p(ya|qb)) . (3.10)

Information Gain [83] represents the degree to which uncertainty in the information of

Y is reduced when the random variable Q happens, which is defined as:

G(Y,Q) = H(Y )−H(Y |Q)

= −
NA∑
a=1

p(ya)log2(p(ya))

+

NB∑
b=1

p(qb)

NA∑
a=1

p(ya|qb)log2 (p(ya|qb)) . (3.11)

3.1.4 Procedure of haptic object identification

For a given set of objects O, defined as O = {o1, ..., oℓ}, ℓ ∈ N where N is the set of

integers, the aim of haptic object identification is to identify an object among possible

objects in the object set. It should be highlighted that this thesis works on object iden-

tification [84], which involves identifying a specific object from a given object set, rather

than the classification [85], which focuses on categorising a new object not contained in

the object set into a specific class. This is currently the case as haptic is relatively less

advanced than computer vision research and the information content in haptic is more
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sparse. The procedure involved in haptic object identification includes object dataset

construction and object identification.

3.1.4.1 Object dataset construction

To construct the dataset, each object in the set will be grasped in different poses multiple

times depending on the tasks, and the corresponding haptic measurements of each object

at different poses will be recorded in the dataset. The collected measurements then will

be used for further processing to represent the characteristics of each object.

3.1.4.2 Object identification

In this step, the identification algorithm is presented with an object randomly selected

from the object set O. By grasping the object, the haptic measurements will be acquired

and subsequently processed to compare with the haptic characteristics of each object in

the constructed dataset. The identification algorithm will output the predicted label of

the tested object, and a binary identification result (correctly identified or misidentified)

will be obtained by comparing the predicted label of the object with its ground truth

label. The performance of the haptic identification will be evaluated by running the

process multiple times and taking the average of the number of times the algorithm

correctly identifies an object out of the total number of attempts.

Each object identification attempt can be an iterative process. During each iteration,

once the haptic measurements are obtained, the identification algorithm will calculate

the similarity between the object under test and each object oi in the object set O.

When the identification procedure satisfies the stopping rule, the algorithm will stop,

and the label of the object in the set O with the maximum probability of similarity will

output as the predicted label.

3.2 Proposed Methodology

The objective of the proposed methodology is to identify an object presented to the

algorithm with the fewest number of grasps. The possible grasp poses (the location and
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orientation that a robotic hand is used to grasp the object, relative to the object) are

common for all objects.

The process includes the construction of the object dataset (that incorporates the grasp

pose information to the corresponding haptic information) and the object identification.

Once the object dataset is established according to the proposed method, the problem

is to identify which object (out of the object set) is being presented to the algorithm.

3.2.1 Object dataset construction

The procedure can be presented in three steps: object data acquisition and normalisa-

tion, categorising the grasp clusters and constructing the object description. The details

of each step are presented below.

3.2.1.1 Object data acquisition and normalisation

Haptic measurements for all objects are taken at Ng predefined poses Figure 3.2 shows

an object with coordinate frames 1 to Ng representing the finite number of predefined

poses where a robotic grasper with relevant tactile and proprioceptive sensors is placed

to grasp the objects to gather measurements. These poses are specified only as the

angle of approach to the object at each increment in object height (the example in

Figure 3.2 shows 3 levels of object heights and the poses defined at every π/2 rad for

each height). Therefore, after grasping at Ng poses, all parts of the object, at all heights

and angular displacements measured from a reference frame attached to the object,

have been encapsulated by the grasp of the robotic hand. In other words, the robotic

hand would collect all the haptic information necessary to describe the object. Each

grasp on the object will yield an M dimensional measurement ẑ =
[
ẑ1, ..., ẑj , ..., ẑM

]T
,

corresponding to the number of sensors on the robotic hand.

To account for the expected amount of uncertainty associated with the grasping process,

in each pose, the grasp will be carried out NT times, and each time the grasp orientation

relative to the object will be randomly determined. These NT data will capture the data

distribution, enabling systematic analysis of the uncertainties present in the measure-

ments. Due to the different dimensions associated with the different types of physical

variables involved (joint displacement and tactile pressure), a normalisation method is
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Figure 3.2: The characteristics of an object are fully captured by grasping the object
at Ng different poses. The Ng poses are spread, if possible uniformly, across the surface

of the object.

needed to remove the influence of the dimension and the unit. In this thesis, the min-

max normalisation method (as introduced in Section 3.1.1), which scales the values of

all variables to the range of zero and one, is employed.

In summary, for ℓ objects in the object set, the dataset consists of ℓ × Ng × NT total

measurements. Each measurement is a M -dimensional vector, representing M sensors

used. The data can then be further processed with different algorithms to represent the

characteristics of the objects according to the different task requirements.

3.2.1.2 Categorising the grasp clusters

An unsupervised learning technique is utilised to cluster all the M dimensional nor-

malised measurements for all Ng poses in an object for all objects in the dataset into

NC grasp clusters. In this thesis, the well-established K-Means approach is adopted due



Chapter 3: Efficiency of Haptic Object Identification 33

to its high-speed performance. To determine the number of clusters, the elbow method

is used (as introduced in Section 3.1.2.2).

As an illustrative example, a 2-dimensional plot representing the clustering results is

shown in Fig. 3.3. Each point on Fig. 3.3 represents one M dimensional normalised

measurement (for ease of reading, the M dimension plot is conceptually represented in

a 2-dimensional plot). Therefore, in order to focus on the efficiency of the algorithm,

it is assumed that the object dataset is well-designed with distinguishable objects and

noise/uncertainty in the haptic measurements are bounded in a range that is clearly

smaller than the variance in the distinguishing information between distinct grasps.

Therefore, grasping an object at a given pose repeated multiple times will result in

measurements that should all be categorised into the same cluster, which guarantees

the identification accuracy can be decoupled from the efficiency. Furthermore, for each

cluster, the spread of measurements will be completely bounded (represented by the red

circles in Fig. 3.3). Besides, the minimum distance between centroids of two clusters

(clusters i and j), denoted as di,j (inter-cluster distance), should be larger than the

sum of two radii representing the data spread within each cluster, denoted as σi + σj

(intra-cluster distance). Mathematically,
di,j

σi+σj
≥ 1. It should be highlighted that this

assumption is only used for object dataset construction. During the object identification

step, practical uncertainties are included in the test, where the effect of such uncertainties

is evaluated in the experiment.

3.2.1.3 Constructing the object description

After categorisation, an object can be labelled uniquely by the string (of length Ng)

for the Ng poses across the object. Each pose p1, ..., pNg is assigned a cluster number,

which is the cluster that the haptic measurements at that pose for that object have been

categorised into. An example of the label of an object in the set is represented in Fig.

3.4. In this example, when grasped at Pose 1, the object yields haptic measurements

across the M sensors on the robotic grasper that has been categorised into grasp cluster

number 7 through the clustering process. The resulting object description, therefore,

preserves the information of which pose yields which grasp measurement, which is now

represented as the grasp cluster number.
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Figure 3.3: An illustration of a 2D projection of the clusters formed by the M -
dimensional normalised measurements (represented by each point on the plot) for all
Ng poses of all ℓ objects in the dataset. The points are categorised into NC grasp

clusters.

Figure 3.4: The description of an arbitrary object in the object set.

3.2.2 Object identification

The proposed object identification approach utilises the information gain-based (IG-

based) technique. In this thesis, it will be compared to a baseline approach, where

the information preserved in each pose of objects is not utilised. It is noted that any

objects to be identified should belong to the object set. If a new object (which does not

belong to the object set) is presented, it should first be added to the object data set, by

undergoing the object dataset construction step.
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3.2.2.1 Information gain-based approach (the proposed approach)

An IG-based approach is proposed here that estimates the degree to which the informa-

tion uncertainty is reduced by each choice of the pose in the haptic identification applied

to a set of ℓ candidate objects.

After each grasp, the algorithm will calculate the information gain for each pose for

every remaining object in the set. Firstly, the information entropy is calculated for each

object. Considering that at the tth iteration/grasp, there are N t
o remaining objects in the

set Ot. Note that when the first iteration (first grasp) starts, N1
o = ℓ. When the object

to be identified is assumed to be the lth element in the set (Ot[l]), all other remaining

objects in the set will then be named ¬Ot[l] (i.e., not Ot[l]). Therefore, the object set

for Ot[l] can be represented as two possible outcomes: Ot
l =

{
Ot[l],¬Ot[l]

}
, representing

the random variable. Assuming the probability that the object being identified is any

of the objects in the remaining set is equal (uniformly distributed), the probability of

each possible outcome can then be calculated as:

p(Ot[l]) = 1
Nt

o
; (3.12)

p(¬Ot[l]) = Nt
o−1
Nt

o
. (3.13)

Therefore, the information entropy for the object Ot[l] can be calculated as:

H(Ot[l]) = −p(Ot[l])log2(p(O
t[l]))− p(¬Ot[l])log2(p(¬Ot[l])). (3.14)

A second variable considered here is Ct
j =

{
cj,1

t, ..., ct
j,Nt

h

}
containing non-repeating

grasp cluster numbers at pose pj for all remaining objects in Ot
l , while N

t
h is the number

of non-repeating grasp cluster numbers at the tth iteration. At pose pj , each possible

outcome ctj,v ∈ Ct
j (where v ≤ N t

h, v ∈ N ) has a probability p(ctj,v). Defining a set

Fj =
{
f j,1

t, ..., f t
j,Nt

h

}
to represent the frequency of occurrence of each non-repeating

grasp cluster number ctj,v at pose pj (for example, at pose pj , the occurrence frequency

of ctj,1 is f j,1
t), the probability of the outcome ctj,v can be calculated as:

p(ctj,v) =
f t
j,v

N t
o

. (3.15)
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Therefore, the conditional entropy for Ot[l] at pose pj can be computed as:

H(Ot[l]|pj) =

Nt
h∑

v=1

p(ctj,v)H(Ot
l |ctj,v)

= −
Nt

h∑
v=1

p(ctj,v)

p(Ot[l]|ctj,v)log2
(
p(Ot[l]|ctj,v)

)

+p(¬Ot[l]|ctj,v)log2
(
p(¬Ot[l]|ctj,v)

). (3.16)

The p(Ot[l]|ctj,v) and p(¬Ot[l]|ctj,v) are the conditional probability of Ot[l] given ctj,v and

¬Ot[l] given ctj,v at the t
th iteration, respectively. Specifically, if the grasp cluster number

of Ot[l] at pj is ctj,v, the conditional probability can be calculated as:

p(Ot[l]|ctj,v) = 1
f t
j,v

; (3.17)

p(¬Ot[l]|ctj,v) =
f t
j,v−1

f t
j,v

, (3.18)

otherwise, if the grasp cluster number of Ot[l] at pj is not ctj,v, then:

p(Ot[l]|ctj,v) = 0; (3.19)

p(¬Ot[l]|ctj,v) = 1. (3.20)

The information gain (IG) for Ot[l] at pose pj can be calculated as:

G(Ot[l], pj) = H(Ot[l])−H(Ot[l]|pj)

= −p(Ot[l])log2(p(O
t[l]))− p(¬Ot[l])log2(p(¬Ot[l]))

+

Nt
h∑

v=1

p(ctj,v)

p(Ot[l]|ctj,v)log2
(
p(Ot[l]|ctj,v)

)

+p(¬Ot[l]|ctj,v)log2
(
p(¬Ot[l]|ctj,v)

). (3.21)

The information gain can be calculated for all remaining objects for each pose. The

algorithm then selects the pose that contains the highest IG. In other words, the algo-

rithm will grasp the object at the pose that would provide the most information gain.
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For each pose, each object has its IG value, representing the degree of distinction of

this object from all other remaining objects in the set at this pose. At a given pose,

the greater the IG value of an object, the greater the degree of distinction between this

object and other remaining objects at this pose. There may be a few ways to quantify

the measure of the “highest information gain”. In this proposed method, the algorithm

first selects the pose with the largest value of minimum information gain (MIG). When

the largest value of MIG is shared by more than one pose, the algorithm then chooses

the pose with the highest value of average IG (AIG) out of these poses. If the highest

value of AIG is shared by more than one pose, any of these poses can be chosen since

they all have the same amount of information for object identification purposes. If such

a situation arises, the pose selection will follow the order of poses.

The summary of the proposed method is shown in Algorithm 2. Note that for a given

object dataset, when the position of the object pose is known, the first pose in the

identification process is always the same, as the algorithm will go first for the pose

with the largest value of minimum IG for the entire object dataset. After the first

grasp, depending on the measurements encountered on the object to the identified, the

set of candidate objects is eliminated from consideration and a “reduced object set”

is generated, containing the remaining possible options (of objects) that could not be

eliminated.

The proposed algorithm will be repeated until the number of objects in the set is less than

or equal to one. The outcome of the IG-based approach includes the predicted label of the

object and the number of grasps used for its identification. The prediction result can be

one of the following: 1) the object is correctly identified, or 2) the object is misidentified

(as another in the object set). It is also possible in the case of misidentification that the

resulting object description does not match any in the object dataset. This case (Case

3) represents that the object is unidentified. Note that this does not imply that the new

object is not contained in the object dataset. It simply means that the uncertainties

in the measurements resulted in an object description that cannot be matched to the

dataset. Regarding the number of grasps required for the identification (‘Grasps ←

t−1’), each iteration corresponds to one grasp, with t representing the current iteration.

As the algorithm increments t by one before the next iteration begins, it is necessary

to subtract one from the output value to account for this adjustment. Hence, when the

algorithm stops, the number of grasps used for identification will be t− 1.
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Algorithm 2: Information Gain Based Approach

Input: The object to be identified; The descriptor of each object;

Iteration t← 1;

while size(Ot)>1: do

for each pj ∈ [p1, pn] do

for each Ot[l] ∈ Ot do

Calculate the information gain G(Ot[l], pj) using Eq. (3.21);

end

end

for each pj ∈ [p1, pNg ] do
Calculate MIG and AIG at each pose:

GMIG,pj ← min
Ot[l]∈Ot

(G(Ot[l], pj))

GAIG,pj ← avg
Ot[l]∈Ot

(G(Ot[l], pj))

end

Find the subset of P in which the poses have the same largest MIG:

Pmax,MIG ← argmax
pj∈[p1,pNg ]

(GMIG,pj )

if size(Pmax,MIG)=1: then

Grasp at the only pose in Pmax,MIG;

else

if size(Pmax,MIG)>1: then
Find subset of Pmax,MIG in which the poses have the same largest AIG:

Pmax,AIG ← argmax
pj∈Pmax,MIG

(GAIG,pj )

if size(Pmax,AIG)=1: then

Grasp at the only pose in Pmax,AIG;

else

In Pmax,AIG, choose a pose based on the order;

Grasp at the selected pose;

end

end

end

Obtain the grasp cluster number;

t ← t+ 1;

Eliminate inadmissible candidates from set Ot;

end
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if size(Ot)=1: then

Output: the predicted label;

Grasps ← t− 1;

else

Output: “Null”(unidentified);

Grasps ← t− 1;

end
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3.2.2.2 Baseline approach

In this chapter, the baseline approaches are constructed to compare with the proposed

IG-based approaches, and the summaries of it are shown in Algorithm 3. In this chapter,

the baseline approach indicates that the decision on where to grasp next in the haptic

object identification process does not consider the information content of the object

dataset. The procedure of the baseline approach is similar to the IG-based approach

(it still eliminates inadmissible candidates following the grasps performed), but each

grasp position is selected at random. The grasp poses where measurements are already

taken are removed from the set P , which means this grasp position can not be chosen

in the following identification iterations. The baseline approach has also been utilised

in [26, 62, 86] where efficiency is not the focus of their study.

Algorithm 3: Baseline Approach

Input: The object to be identified; The descriptor of each object;

Iteration t← 1;

while size(Ot)>1: do

Randomly choose a pose from the pose set P ;

Grasp at the selected pose;

Obtain the corresponding grasp cluster number;

Eliminate inadmissible candidate objects from the object set Ot;

Eliminate the selected pose from the pose set P ;

t ← t+ 1;

end

if size(Ot)=1: then

Output: the predicted label;

Grasps ← t− 1;

else

Output: “Null”(unidentified);

Grasps ← t− 1;

end
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3.3 Experimental Evaluation

3.3.1 Experimental setup

To evaluate the performance of the proposed object identification algorithm, the follow-

ing experimental setup is used in this chapter:

3.3.1.1 Object set

The descriptions of the objects will be presented in the format of [explanation of the

object - material]. To represent a wide range of objects with different values of stiffness

and shapes, 23 objects are selected (as shown in Table 3.1 and Fig. 5.3). Objects

used are: 1) A soft drink bottle - glass, 2) A can of beetroot - metal, 3) A peppercorn

dispenser - hard plastic, 4) A drinking mug - ceramic, 5) A cleaning spray bottle of non-

axisymmetric shape - medium stiffness plastic, 6) A can of meat - metal, 7) A 3D printed

cylinder - PLA plastic, 8) An arbitrarily shaped 3D-printed object - PLA plastic, 9) A

soft drink bottle - soft plastic, and 10) A soft drink bottle otherwise identical to Object

9) but with a bump on the bottle cap - soft plastic, 11) A tennis ball - uniform felt-

covered rubber compound, 12) A silicone ball - hard silicone, 13) A bottle of mouthwash

- hard stiffness plastic, 14) Another bottle of mouthwash - medium stiffness plastic, 15)

A sports drink bottle - soft plastic, 16) A sport drink bottle of a different shape (full)

- soft plastic , 17) A sport drink bottle of a different shape (empty) - soft plastic, 18)

Assembled Lego blocks - hard plastic, 19) Assembled Lego blocks with a specific part

at Height 1 - hard plastic, 20) Assembled Lego blocks with a specific part at Height

2 - hard plastic, 21) Assembled Lego blocks with a specific part at Height 3 - hard

plastic, 22) Assembled Lego block with a specific part at Height 4 - hard plastic, 23)

Assembled Lego blocks with a shorter height. All selected objects satisfy the assumption

of distinguishability of the objects.

The object set is constructed based on the Yale-CMU-Berkeley (YCB) model set [87].

Specifically, Objects 1, 2, 6, 9, 10, 15, 16, and 17 belong to the ‘Food items’ category in

the YCB set, and Objects 3, 4, 5, 13, and 14 are in the ‘Kitchen items’ category, Objects

7, 8, 11, 12 are included in the ‘Shape items’ category, and Objects 18-23 belongs to
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‘Assembly objects’ category. Furthermore, to analyse the efficiency of object identifi-

cation, objects in the set are intentionally selected to have a high level of similarity,

such as Objects 9 and 10 which are identical except for the bump on the bottle cap on

Object 10. Objects 11 and 12 have the same shape as their main body, with a stiffness

difference overall. Objects 13 and 14 have similar sizes and shapes but with different

stiffness at Pose 1. Therefore, when grasping these two, the joint angle will be similar,

but the tactile map will be different. Objects 15 and 16 have similar object convex

envelopes, such that they result in similar finger displacements when grasped. However,

they differ in that one has clearly defined edges while the other shows a rounded shape.

The tactile measurements upon grasping these two objects are significantly different,

while the finger displacements of the grasps are similar. Objects 15 and 17 are the same

object (identical plastic bottles), but one is filled full of water while the other is empty.

Objects 18-23 have similar shapes on the majority of the portions of the objects, except

for one specific part on each object.
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3.3.1.2 Experimental platform

Robotic hand

The ReFlex TakkTile hand (Right Hand Robotics, US), which consists of three under-

actuated fingers, is used in this chapter. The ReFlex hand has 4 Degrees of Freedom

(DoFs): the flexion/extension of each finger and 1 coupled rotation between the orienta-

tion of finger No.1 and No.2). In this project, only the 3 DoFs of finger flexion/extension

are used. Each under-actuated finger is controlled by a Dynamixel MX − 28 actuator

that can drive the tendon spanning both the proximal and distal joints. The proximal

joint connects the proximal link to the base, and the distal joint connects the distal link

to the proximal link. For each finger, there is one proximal joint encoder, one tendon

spool encoder, and nine embedded Takktile pressure sensors arranged along the finger

(as shown in Fig. 3.6). The reading of the tendon spool encoder represents the angular

displacement of the whole finger (the sum of the angular displacement of the proxi-

mal joint and distal joint), representing the proprioceptive information. Therefore, the

degree of flexion of the distal joint can be calculated from the difference between the

tendon spool decoder and the proximal joint encoder.

Figure 3.6: A diagram of the finger of the Reflex Takktile hand showing the location
of the tactile sensors.

Tactile Sensors

The TakkTile pressure sensors [88], which are designed based on the urethane-encased

micro-electro-mechanical system (MEMS) barometers, are embedded in the compliant

pads of each finger as the tactile sensors (as shown in Fig. 3.7). There are five tactile

sensors on the proximal phalanx and four on the distal phalanx of each finger (as shown

in Fig. 3.6). For each phalanx of the finger, the sensors are mounted on a printed circuit

board with an 8mm separation. The Takktile sensors have the excellent linearity (< 1%
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typical), low noise levels (< 0.01N) and bandwidth (> 100Hz). Each tactile sensor can

measure the normal contact pressure.

Figure 3.7: A TakkTile sensor strip consists of 5 sensors end-to-end spaced at 8mm
spacing [3].

Software

The robotic hand operation and data collection are all performed via Robot Operating

System (ROS), version ‘ROS-indigo’, under Linux Ubuntu 14.04 computer system. The

information (joint angle and pressure value information) is recorded via the ‘rosbag’

command and is saved in the ‘comma-separated values’(‘.csv’) file. All recorded data

are then processed using Python3.

The overall experimental platform is shown in Figure 3.8. In the thesis, instead of

mounting the ReFlex hand on a robot arm, it is mounted on a steel frame, with its three

fingers positioned parallel to the horizontal direction. The height of the robotic hand

can be determined by adjusting the vertical position of the steel frame. The rotating

disc can adjust the orientations of the object. Therefore, the haptic measurements of

each object at different poses can be collected. Such a setup simplifies the data collection

procedure and prevents the setup from becoming complex. It should be noted that when

collecting the data, the object is not stationary and it can be moved during the grasping

procedure. All the data is collected at 40Hz sampling. During each grasp, all fingers

are commanded to move 3 rad over 6 seconds. A torque threshold is also set for each

motor. For each finger, once this threshold is reached, this finger will stop moving and

keep that pose as the final pose for measurements.
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(a)

(b)

Figure 3.8: Experimental platform. (a) The experimental setup. (b) The schematic
of the experimental setup (side view).

3.3.2 Object dataset construction

Each object oi ∈ O, i = 1, . . . , 23 is grasped at 16 different poses, Ng = 16, divided

across 4 grasp heights (with 55mm increments). The object is grasped in 4 different

orientations about the vertical axis at each height setting (with 90o increments). For

each object, the grasp is repeated 10 times at each pose. The collected data are then

normalised using the min-max normalisation method. To categorise the data, fifty-three

grasp clusters are identified through the elbow method. Since each object is grasped at

Ng = 16 different poses, the label for each object is made up of a series of Ng = 16 grasp

cluster numbers.
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3.3.3 Object identification

Using the established data set, the object identification procedure with the IG-based

algorithm for efficiency was validated for two scenarios, where the measurements taken

for the object identification process were done:

• Scenario 1: The grasp is carried out without uncertainty. This represents a sanity

check for the theoretical-best-possible outcome, evaluating only the ability of the

IG-based algorithm to utilise the information of the objects in the dataset to make

decisions on where to make the subsequent measurement grasp. Note that the

sensor measurement errors (of the robotic grasper encoders and tactile sensors)

are still present in this case but were not significant to cause any false outcomes

in identifying the grasp types.

• Scenario 2: The grasp is carried out with an amount of uncertainties approxi-

mated to a typical practical process. The amount of practical uncertainties was

realised as the positioning deviation of the grasper relative to the object, bounded

within ± 20 degrees of grasping orientation uncertainty (with respect to the ob-

ject). It can be highlighted that with the uncertainty involved, this scenario is

able to evaluate the performance in a practical situation, where measurement and

grasp positioning uncertainty is present.

Two tests are conducted in the two scenarios: the accuracy evaluation and the efficiency

evaluation. For both evaluations, 10 trials are conducted, meaning each object will be

identified 10 times. In the accuracy evaluation, the identification result (correctly iden-

tified, misidentified or unidentified) from each trial will be recorded. The procedure is

shown in Algorithm 4. In the efficiency evaluation, the number of grasps used to cor-

rectly identify the object in each trial will be counted. The procedure of the efficiency

evaluation is summarised in Algorithm 5. The measure of evaluation is defined as the

number of grasps used to correctly identify the presented object. Specifically, when un-

certainties are involved in the identification, there will be a possibility of the algorithm

misidentifying the grasp type when measuring one of the poses. The definition hence

means that in each (of the ten attempts per object presented) to identify an object

correctly, the number of grasps made on the object when a correct identification is not

achieved are also counted towards calculating the efficiency. Each time the algorithm
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misidentifies the presented object, the algorithm will restart again.

Algorithm 4: Procedure of the accuracy evaluation

Input: The object to be identified, its true label, the number of trials, and the

identification approaches;

trial ← 0;

correctly identified ← 0;

mis identified ← 0;

un identified ← 0;

while trial ≤ number of trials: do

if identification approach = IG based: then

prediction, grasps ← Call Algorithm 2;

else if identification approach = baseline: then

prediction, grasps ← Call Algorithm 3;

end

if prediction = object’s true label: then

correctly identified ← correctly identified +1;

else if prediction = “Null”: then

un identified ← un identified +1;

else

mis identified ← mis identified +1;

end

trial ← trial+1;

end

correctly identified ← correctly identified / number of trials;

mis identified ← mis identified / number of trials;

un identified ← un identified / number of trials;

Output: correctly identified, mis identified, un identified;
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Algorithm 5: Procedure of the efficiency evaluation

Input: The object to be identified, its true label, the number of trials, and the

identification approaches;

trial ← 0;

while trial ≤ the number of trials: do

Identification ← false;

Num of grasps ← 0;

while Identification ! = true: do

if identification approach = IG based: then

prediction, grasps ← Call Algorithm 2;

else

if identification approach = baseline: then

prediction, grasps ← Call Algorithm 3;

end

end

Num of grasps ← Num of grasps + grasps;

if prediction = object’s true label: then

Identification ← true;

end

end

trial ← trial+1;

Output: Num of grasps;

end
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3.4 Results and Discussion

3.4.1 Object dataset construction

The result of the object dataset construction used in the experimental evaluation is

represented in Table 3.2. Each of the 23 objects is described as a 16-number long string,

representing the 16 clusters for that specific object from the measurements taken at

the 16 grasping poses performed on the object. For example, according to Table 3.2, a

cluster [1] can be obtained when grasping Object 1 (o1) at Pose 5 (p5).
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3.4.2 Object identification

Scenario 1 (The grasp is carried out without uncertainties)

Accuracy Evaluation

Ten sets of identification trials for each object are conducted. In this scenario where no

uncertainties were included, it was confirmed that all trials yielded a 100% accuracy for

both the IG-based approach and the baseline approach, as expected.

Efficiency Evaluation

The number of grasps required to correctly identify the presented object, using the

baseline approach and the proposed IG-based approach, is shown in Fig. 3.9. Using the

constructed object dataset, the IG value for each object at each pose can be calculated

for the first iteration. The IG values for all the objects for all possible poses are shown

in Table 3.3.
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Figure 3.9: The number of grasps required to correctly identify each of 23 objects
using the proposed approach and the baseline approach: Scenario 1 (without uncer-

tainty).
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To decide on the pose for the first grasp, the algorithm looks at the largest minimum IG

(MIG) values for all the poses in Table 3.3. In our example, a MIG value of 0.10 can be

found for Pose 1 and 2, and Pose 5 and 6 (see the last row of Table 3.3). The algorithm

then selects out of these poses, the one with the highest averaged IG (AIG) value, which

is 0.20 for Pose 1. Therefore, for the first grasp, Pose 1 is selected. Note that once the

first grasp is made, depending on the grasp type identified, inadmissible candidates are

removed and the IG values for the subsequent grasp will need to be calculated with the

set of the remaining objects.

The experiment results of the number of grasps required to correctly identify the object

through the IG-based approach are shown in Fig. 3.9. It is observed that the IG-

based approach outperforms the baseline approach in general, even if the difference in

performance differs from object to object. The average number of grasps needed for the

baseline approach is 4.81 while the IG-based approach was observed to correctly identify

the object on average in 1.65 grasps. As expected, the number of grasps required by

the baseline approach to identify an object varies widely between different attempts due

to the random selection in deciding the subsequent grasps. The IG-based approach is

repeatable for all objects in the same set in the absence of practical uncertainties. This

demonstrates the theoretically achievable performance of the proposed approach.

The advantage of the proposed approach is highlighted in the more challenging cases,

where objects are more similar to others in the object set. Objects 9 and 10 are identical

except for a dent in one of the two bottle caps - and the baseline approach struggled

to identify the object without exploiting the knowledge of the objects in the dataset.

Similar observations can be made to Objects 18 to 23.

Scenario 2 (The grasp is carried out with uncertainty)

This section explores how the proposed object identification approach performs when the

measurement includes a level of uncertainty typical to that seen in practical conditions.

The identification procedure remains the same as shown in Section 3.2.2.1 where the

first grasp is carried out at Pose 1.

Accuracy evaluation

The resulting percentage accuracy of the proposed approach in the presence of practical

uncertainties is shown in Fig. 3.10. The percentage of misidentified (when an object is

identified as another) and unidentified (when the resulting descriptor does not match
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any object in the dataset due to the uncertainties involved) results are also shown. It can

be seen that some objects are more susceptible to uncertainties. In general, cylindrical

objects are less susceptible, while objects with sharp, angular features are more prone to

misidentification. This is due to the nature of the tactile sensors on the robotic grasper

used in our experiment, where individual sensors are embedded in the fingers. A change

in the grasping pose will cause a sharp angular feature on an object to press on the

adjacent tactile sensor, activating a completely different sensor in the resulting reading.

Figure 3.10: The accuracy of identifying each of 23 objects through the proposed
approach: Scenario 2 (with uncertainty).

Efficiency evaluation

The effect of the inclusion of the practical uncertainties in the performance of the pro-

posed approach is shown in Fig. 3.11, where it is compared to the performance without
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practical uncertainties. The average number of grasps required for correct identification

increases from 1.65 in Scenario 1 to 4.08 in this scenario.

Figure 3.11: The number of grasps required to correctly identify each of 23 objects
using the proposed approach: Scenario 2 (with uncertainty).

As seen in the outcome of the accuracy evaluation, the identification efficiency of rectangular-

shaped objects - objects with sharp angular features on their surface (such as Object

5, 6, 13, 14, and 18) are the most affected, due to its poor accuracy, thus requiring,

on average, more attempts (thus more grasps) to make a correct identification. It is

also demonstrated that the constructed measure of efficiency is successful in captur-

ing/accounting for the accuracy of the identification approach in reflecting the efficiency

performance of the approach.
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3.5 Summary

In this chapter, we proposed an approach to utilise the information in the object dataset

to improve the efficiency of haptic object identification. It is shown that compared to an

equivalent haptic-based object identification approach that does not exploit such infor-

mation (representative of the conventional approaches), the number of grasps required

to correctly identify the presented object was significantly reduced. In the experimen-

tal evaluation with 23 objects in the object set, the proposed approach required an

average of 1.65 grasps to 4.81 grasps in the baseline approach. The presence of uncer-

tainties in any practical applications, such as in the positioning inaccuracies of the pose

of the robotic grasper upon the object or the sensor noise in haptic sensors onboard the

robotic grasper, affects the performance of the approach. This is because inaccuracies

in the identification approach require the algorithms more attempts to achieve the same

number of correct identification of the objects. It was observed that the shapes of the

objects and their interaction with the robotic grasper used in the task also determined

the susceptibility of the object to these uncertainties.



Chapter 4

Efficiency of Simultaneous Haptic

Identification and Localisation

As an extension of Chapter 3, where it is assumed that the object location is known

a priori throughout the identification process, this chapter aims to provide an efficient

solution for haptic object identification when the location of the object during identifi-

cation is unknown. As the location has to be estimated when simultaneously identifying

the object, this problem can be treated as simultaneous haptic object identification

and localisation. Specifically, the output of the proposed method will be not only the

predicted label but also the pose of the object relative to the grasping hand. The infor-

mation gain techniques proposed in Chapter 3 will be extended to decide which pose to

grasp to obtain efficient identification when localisation is also required.

4.1 Preliminary: Available Transformation

Given a set of objects O = {o1, ..., oℓ}, ℓ ∈ N , where N is the set of integers, and a

set of poses P =
{
p1, ..., pNg

}
, Ng ∈ N , it is assumed that grasping each object oi ∈ O

(where i ≤ ℓ, i ∈ N ) at all Ng poses is sufficient to capture the characteristics that would

allow it to be distinguished from others in the object set. These poses relative to the

object (i.e., relative to a coordinate frame attached on the object) are predetermined,

so the transformation matrix l
kT , which represents the relative displacement from pose

pl to any other pose pk (where j ̸= k), can be known. In general, there will be Ng − 1

60
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transformation matrices for each pose relative to any other predetermined poses. Define

A = {lkT | for distinct l, k ∈ [1, Ng]} as the set containing all available transformation

matrices for all Ng poses.

All distinct transformation matrices in the set A will be then recorded in the set R,

which is denoted as R = {Tm|Tm, Tn ∈ A, Tm ̸= Tn for distinct m,n ∈ [1, Nr]}, where

Nr is the number of available distinct matrices.

In terms of the specific setup introduced in Chapter 3 where all Ng poses relative to

the object are uniformly distributed (including Nh levels of heights and Ns uniformly

distributed segments at each height), the number of available distinct matrices will be

Nr = (2Nh− 1)Ns− 1 = 2Ng −Ns− 1. To illustrate this, the following example is used.

Example 4.1. As the example setting shown in Fig. 4.1, the object has 2 levels of

height and 4 uniformly distributed segments (90o increment) at each height. In this

example, each pose would have 7 transformation matrices, and there would be 11 dis-

tinct transformation matrices in total (Nr = 11).The distinct transformation matrices in

this example are: 1) T1−upward translation; 2) T2−upward translation and 90o angular

displacement; 3) T3−upward translation and 180o angular displacement; 4) T4−upward

translation and 270o angular displacement; 5) T5−90o angular displacement; 6) T6−180o

angular displacement; 7) T7−270o angular displacement; 8) T8−downward translation;

9) T9−downward translation and 90o angular displacement; 10) T10−downward transla-

tion and 180o angular displacement; and 11) T11−downward translation and 270o angular

displacement.

In the following section, we will explain how to effectively identify and localise an object

from a given object set by utilising the information of the transformation matrices, as

well as the information gain method previously introduced in Chapter 3.

4.2 Proposed Methodology

The objective of this chapter is to generate algorithms to improve the efficiency of haptic

identification with an appropriate localisation. Specifically, the proposed algorithm aims

to identify and localise the object using the minimum number of grasps. Similar to the
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Figure 4.1: The characteristics of an object are captured by grasping the object at
eight uniformly distributed poses.

discussion in Chapter 3, the process includes object dataset construction object identifi-

cation and localisation. It should be noted that during the object dataset construction,

knowledge of both the pose and the associated haptic information for each object at each

pose are considered known as a priori. In contrast, this knowledge becomes inaccessible

during the identification process.

4.2.1 Object dataset construction

The procedure of object dataset construction is illustrated in Section 3.2.1. This proce-

dure consists of three steps: 1) object data acquisition and normalisation, 2) categorising

the grasp clusters, 3) and constructing the object description. Each object in the dataset

will be split into Ng poses (as shown in Fig. 3.2).

In the first step, it is assumed that we have sufficient predefined poses so that each

object can be uniquely represented by these predefined poses. The robotic hand will

then grasp at each pose (p1, ..., pNg) of each object oi, i = 1, . . . , ℓ, NT times to account
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for the uncertainties associated with the grasping process. During the data acquisition,

the min-max normalisation method (introduced in Section 3.1.1) is used for normalising

the collected measurements to remove the influence of the dimension and the unit.

The normalised haptic measurements will then be categorised into NC clusters using

unsupervised clustering techniques. In particular, the K-Means clustering technique,

which was introduced in Section 3.1.2), is utilised. The number of clusters NC is deter-

mined by the elbow method (as introduced in Section 3.1.2.2). It is assumed that the

object dataset is well designed with distinguishable objects, and noise/uncertainty in the

haptic measurements are bounded in a range that is clearly smaller than the variance

in the distinguishing information between distinct grasps.

After categorisation, the object descriptor will be constructed as a string of Ng cluster

numbers. The cluster number at each pose p1, ..., pNg represents the cluster that the

haptic measurements at that pose for that object have been categorised into. The

illustrative example of an object descriptor is shown in Fig. 3.4.

4.2.2 Object identification and localisation

The proposed object identification and localisation approach utilises the information

gain-based technique. This extends the algorithm in Chapter 3 towards a more practical

scenario of utilising haptic sensors to touch and identify objects, where the actual pose

of the object relative to the grasping hand is initially unknown. The performance of

the proposed method is compared with a baseline approach where the knowledge of

the characteristics in the object dataset is not utilised. It means that the baseline

approach would perform identification and localisation where the decision of where to

grasp next to obtain more information to identify the object (and to localise itself relative

to the object) is done at random. Details of the proposed IG approach and the baseline

approach were discussed in Section 3.2.2.1 and Section 3.2.2.2, respectively.

4.2.2.1 The proposed approach

In the context of haptic object identification and localisation, the information gain (IG)

algorithm has no prior knowledge of the object’s pose relative to the grasping robotic

hand. Thus, when determining where to grasp next, instead of selecting a specific
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predefined pose for grasping, the output of the IG algorithm is an intended grasp pose

relative to the object, which is an available transformation/displacement introduced

in Section 4.1. Define the option as (oi, pk) for i ∈ {1, 2, ..., ℓ} and k ∈ {1, 2, ..., Ng},

representing the possible object being identified is and the possible pose relative to the

object that the first grasp is carried out. The general procedure of the proposed IG

algorithm can be summarised as follows:

1 The first grasp to an unknown object will be randomly carried out. It will grasp

the object with no prior information about the object’s location relative to the

grasping hand.

2 According to all available options, IG based algorithm will determine the displace-

ment relative to the pose of the first grasp that the next grasp should be executed.

3 Inadmissible options are removed after each iteration/grasp.

4 Repeat the process until the number of options in the set is less than or equal to

one.

5 If only one option remains, it would be the output of the algorithm. If there are

no options remaining (i.e., zero options), it means that the IG algorithm failed to

identify or localise the object, hence the object is considered unidentified.

To record the available options of each iteration, in this chapter, we define St as the set

containing all possible options at the tth iteration (before doing the tth grasp), where t ∈

N>0. At the first iteration, the option set would be S1 = [(o1, p1), (o1, p2), ..., (o1, pNg),

(o2, p1), ..., (o2, pNg), ..., (oℓ, p1), ..., (oℓ, pNg)] containing all the combinations of all objects

and all predefined poses. After the tth grasps, based on the obtained haptic measure-

ments zt, the option set for the next iteration St+1 will be formed by removing the

inadmissible options from the set St, for example, after the first grasp/iteration, the set

could be S2 = [(o1, p2), (o2, p5), (o5, p4), ..., (oℓ, pNg−1)]. In other words, the option set

at the iteration t+ 1 will be a subset of the last iteration t, represented as St+1 ⊆ St.

To determine where to grasp, for each remaining option (oi, pk) ∈ S2, the information/

cluster that can be obtained after each available displacement (relative to pk) should be

known. It should be noted that, for simplicity, we use the transformation matrix R[j]
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(also expressed as Tj), ∀j = 1, ..., Nr, to represent the pose reached by the displace-

ment represented by this matrix. Two possible scenarios may arise when acquiring the

information contained in each R[j]:

• The information can be obtained from the descriptor of oi (constructed in Section

4.2.1). In this case, the pose reached by the displacement represented by R[j] is one

of the predefined poses. Then, the cluster number assigned to R[j] would be the

same as the one assigned to the predefined pose for which the relative displacement

from pk to it can be represented by R[j].

• The information can NOT be obtained from the descriptor of oi. In other words,

the pose reached by the displacement represented by R[j] is NOT any of the pre-

defined poses. In this scenario, the algorithm will infer the information/cluster for

that pose based on the corresponding circumstances. For example, if the first grasp

is assumed to be performed at the pose on the lowest height level, then reaching

the pose by a downward translation will cause the robotic hand to collide with

the workbench (when assuming the object is placed on the workbench), resulting

in [null] being assigned to this pose. Similarly, if the first grasp is assumed at the

pose on the highest height level, moving the robotic hand upward for the next

grasp will lead to a blank grasp, hence this pose (reached by moving upwards) will

be filled as the grasp cluster number that represents the blank.

An illustrative example of acquiring the information contained in each R[j] is shown as

follows.

Example 4.2. This example utilises the setting from Example 1, in which the object

contains 2 height levels and 4 uniformly distributed segments (90o increment) at each

height. This leads to 11 distinct transformation matrices in total (Nr = 11). The exam-

ple is shown in Fig. 4.2. There are ℓ objects in the object set, and each object is labelled

as 8 cluster numbers, representing the cluster that the haptic measurements will be cat-

egorised into. For instance, a cluster [1] can be obtained when grasping Object 1 (o1) at

Pose 1 (p1). When identifying the object, the first grasp is carried out randomly. As-

suming the obtained measurement is categorised into cluster [3], therefore, the available

options in the set would be (o1, p2) and (o2, p1). For option (o1, p2), T1, T2, T3 and T4

represent the relative displacement from p2 to p6, p7, p8 and p5, respectively. Therefore,
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the cluster number [5], [2], [1] and [1] will be assigned to T1 to T4 for (o1, p2). Besides,

T8, T9, T10, and T11 will be assigned a [null] as moving to a lower height will cause the

robotic hand to collide with the workbench. For option (o2, p1), the same approach would

be applied. T1 to T4 represent the relative displacement from p1 to p5, p6, p7 and p8,

respectively. Therefore, the cluster number [4], [2], [5] and [2] will be assigned to T1 to

T4 for (o2, p1).

Figure 4.2: An illustrative example demonstrates the information that can be ob-
tained for each option after every available displacement.

The proposed IG-based algorithm will then be used to determine where to grasp next.

Specifically, at each iteration/grasp, the minimum information gain (MIG) and average

information gain (AIG) value will be calculated given all options in St, and the pose

with the largest value of IG will be selected for the next grasp.

For the lth option in the set St, assuming that there areN t
p remaining options, define St

l ={
St[l],¬St[l]

}
as the set containing two possible outcomes. The information entropy for

the option St[l] can be calculated as:

H(St[l]) = −p(St[l])log2(p(S
t[l]))− p(¬St[l])log2(p(¬St[l])), (4.1)

where p(St[l]) and p(¬St[l]) are the probability of each outcome in St
l respectively.

Assuming the probability that the option being identified is any of the options in the

remaining set is equal (uniformly distributed), p(St[l]) and p(¬St[l]) can be calculated
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as:

p(St[l]) = 1
Nt

p
; (4.2)

p(¬St[l]) =
Nt

p−1

Nt
p

. (4.3)

For the conditional entropy calculation, two sets Ct
j =

{
ctj,1, ..., c

t
j,v, ..., c

t
j,Nt

h

}
and F t

j ={
f t
j,1, ..., f

t
j,v, ..., f

t
j,Nt

h

}
are defined to contain non-repeating grasp cluster numbers and

the corresponding frequency of occurrence at R[j], respectively, for all remaining options

in St
l . N t

h is the number of different cluster numbers at R[j]. The probability ctj,v can

be calculated as (considering uniformly distributed):

p(cj,v) =
f t
j,v

N t
p

. (4.4)

Therefore, the conditional entropy for St[l] at R[j] can be computed as follows:

H(St[l]|R[j]) =

Nt
h∑

v=1

p(ctj,v)H(St
l |ctj,v)

= −
Nt

h∑
v=1

p(ctj,v)

p(St[l]|ctj,v)log2
(
p(St[l]|ctj,v)

)

+p(¬St[l]|ctj,v)log2
(
p(¬St[l]|ctj,v)

). (4.5)

The p(St[l]|ctj,v) and p(¬St[l]|ctj,v) are the conditional probability of St[l] given ctj,v and

¬St[l] given ctj,v, respectively. To calculate these conditional probabilities, if the grasp

cluster number of St[l] at R[j] is not ctj,v, then:

p(St[l]|ctj,v) = 0; (4.6)

p(¬St[l]|ctj,v) = 1. (4.7)

otherwise:

p(St[l]|ctj,v) = 1
f t
j,v

; (4.8)

p(¬St[l]|ctj,v) =
f t
j,v−1

f t
j,v

. (4.9)
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The information gain for St[l] at R[j] then can be calculated as:

G(St[l], R[j]) = H(St[l])−H(St[l]|R[j])

= −p(St[l])log2(p(S
t[l]))− p(¬St[l])log2(p(¬St[l]))

+

Nt
h∑

v=1

p(ctj,v)

p(St[l]|ctj,v)log2
(
p(St[l]|ctj,v)

)

+p(¬St[l]|ctj,v)log2
(
p(¬St[l]|ctj,v)

). (4.10)

In summary, when the object location is unknown, the first grasp will be carried out

randomly as there is no prior information about the object pose that can be utilised for

the identification algorithm. According to each option (oi, pk), the proposed IG-based

algorithm will be applied to determine the displacement relative to pk for the next grasp.

It should be noted that if there is more than one option coming from the same object and

having the same grasp cluster numbers at all poses, then these options will be counted

as one option in the set St. The proposed algorithm will be repeated until the number of

inadmissible options in the set is less than or equal to one. The algorithm is summarised

as follows:
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Algorithm 6: IG Based Approach: Unknown object pose

Input: The object to be identified; The descriptor of each object;

Randomly grasp the object at one of the predefined poses;

Iteration t← 1;

Construct the option set St;

while size(St)>1: do

Construct the descriptor of all options based on transformation matrices set R;

for each R[j] ∈ R do

for each St[l] ∈ St do

Calculate the information gain G(St[l], R[j]) using Eq. (4.10);

end

end

for each R[j] ∈ R do
Calculate MIG and AIG at each pose:

GMIG,R[j] ← min
St[l]∈St

(G(St[l], R[j]))

GAIG,R[j] ← avg
St[l]∈St

(G(St[l], R[j]))

end

Find the subset of R in which poses have the same largest MIG:

Rmax,MIG ← argmax
R[j]∈R

(GMIG,R[j])

if size(Rmax,MIG)=1: then

Grasp at the only pose in Rmax,MIG;

else

if size(Rmax,MIG)>1: then
Find subset of Rmax,MIG in which poses have same largest AIG:

Rmax,AIG ← argmax
R[j]∈Rmax,AIG

(GAIG,R[j])

if size(Rmax,AIG)=1: then

Grasp at the only pose in Rmax,AIG;

else

In Rmax,AIG, choose a pose based on the order;

Grasp at the selected pose;

end

end

end

Obtain the corresponding grasp cluster number;

t ← t+ 1;

Update option set St;

end
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if size(St)=1: then

Output: the option set St;

Grasps ← t− 1;

else

Output: “Null”(unidentified);

Grasps ← t− 1;

end
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4.2.2.2 Baseline approach

In order to evaluate the performance of the proposed method, a baseline method is used

to compare the performance with the proposed method. Here, the baseline approach de-

termines the subsequent grasp pose randomly without utilising the information content

of the object dataset. Details of the baseline approach are summarised in Algorithm 7.

Algorithm 7: Baseline Approach: Unknown object pose

Input: The object to be identified; The descriptor of each object;

Randomly grasp the object at one of the predefined poses;

Iteration t← 1;

Construct the option set St;

while size(St)>1: do

Construct the descriptor of all options based on transformation matrices set R;

Randomly choose a pose from the set R;

Grasp at the selected pose;

Obtain the corresponding grasp cluster number;

Update option set St;

Eliminate the selected pose from the set R;

t ← t+ 1;

end

if size(St)=1: then

Output: the option set St;

Grasps ← t− 1;

else

Output: “Null”(unidentified);

Grasps ← t− 1;

end
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4.3 Experimental Evaluation of the Object Identification

and Localisation

The experimental setup and the set of objects used in this chapter are the same as in

Section 3.3.1.1 and Section 3.3.1.2, respectively.

In terms of the evaluation of the object identification and localisation, two scenarios

(as introduced in Section 3.3.3) are used for validating the performance of the proposed

method:

• Scenario 1: The grasp is carried out without uncertainty. This scenario evaluates

the theoretical-best-possible outcome in the noise-free condition.

• Scenario 2: The grasp is carried out with ±20 degrees of grasping orientation un-

certainty. In this scenario, a practical situation where the grasping uncertainty in

the haptic measurement is evaluated. It should be highlighted that this uncertainty

is only applied in the validation (object identification) step, meaning the grasps for

object dataset identification are performed accurately at the predetermined grasp

poses.

In each scenario, both the accuracy and efficiency evaluations are conducted. Details of

the evaluation method are summarised in Algorithm 8 and Algorithm 9, respectively. It

can be noted that the efficiency evaluation is defined as the number of grasps used to

correctly identify and localise the presented object. Specifically, when there are uncer-

tainties in the measurements, there is a possibility that the object will be misidentified or

unidentified. Under such a situation, each time the algorithm does not correctly identify

or localise the presented object, the algorithm will continue to run (restarted again for

each failure) until the correct object is identified. The total number of grasps performed

throughout, for all attempts until the object is correctly identified, are tallied as the

number of grasps required, as a measure of performance of efficiency. The average over

multiple attempts will reflect the typical number of grasps required by the algorithm

(containing uncertainties) to correctly identify the objects.
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Algorithm 8: Procedure of the accuracy evaluation

Input: The object to be identified, its true label, the number of trials, and the

identification approach;

trial ← 0;

correctly identified ← 0;

mis identified ← 0;

un identified ← 0;

while trial ≤ number of trials: do

if identification approach = IG with unknown object pose: then

prediction, grasps ← Call Algorithm 6;

else if identification approach = baseline with unknown object pose: then

prediction, grasps ← Call Algorithm 7;

end

if prediction = object’s true label: then

correctly identified ← correctly identified +1;

else if prediction = “Null”: then

un identified ← un identified +1;

else

mis identified ← mis identified +1;

end

trial ← trial+1;

end

correctly identified ← correctly identified / number of trials;

mis identified ← mis identified / number of trials;

un identified ← un identified / number of trials;

Output: correctly identified, mis identified, un identified;
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Algorithm 9: Procedure of the efficiency evaluation

Input: The object to be identified, its true label, the number of trials, and the

identification approach;

trial ← 0;

while trial ≤ the number of trials: do

Identification ← false;

Num of grasps ← 0;

while Identification ! = true: do

if identification approach = IG with unknown object pose: then

prediction, Grasps ← Call Algorithm 6;

else

if identification approach = baseline with unknown object pose: then

prediction, Grasps ← Call Algorithm 7;

end

end

Num of grasps ← Num of grasps + Grasps;

if prediction = object’s true label: then

Identification ← true;

end

end

trial ← trial+1;

Output: Num of grasps;

end
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4.4 Results and Discussion of the Object Identification and

Localisation

The result of the object dataset construction is shown in Table. 3.1. The descriptor of

each of the 23 objects is a string for all 16 poses, preserving the spatial haptic information

of that object at the corresponding poses. The accuracy and efficiency results will

be presented for two scenarios. It is important to note that the identification of the

object’s pose is also included in the results below. For example, if the object’s label

is correctly predicted but the pose is identified incorrectly, then this output is still

considered incorrectly identified (misidentified). However, in the figures presented, we

primarily show the efficiency and accuracy results based on the object labels, which

allows for a comparison of the identification performance among different objects and

within a single object.

4.4.1 Scenario 1 (The grasp is carried out without uncertainty)

Accuracy Evaluation

Ten sets of identification trials for each object are conducted. In this scenario where no

uncertainties were included, it was confirmed that all trials yielded a 100% accuracy for

both the IG-based approach and the baseline approach, as expected.

Efficiency Evaluation

The experiment results of both the IG-based approach and the random approach are

shown in Fig. 4.3. The results turn out that the proposed method improves the identifi-

cation efficiency significantly compared with the random approach. The average number

of grasps needed for the random approach is 7.39 while the IG-based approach was ob-

served to correctly identify the object on average in 2.93 grasps. As the first grasp is

carried out at a random pose, the number of grasps needed is less consistent compared

with the efficiency result of IG based algorithm shown in Fig. 3.9 (when the object

location is known). However, compared with the result of the random approach, the

spread of the number of grasps required is still much narrower.

An outstanding improvement in the proposed approach compared to randomly grasping

the object can be seen in the case of Objects 9 and 18. Randomly grasping these objects

require on average 20.7 and 19.9 attempts respectively. The IG-based approach exploits
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the information in the dataset resulting in accurate identification in only 4.70 and 8.90

grasps respectively.

Figure 4.3: The number of grasps required to correctly identify each of 23 objects
using the proposed approach and the baseline approach: Scenario 1 (without uncer-

tainty).
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4.4.2 Scenario 2 (The grasp is carried out with uncertainty)

Accuracy Evaluation

The identification accuracy of the proposed approach (the percentage of each object

being correctly identified, misidentified and unidentified) in the presence of uncertainties

is shown in Fig. 4.4. It can be seen that the cylindrical objects are not affected by the

grasping orientation uncertainty and the accuracy of identifying them is all 100%. In

contrast, objects with sharp edges are more prone to get the wrong identification result.

This is due to the fact that the measurements of each sensor (embedded in specific

locations the robotic hand/grasper used to perform the grasping and touching) will

be susceptible to the deviation in the pose between the non-cylindrical object and the

robotic hand. Therefore, the grasp on objects with sharp edges can result in different

sensors being activated, leading to incorrect identification.
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Figure 4.4: The accuracy of identifying each of 23 objects using the proposed ap-
proach.

Efficiency Evaluation

The efficiency results of the proposed approach and the random approach are shown in

Fig. 4.5. It can be seen that the efficiency performance of the proposed approach out-

performs the baseline approach. The average number of grasps needed for the IG-based

approach to correctly identify the object is 4.37 while the baseline approach requires

10.33 grasps for the correct identification.

Compared to the efficiency result of Scenario 1 and Scenario 2 (as the result shown

in Fig. 4.3 and Fig. 4.5), both approaches require more grasps to identify an object

in Scenario 2 compared to Scenario 1. This is because, in Scenario 2, uncertainties in

the measurements are more likely to lead to incorrect identification, therefore, more
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attempts (thus more grasps) might be required to make a correct identification.

Figure 4.5: The number of grasps required to correctly identify each of 23 objects
using the proposed approach and the baseline approach: Scenario 2 (with uncertainty).

4.5 Summary

This chapter presented an algorithm for improving the efficiency of haptic object identifi-

cation with localisation. With the information on transformation matrices, the efficiency

of the proposed method was achieved by using IG based algorithm to determine the dis-

placement for the next grasp. The results showed that the number of grasps needed for

correctly identifying the objects was significantly reduced compared to the baseline ap-

proach. In the experimental evaluation with 23 objects, the proposed approach required
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on average 2.97 grasps to 7.14 grasps in the baseline approach when the grasp is carried

out without uncertainty and 4.37 grasps to 10.33 grasps when the grasp is carried out

with uncertainty. Besides, due to the inaccuracies in the identification, the number of

grasps required to correctly identify an object in the presence of uncertainty will be

higher compared to the scenario without uncertainty. The results show the effectiveness

of the proposed method.



Chapter 5

Accuracy of Haptic Object

Identification

This chapter presents a statistical modelling method which accounts for the uncertain-

ties of the relative pose between the object to be identified and the robotic grasping

hand to improve the accuracy of haptic object identification. Based on the statistical

properties observed from the measurements of haptic sensors, the Beta mixture model

(BMM), which is a statistical model that can accommodate probability density func-

tion with multiple peaks, has been adopted for haptic identification. Compared with

deep learning-based methods, the proposed approach can overcome the limitations of

deep learning, such as the potential for poor identification performance resulting from

inappropriate parameters or structures. Besides, such a statistical model method pro-

vides interpretable results from physical measurements, a factor often ignored in deep

learning-based methods. Furthermore, it reduces the subjective human involvement in

the selection of appropriate features, making haptic identification more systematic.

In the haptic object identification process, once the dataset of the objects is established,

the parameters of the BMM of each object can be determined, and the identified param-

eters can then be used as the prior information to compute the posterior probability of

a grasp belonging to an object [89]. The knowledge of the identified BMM can improve

prior information, leading to better identification accuracy.

81
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5.1 Preliminaries

This section provides preliminaries, including the introduction of the Beta mixture model

and Bayes’ theorem.

5.1.1 Beta mixture model

5.1.1.1 Beta model

The Beta model is a family of continuous probability distributions defined for a nor-

malised random variable parameterised by two positive shape parameters. For x ∈ [0, 1],

the probability density function (pdf) of a Beta model [90] is defined as:

fθbeta(x) =
xα−1(1− x)β−1

B(α, β)

=
xα−1(1− x)β−1∫ 1

0 uα−1(1− u)β−1du
, (5.1)

where:

• α and β are positive shape parameters of pdf ;

• B(α, β) is the function that ensures the total probability is one;

• θ = [α, β] represents the parameter vector.

With different parameters used, the pdf of the beta distribution will show different

shapes (examples are shown in Fig. 5.1).

5.1.1.2 Beta mixture model (BMM)

The BMM is a combination of K Beta models, where K ∈ N is called the number of

components of the BMM. Here, N>0 is the set of positive integers. The pdf of the BMM
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can be represented as:

fθmix
mix (x) =

K∑
m=1

πmfθm
beta(x)

=

K∑
m=1

πm

[
xαm−1(1−m)βm−1∫ 1

0 uαm−1(1− u)βm−1du

]
, (5.2)

where:

• θm = [αm, βm]T is the parameter vector of the mth component of pdf ;

• πm is the mixture coefficient of the mth component which satisfies πm ≥ 0 and∑K
m=1 πm = 1;

• θmix =
[
π1,θ

T
1 , π2,θ

T
2 , . . . , πK ,θT

K

]T ∈ LP 3K in Eq. (5.2) is the lumped parame-

ter vector, where LP 3K =
{[

π1,θ
T
1 , π2,θ

T
2 , . . . , πK ,θT

K

]T
:
∑K

m=1 πm = 1, πm ≥ 0,

αm > 0, βm > 0 for m = 1, . . . ,K

 is the parameter space.

5.1.1.3 Maximum likelihood estimation (MLE)

MLE is a statistical method that can estimate the values for the parameters of an

assumed statistical model. The parameter values are determined by maximising the

likelihood function that the assumed probability distribution results in the observed

data [91].

In this chapter, for a set of measurements (x1, ..., xN ) (or the dataset D), it is assumed

that the measurements satisfy the BMM with the unknown θmix. The MLE method

[91] has the following cost function:

maximise
θmix∈LP 3K

L(θmix), (5.3)

where:

L(θmix) =
N∑
i=1

lnfθmix
mix (xi). (5.4)
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It is noted that the higher the dimension of θmix, the more data are needed to accurately

estimate the parameters using the MLE. If the dataset is not rich enough, there will be

a non-negligible bias in the parameter estimation.

5.1.2 Bayes’ theorem

The Bayesian framework [89] can be used to calculate the probability of a random event

Hi (the ith event in the event space) given the prior knowledge of it and the observed

evidence e. The equation can be represented as:

p(Hi|e) =
p(e|Hi)p(Hi)

p(e)
, (5.5)

where:

• p(Hi|e) is the posterior probability of the random event Hi given the random

observation e;

• p(e|Hi) is the probability likelihood of observing e given Hi;

• p(Hi) is the prior probability of the ith event;

• p(e) represents the marginal likelihood which can be considered as a normalisation

term, ensuring the posterior probability will sum to one among all events.

Based on the law of total probability [92], p(e) can be calculated as:

p(e) =
∑
i=1

p(e|Hi)p(Hi). (5.6)

It is noted that Bayes’ theorem can be used iteratively. For the tth iteration, by observing

the new evidence et and getting new prior probability P (H|e1:t−1), the posterior proba-

bility P (H|e1:t) can be continuously calculated (as shown in Eq.(5.7)) until a threshold

is reached.

p(H|e1:t) =
p(et|H)p(H|e1:t−1)

p(et)
. (5.7)
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5.1.3 Cramer-von Mises criterion

The Cramer-von Mises criterion can be used to judge the goodness of fit. In this chapter,

it was utilised to evaluate the haptic measurements fitting performance of each sensor

for each object at each segment (the concept of the segment will be introduced in Section

5.2). Generally, given the observed values x1, ..., xi, ..., xNm arranged in increasing order,

the test statistic Tcramer can be calculated as follows:

Tcramer =
1

12Nm
+

Nm∑
i=1

[
2i− 1

2Nm
− F (xi)

]2
, (5.8)

where:

• Nm is the number of samples;

• F (·) is the specified cumulative distribution function.

The smaller the value Tcramer, the better the fit. In this chapter, the number of samples

Nm refers to the number of haptic measurements in each segment of each object. The

observed value xi is the ith reading of a certain sensor in a segment of an object. F (·)

is the cumulative distribution function of the BMMs or the Gaussian model. For each

sensor, each segment of each object should have one test statistic Tcramer, representing

the fitting performance of the Gaussian model or the BMMs at that segment. To evaluate

the difference in the overall fitting performance of the Gaussian model and BMMs, the

paired t-test will then be utilised where the Cramer-von Mises test statistic of each

sensor at each segment of each object will be the input. Details of paired t-test will be

introduced in Section 5.1.4.1.

5.1.4 Hypothesis testing

Hypothesis testing is a form of statistical inference used to evaluate the plausibility

of a hypothesis based on the obtained data. In this chapter, two hypothesis testing

approaches (paired t-test and two-sample proportion test) are adopted for testing the

performance difference between the Gaussian model (the baseline approach) and the

BMMs. For any hypothesis testing approach, the process can be divided into four steps:
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1. Specify the null hypothesis and alternative hypothesis (research hypothesis).

The null hypothesis states that there is no difference between the two groups

of data, while the alternative hypothesis is the opposite of the null hypothesis.

Generally, the alternative hypothesis can be one-tailed (only provides one direction,

e.g., one group of data is greater or less than the other group of data) or two-tailed

(provides two directions, e.g., there is a difference between two groups of data).

2. Set the significance level.

The significance level represents the probability of accepting the alternative hy-

pothesis when the null hypothesis is true. It is generally set as 0.01, 0.05 or 0.1.

3. Calculate the test statistic and corresponding p-value.

In this chapter, the paired t-test and the two-sample proportion test are utilised

to evaluate the distribution fitting performance difference and identification accu-

racy difference between the Gaussian model and the BMM. Details of the testing

approaches are introduced in Sections 5.1.4.1 and 5.1.4.2. Once the test statistic is

calculated, the corresponding p-value can be found by comparing the test statistic

against the p-value table.

4. Analyse the results and decide whether to accept the alternative hypothesis.

When the p-value is smaller than the significance level, the alternative hypothe-

sis will be accepted, therefore, we can conclude that the difference between two

groups of data is statistically significant (two-tailed test), or one group of data is

statistically greater/less than the other group (one-tailed test).

5.1.4.1 Paired t-test

The paired t-test can be used to compare the mean of two matched groups of data

[93]. In this chapter, the paired t-test is utilised to evaluate the difference in the overall

distribution fitting performance. The test statistic of the paired t-test can be calculated

as:

Tpaired =
d̄

σ̂/
√
Nz

, (5.9)

where:
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• d̄ is the sample mean of differences;

• σ̂ is the sample standard deviation of the differences;

• Nz is the sample size.

The sample mean of the differences d̄ can be calculated as:

d̄ =

∑Nz
i=1 di
Nz

, (5.10)

where di is the difference between the ith paired data.

The sample standard deviation of the differences σ̂ can be calculated as:

σ̂ =

√∑Nz
i=1(di − d̄)2

Nz − 1
. (5.11)

In this chapter, di is the difference in the output of “Cramer-von Mises criterion” (as

introduced in Section 5.1.3) between the Gaussian model and BMMs at the ith sample

and Nz should equal the total number of segments for all objects (This is because, for

each sensor, each segment of each object should have one BMM/Gaussian distribution).

5.1.4.2 Two-sample proportion test

The two-sample proportion test can be used to conduct the hypothesis test about the

difference between the proportions of two populations/samples [94]. In this chapter,

the two-sample proportion test is used to evaluate the difference in the identification

accuracy of the algorithm with the BMMs against the Gaussian model. The test statistic

can be calculated as:

Z =
p̂1 − p̂2√

p̂(1− p̂)( 1
n1

+ 1
n2
)
, (5.12)

where:

• p̂1 and p̂2 are the observed proportions from sample one and sample two;

• n1 and n2 are the size of sample one and sample two;
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• p̂ is the pooled sample proportion, which can be calculated as:

p =
p̂1n1 − p̂2n2

n1 + n2
. (5.13)

In this chapter, n1 and n2 refer to the number of identifications of all objects by the

Gaussian model and the BMM, respectively. p̂1 and p̂2 are the number of times that all

objects were correctly identified by the Gaussian model and the BMM, respectively.

5.2 Proposed Methodology

The objective of the proposed methodology is to address the challenges introduced by

the uncertainties from sensors. Specifically, when a robotic hand is grasping an object,

the probability density function (pdf) of tactile sensor measurements generally has more

than one peak. With a slight amount of uncertainties between the hand and the object,

the resulting pdf of the measurement of a tactile sensor will peak around the “no contact”

case and the “firm contact” case. In this chapter, the BMM is utilised to account for

such uncertainties. It should be noted that the BMM can fit the data with multiple

peaks, not limited to just “no contact” and “firm contact” cases. When the “insufficient

contact” occurs, generating another peak in the data, the BMM can also capture it.

This capability enhances its performance in haptic object identification. The process

involved in this method includes both the object dataset construction and the object

identification.

5.2.1 Object dataset construction

The data of all objects are collected and normalised using the method mentioned in

Section 3.2.1.1. In summary, each object will be split into Ng uniform distributed

orientation intervals along the vertical axis. After grasping at Ng intervals, all parts of

the object have been encapsulated by the grasp of the robotic hand. Each grasp on the

object will yield an M dimensional measurement ẑ =
[
ẑ1, ..., ẑj , ..., ẑM

]T
, corresponding

to the number of sensors on the robotic hand. To account for the expected amount

of uncertainty associated with the grasping process, in each interval, the grasp will be
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carried out NT times, and each time the grasp orientation relative to the object will be

randomly determined.

Once the data for all ℓ objects are collected, the BMM will then be utilised to math-

ematically account for the uncertainties. It should be noted that as the focus is the

identification accuracy, in this method, the grasps are performed on a single height of

the object for simplicity of the experimental procedure, such as practised in [33, 95],

where all objects are distinguishable from the haptic information at this height. In

general, the grasp poses of objects can be extended to different heights as per the in-

formation requirement of the dataset [40]. The details of the procedure are presented

below.

Figure 5.2: The characteristics of an object are regarded to be captured by grasping
the object at different poses (only three poses are shown). In this illustrative example,

one segment contains three poses.

For each pose of the object, the measurements of each sensor should have a statistical

model to capture the uncertainties for NT repetitions. Therefore, ℓ×Ng×M BMMs are

required in total. In this proposed method, we fix NT to simplify the data collection.

Therefore, to have enough measurements to estimate the parameters of each BMM, the

concept of the segment is introduced. A segment combines the measurements collected

at a few poses to estimate the parameters of one BMM. The number of segments is

defined as Ns =
Ng

NI
for some NI ∈ N , where NI is the number of poses contained in
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each segment Ns. Fig. 5.2 shows an example of a segment containing 3 poses (NI=3).

Details of the procedure of object dataset construction are presented below.

5.2.1.1 Re-organising data into segments

The measurements in the dataset are re-organised in terms of Ns segments. For each

object, each segment will contain all measurements from NI poses (as shown in Fig. 5.2),

leading toNM measurements for the estimation of the parameters, whereNM = NT×NI .

For the jth segment sj of object oi, a dataset Di,j := {ẑ1i,j , ..., ẑci,j , ..., ẑ
NM
i,j }, where

ẑ ∈ RM , represents the readings of M sensors in the collected dataset. As the subset

of Di,j , D̄
n
i,j , which represents the measurements of the nth sensor, will be utilised to

identify the parameters of the BMM of the nth sensor.

5.2.1.2 Determining the parameters in Beta mixture model

Given the dataset D̄n
i,j , parameters θn,i,j

mix of the BMM can be estimated using Eq. (5.3).

More precisely, the optimal parameters are select to fit D̄n
i,j to maximise the following

cost:

maximise
θn,i,j

mix ∈LP 3K

L(θn,i,j
mix ), (5.14)

where L is defined in (5.3) for the dataset D̄n
i,j .

In this proposed method, the MLE procedure is achieved by using the Constrained

Optimisation BY Linear Approximation (COBYLA) algorithm [96] which is integrated

into Python’s “scipy.optimize.minimize” package. It is noted that this Python package

is only for minimising a cost, therefore, to maximise the cost (as shown in Eq. (5.14)),

a simple mathematical adjustment will be made, and Eq. (5.14) will then become:

minimise
θn,i,j

mix ∈LP 3K

−L(θn,i,j
mix ). (5.15)

It is noted that for a fixed NT , if the number of the segments is small, fewer BMMs will

be used. This will reduce the complexity of the identification algorithm, at the cost of

lower identification accuracy. On the other hand, each dataset D̄n
i,j will have sufficient
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measurements to properly estimate the parameters of the BMM in LP 3K , leading to

better estimation.

5.2.2 Object identification

In this section, the Bayesian-based method is adopted as the identification approach for

testing the effectiveness of the proposed BMM.

Given the object to be identified, a testing measurement z =
[
z1, ..., zn, . . . , zM

]T
can

be obtained when a random grasp is performed. We can form a sequence of grasps

z1:t = {z1, ..., zt} in the iterative identification procedure.

5.2.2.1 Updating the posterior probability the object oi

Given the tth grasp in the identification stage, by applying the Bayesian equation in an

iterative process, the probability of object oi is computed as:

p(oi|z1:t) = max
sj ,j=1,...,Ns

[p(oi, sj |z1:t)]

= max
sj ,j=1,...,Ns

[
p(zt|oi, sj)p(oi, sj |z1:t−1)

p(zt)

]
,

(5.16)

where:

• p(oi, sj |z1:t) is the posterior probability of the object oi at segment sj given z1:t;

• p(zt|oi, sj) is the likelihood of observing zt given oi and sj ;

• p(oi, sj |z1:t−1) is the prior probability;

• p(zt) represents the marginal likelihood.

The likelihood p(zt|oi, sj) is calculated using the pdf of the BMM. Assuming each di-

mension of the measurement is independent, according to the conditional independence
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[97], p(zt|oi, sj) can be calculated by:

p(zt|oi, sj) = p(z1t , ..., z
n
t , ..., z

M
t |oi, sj)

=
M∏
n=1

p(znt |oi, sj)

=
M∏
n=1

f
θn,i,j

mix
mix (znt ), (5.17)

where f
θn,i,j

mix
mix (zn) is calculated using Eq. (5.2). Parameters θn,i,j

mix are identified from the

constructed dataset using the MLE.

The prior probability of the current iteration t can be considered as the posterior prob-

ability of the last iteration t− 1. For t = 1, the prior probability of each object at each

segment will be considered as a uniform distribution. Therefore, the prior probability

of the first iteration is set as p(oi, sj |z0) = 1
ℓNs

.

The marginal likelihood p(zt) is calculated as:

p(zt) =
ℓ∑

i=1

Ns∑
j=1

p(zt|oi, sj)p(oi, sj |z1:t−1). (5.18)

5.2.2.2 Stopping rule

As the Bayesian haptic object identification is an iterative process, an appropriate stop-

ping rule is thus needed. There are two stopping rules discussed in the literature: 1)

The posterior probability of the object p(oi|z1:t) (which is calculated using Eq. (5.16))

reaches a pre-defined threshold τb [28, 30]; or 2) The number of grasps reaches the

threshold τg [27, 62]. These thresholds are subjectively defined according to different

needs or tasks. Both rules can be used to stop the process.

The algorithm of Bayesian haptic object identification is summarised in Algorithm 10.
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Algorithm 10: Bayesian haptic object identification (presented in Section 5.2.2)

Input: The constructed object dataset (in Section 5.2.2);

The estimated parameters (in Section 5.2.2);

Initialise:The iteration t: t ← 0 ;

The stopping rule: Rule ← τg or τb;

The condition of stopping rule: Stop ← false;

while Stop ! = true: do

t← t+ 1;

Do the tth grasp and get the haptic measurements zt

for each oi ∈ [o1, oℓ] do

for each sj ∈ [s1, sNs ] do

Calculate likelihood p(zt|oi, sj) using Eq. (5.17);

Update prior probability p(oi, sj |z1:t−1);

end

end

Calculate marginal likelihood p(zt) using Eq. (5.18);

for each oi ∈ [o1, oℓ] do

Calculate posterior probability p(oi|z1:t) using Eq. (5.16);

end

if Rule == τb and p(oi|zt) ≥ τb: then

Stop ← true;

else

if Rule == τg and t ≥ τg: then

Stop ← true;

end

end

end

predicted object label ← argmax
oi∈[o1,oℓ]

p(oi|z1:t);

Output: predicted object label;
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5.3 Experimental Evaluation

To evaluate the performance of the proposed haptic object identification algorithm based

on the BMM, the Reflex TakkTile robotic hand with integrated joint displacement and

tactile sensors (as introduced in section 3.3.1.2) is used to perform the object identifica-

tion for an object set consisting of 20 objects.

This section will present the experimental setup, followed by detailed steps of the haptic

object identification algorithm for the different number of segments Ns, and the different

number of components of BMMs (K in Eq. (5.2)). The performance of the proposed

method with the different number of segments and different components is compared

with the Bayesian identification based on the Gaussian model.

5.3.1 Experimental setup

5.3.1.1 The object set

To represent a wide range of objects with different stiffnesses, sizes, and shapes, 20

objects are selected (as shown in Table 5.1 and Fig. 5.3). Objects 1 − 3, 7 − 10, and

12 are the cylindrical/spherical objects, while Objects 4 − 6, 11, and 13 − 20 are with

well defined edges. The objects are selected with reference to the Yale-CMU-Berkeley

(YCB) Object and Model Set [87].
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The descriptions of the objects will be presented in the format of [explanation of the

object - the material]. The material description is included to provide the physical

property of the objects, while the shape is evident from Fig. 5.3. Objects used are 1)

A soft drink bottle - glass, 2) A can of beetroot - metal, 3) A peppercorn dispenser

- hard plastic, 4) A bottle of handwash - soft plastic, 5) A drinking mug - ceramic,

6) Another drinking mug - ceramic, 7) An arbitrarily shaped 3D-printed object - PLA

plastic, 8) A second soft drink bottle - soft plastic, 9) A tennis ball - uniform felt-

covered rubber compound, 10) A silicone ball - hard silicone, 11) A bottle of mouthwash

- medium stiffness plastic, 12) A sports drink bottle - soft plastic, 13) A Lego block

- hard plastic, 14) Another drink bottle of a different shape - soft plastic, 15) A milk

bottle - soft plastic, 16) A 3D-printed apple - PLA plastic, 17) A stain remover spray

bottle of non-axisymmetric shape - medium stiffness plastic, 18) A cleaning spray bottle

of non-axisymmetric shape - medium stiffness plastic, 19) A can of meat - metal, 20)

Another Lego block - hard plastic.

5.3.1.2 Experimental platform

The experimental platform (robotic hand, tactile sensors and software) used in this

chapter is described in Section 3.3.1.2.

5.3.2 Object dataset construction

5.3.2.1 Data acquisition and normalisation

Each object oi ∈ O, i = 1, . . . , 20 in the object set is grasped in 36 different poses about

the vertical axis (from 0 to 360o with the resolution of 10o). Hence, the number of poses

to cover the surface is Ng = 36. It is noted that the reason for choosing Ng = 36 is

that collecting the haptic measurement with 10 degrees pose of the grasping pose of the

robotic hand around the object allows comparing the performance of the algorithm at

the different number of segments (as 36 is divisible by a good few numbers: 36, 18, 9, 6, 4

and 2). At each pose, the grasp is repeated 3 times (NT = 3), and during each grasping,

the object will be rotated to make the pose face the robotic hand. The collected data

are then normalised using the min-max normalisation method (as introduced in Section

3.1.1).
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5.3.2.2 Estimation of parameters of Beta mixture model

As discussed in Section 5.2.1, the parameter estimation step starts by re-organising the

measurements into segments. In the experiments, 6 different segment arrangements are

evaluated:

• Case 1: 36 segments (NI = 1) with 3 measurements in each segment (NM = 3).

• Case 2: 18 segments (NI = 2) with 6 measurements in each segment (NM = 6).

• Case 3: 12 segments (NI = 3) with 9 measurements in each segment (NM = 9).

• Case 4: 6 segments (NI = 6) with 18 measurements in each segment (NM = 18).

• Case 5: 4 segments (NI = 9) with 27 measurements in each segment (NM = 27).

• Case 6: 2 segments (NI = 18) with 54 measurements in each segment (NM = 54).

In all 6 cases, 4 methods for statistical modelling are used:

• Method 1: Gaussian model (the baseline method). The pdf of the Gaussian

model is defined as:

fnorm(x) =
1

σ
√
2π

e−
(x−µ)2

2σ2 , (5.19)

where µ and σ2, denoting the mean and variance of the Gaussian model, are

parameters that need to be identified.

• Method 2: BMM (K = 1). 2 parameters to identify.

• Method 3: BMM (K = 2). 5 parameters to identify.

• Method 4: BMM (K = 3). 8 parameters to identify.

5.3.3 Object identification

Methods 1 − 4 are used to identify the object. Each object will be identified 6 times,

therefore, 6 trials of identification for each object are conducted for the identification

methods described. The accuracy measure is obtained by taking the average of the
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number of times the algorithm correctly identifies the object out of the total 6 attempts.

As the focus is to evaluate the performance of the BMM for identifying the object, in

each identification trial, the threshold τg of the stopping rule is set to 1, to simplify the

evaluation procedure without loss of generality.

5.4 Results and Discussion

5.4.1 Object dataset construction

To evaluate the haptic measurements fitting performance of each sensor for each object at

each segment, the “Cramer–von Mises criterion” is adopted. The “paired t-test” is then

used to statistically compare the overall performance of the BMMs and the Gaussian

model for each segment. Since there are 33 sensors measuring over the different number

of segments on 20 objects, as an illustrative result, only the performance of different

methods at 6 segments (Case 4) is represented. For all three BMMmethods, according to

the p-value calculated using the “paired t-test”, the BMMs demonstrated a closer fit than

that of Gaussian at a significant level of 0.001. A representative distribution of tactile

measurements is given in Fig. 5.4, which specifically shows the tactile measurements

of the third tactile sensor of the first finger when grasping Object 4. Two peaks are

observed, corresponding to the “no contact” and the “firm contact” cases, respectively.

This is widely observed in the measurements of tactile sensors in this experiment. The

resulting distribution modelled by a BMM (in this case, at K = 2) is shown in the figure,

as well as a comparison to that with a Gaussian model.

Figure 5.4: The fitting result of the BMM (K = 2) and the Gaussian model. The
histogram shows the readings from Tactile sensor 3 of Finger 1 in the first segment of

Object 4 (a bottle of handwash).
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5.4.2 Object identification

The complete results of the experiment, comparing the accuracy of the haptic object

identification algorithm using the Gaussian model and BMMs for all cases, are shown

in Table 5.2. The averaged accuracy is presented in Fig. 5.5 for ease of comparison.

The p-values of the identification accuracy performance of the algorithm with the pro-

posed BMMs against the Gaussian model, based on the “two-sample proportion test”,

are presented in Table 5.3 to indicate the statistical significance of the difference in

performance.
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Figure 5.5: The averaged identification accuracy of all objects in four methods and
decreasing number of segments.

Table 5.3: Two-sample proportion test result comparing Gaussian and BMM on
identification accuracy (one-tailed p-value)1.

Method
1 and 2

Method
1 and 3

Method
1 and 4

p-value 5.05× 10−7 2.34× 10−6 3.36× 10−5

1 The p-value is calculated using all 20 objects in the object
set and the identification result of all cases.

From Fig. 5.5, it can be observed that the Gaussian model (Method 1) has the lowest

identification accuracy on average and BMMs (Methods 2-4) outperform the Gaussian

model in all cases. The statistical significance of the difference in performance for Meth-

ods 2-4, compared to Method 1, is validated by the p-values presented in Table 5.3. This

supports our hypothesis that the BMM more accurately captures the distribution of the

uncertainties typical in object grasping than the Gaussian model. From Fig. 5.5, the

identification performance can be observed to drop with the lower number of segments

for all methods. This is because a lower number of segments (to represent each object)

means that each Gaussian or BMM would need to capture a wider range of variations in

the object, while a higher number of segments per object allows each model to capture

a localised area on an object more accurately (thus resulting in more accurate identifi-

cation performance). It should be noted that a higher number of segments also means a

higher number of measurements needed, as there would be a fixed number of parameters

that need to be identified per segment. In our experiment, a fixed number of overall

measurements was collected, thus they are divided among the different number of seg-

ments for different cases. The cases with a higher number of segments therefore will have
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fewer measurements assigned per segment. In this case, it can be observed that for the

highest number of segments and higher number of components of the BMMs (Methods

3 and 4, corresponding to K = 2, 3, respectively), there were insufficient measurements

to produce the estimation of the parameters of the BMMs. Thus in Fig. 5.5 and Table

5.2, it can be observed that these results were not available.

According to Table 5.2, for all 4 methods (the BMMs and the Gaussian model), the

identification accuracy of cylindrical/spherical objects (Objects 1 − 3, 7 − 10, and 12)

was 100%. As expected, due to their cylindrical symmetric feature, the measurements

were not affected by uncertainties. The primary source of noise in these measurements

is sensor noise, which is bounded within a range that is much smaller than the variance

in the distinguishing information between objects. In contrast, the better performance

of the BMMs relative to the Gaussian model can be found in identifying objects with

sharp, clear, or well-defined edges (Objects 4 − 6, 11, and 13 − 20). Due to the nature

of the tactile sensors used in our experiment, individual sensors are embedded in the

fingers and only measure local forces applied near their location (this is a typical nature

of tactile sensors, observed in many robotic hands [98, 99]), a change in the grasping

position will cause a sharp angular feature on an object to press on the adjacent tactile

sensor, activating a completely different sensor in the resulting reading. Therefore, the

measurement distribution of each tactile sensor will contain multiple peaks, and BMMs

are able to fit such distribution better than the Gaussian model.

It should be clarified that this chapter only focuses on the identification problem (iden-

tifying the specific object from a given object set) rather than the classification (cate-

gorising the object into a certain class). However, if the object to be identified is not

in the set, the following scenarios might occur: 1) If the object to be identified is not

similar to any objects in the set, the posterior probability of being any objects in the

set will be small. When using the stopping rule τb and τg, if the posterior probability

cannot reach the threshold τb after τg grasps, then the algorithm can conclude that the

object is not the one in the constructed object set. The object then can be added to

the object set, hence it will be able to be identified next time; 2) If the object to be

identified is similar to one object in the set, then this object would be predicted as the

most similar object in the given object set.



Chapter 5: Accuracy of Haptic Object Identification 106

5.5 Summary

In this chapter, we utilised the Beta mixture model (BMM) to characterise the uncer-

tainties typical to haptic object identification using robotic hand grasps. The BMMs

were shown to be effective in representing the distribution of the tactile measurements

due to the pose uncertainties relative to the grasping hand. The advantage of the BMM

over the Gaussian model is clearly shown in the identification of objects with well-defined

edges. The higher number of segments used to represent an object (Ns) was found to

improve the precision of the model of the probability density function and this in turn

results in higher accuracy in the haptic object identification. It was noted that as the

model of the probability density function for each segment requires a set number of

parameters to be estimated, the number of measurements (the number of times the ob-

ject is grasped and measurements taken) required to construct the model for an object

increases with the number of segments used to represent it. The study did not find

any significant difference in the resulting identification performance as a function of the

number of components (K) in the BMM.
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Conclusion

This thesis investigated haptic object identification from the following two topics: a)

Identifying the object from a given set using the minimum number of grasps (the effi-

ciency of haptic object identification); b) Accounting for the uncertainties characteristic

to the haptic measurements of robot hand mounted tactile sensors in improving the

accuracy of the object identification.

6.1 Contributions

This thesis answered two proposed research questions. Regarding the efficiency of hap-

tic object identification, an information gain-based approach is proposed to determine

the grasp pose to minimise the number of grasps needed. For identification accuracy,

a statistical method based on the Beta mixture model is proposed to characterise the

uncertainties in the haptic measurements. Specifically, regarding the first research ques-

tion, to improve the efficiency of haptic identification, an object descriptor construction

method to preserve the spatial haptic information of the object was proposed, and an

information gain-based identification method was developed to determine where to grasp

to get the most distinguishing information. Two scenarios were considered: one assumes

that the object poses are known and the other relaxes this assumption (this assumption,

thus requires an implementation of simultaneously object identification and localisation).

The results showed that the number of grasps needed for identification can be signifi-

cantly reduced for both scenarios compared to an equivalent haptic object identification

107
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approach without such information. It was also observed that the uncertainties, which

are the positioning deviation of the grasper relative to the object, increase the number

of attempts to achieve the same number of correct identification.

Secondly, to address the problem caused by the uncertainties of the relative pose between

the object to be identified and the robotic grasping hand (to improve the identification

accuracy), the Beta mixture model is utilised to account for the uncertainties in the

haptic measurements. The results showed that the Beta mixture model clearly out-

performs the Gaussian model in identifying objects with well-defined edges. Besides,

increasing the number of segments into which an object is divided, i.e., implementing

finer segmentation, would result in greater identification accuracy because there would

be fewer uncertainties in each segment.

Enhancing efficiency and accuracy in haptic identification makes this research important

for applications such as automation and prosthetics. The methods proposed in the thesis

offer innovative solutions to the challenges of haptic object identification, laying the

foundation for future research in this area.

6.2 Limitations and Future Work

An assumption used throughout this thesis is that the orientation of the object is as-

sumed to be known as priori. Specifically, all the objects in the set will always be

positioned upright (the z-axis of an object will always be perpendicular to the support

surface). For example, as the object (mug) shown in Fig. 3.2, it is assumed to remain

standing on the table and will not fall down during identification. This assumption

helps to simplify the problem of object identification and to avoid the effect of other

variables on the core research objectives (the efficiency and accuracy of haptic object

identification).

Although this assumption is commonly used in the literature, such as [33, 100], it limits

the applicability to some well-controlled problems, such as where objects are well placed

on a surface, such as a shelf or a table. It will face challenges in scenarios where the

objects are placed in an arbitrary orientation, for example, identifying a book or a

phone in the bag. The reason is that the constructed object dataset only has the data

or features at that specific orientation. Therefore, the online identification measurements
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collected at other orientations of the object cannot be processed to match the data or

the features recorded in the offline dataset, hence the identification is very likely to be

inaccurate.

Future works can focus on relaxing this assumption to make the haptic identification

algorithms applicable. There might be three potential solutions that can be explored

for this problem:

• Expanding the offline object dataset. When constructing the object dataset, the

measurements of each object can be systemically collected at different orientations.

Therefore, the corresponding features can be matched in the dataset whenever the

object is identified at which orientation. However, this approach might need a

significant amount of data, which would be time-consuming. A potential method

to solve this problem would be “sim-to-real” [101, 102], which constructs the offline

dataset using the simulation model. The performance of this method depends on

how similar the simulated model is to the real robotic hand.

• Finding the reference orientation during online identification. This approach aims

to determine the orientation of the object first during the online identification step.

Once the orientation is determined, an object is able to be identified by contacting

the poses whose measurements are included in the offline dataset. However, the

possible problem with this approach is that as the haptic information is sparse,

determining the orientation of the object will require many contacts, which is

contrary to the evaluation criteria of efficiency.

• Designing the features of objects that are invariant to the orientation. This ap-

proach characterises the object with features that have distinguishable information

and do not change with orientation. However, based on the sparse haptic mea-

surement obtained from one contact, it is hard to find features that have similar

values for the same object at different orientations and very different values for

different objects.

The robustness analysis of the unsupervised clustering techniques in haptic object identi-

fication could be another future work that can be focused on. The data-driven unsuper-

vised clustering techniques play an important role in haptic identification for labelling
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[25, 49]. For example, in Chapter 3, the unsupervised clustering technique K-Means

was used to categorise the offline collected measurements. However, it was noticed that

when doing the identification, the online measurements have uncertainties from inaccu-

rate grasp positions or sensor noise. When the offline clustering results are sensitive to

noise/uncertainties coming from the sensors, the online measurement is very likely to be

categorised into the wrong cluster, hence the accuracy of identification will be reduced.

A potential solution for this problem would be assigning different weights to different

sensors or features to account for the measurement uncertainties/noise. The assign-

ment of weights depends on two metrics: the importance of the feature (weight of the

importance of each feature) and the ability of the uncertainties/noise to affect the clus-

tering results (weight of uncertainty). The weight of the importance might be able

to be achieved by utilising the existing unsupervised feature selection method, such as

the Laplacian score method [103]. The weight of uncertainty could be determined by

the ratio between the variance of the measurement uncertainties and the uncertainties

threshold identified in the unsupervised clustering technique. The combination of these

two weights will determine the overall weight of each sensor/feature used in the process

of offline data collection and online object identification.
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[10] L. Acosta, E. González, J. N. Rodŕıguez, A. F. Hamilton, et al., “Design and im-

plementation of a service robot for a restaurant,” International Journal of Robotics

and Automation, vol. 21, no. 4, p. 273, 2006.

[11] A. J. Davison, “Real-time simultaneous localisation and mapping with a single

camera,” In Proceedings of International Conference on Computer Vision, vol. 3,

pp. 1403–1403, 2003.

[12] K. Overvliet, J. B. Smeets, and E. Brenner, “The use of proprioception and tactile

information in haptic search,” Acta Psychologica, vol. 129, no. 1, pp. 83–90, 2008.

[13] M. Grunwald, Human haptic perception: Basics and applications. Springer Science

& Business Media, 2008.

[14] O. Azulay, I. Ben-David, and A. Sintov, “Learning haptic-based object pose es-

timation for in-hand manipulation control with underactuated robotic hands,”

IEEE Transactions on Haptics, vol. 16, no. 1, pp. 73–85, 2022.

[15] B. Hannaford and A. M. Okamura, “Haptics,” in Springer Handbook of Robotics,

pp. 1063–1084, Springer, 2016.

[16] W. Shaw Cortez, D. Oetomo, C. Manzie, and P. Choong, “Robust object manip-

ulation for tactile-based blind grasping,” Control Engineering Practice, vol. 92,

p. 104136, 2019.

[17] L. Scimeca, P. Maiolino, E. Bray, and F. Iida, “Structuring of tactile sensory

information for category formation in robotics palpation,” Autonomous Robots,

pp. 1–17, 2020.

[18] J. Dargahi and S. Najarian, “Human tactile perception as a standard for arti-

ficial tactile sensing—a review,” International Journal of Medical Robotics and

Computer Assisted Surgery, vol. 1, no. 1, pp. 23–35, 2004.

[19] H. Liu, Y. Wu, F. Sun, and G. Di, “Recent progress on tactile object recognition,”

International Journal of Advanced Robotic Systems, vol. 14, no. 4, pp. 1–12, 2017.



Bibliography 113

[20] A. Faragasso, J. Bimbo, A. Stilli, H. A. Wurdemann, K. Althoefer, and H. Asama,

“Real-time vision-based stiffness mapping,” Sensors, vol. 18, no. 5, p. 1347, 2018.

[21] H. Gu, S. Fan, H. Zong, M. Jin, and H. Liu, “Haptic perception of unknown object

by robot hand: Exploration strategy and recognition approach,” International

Journal of Humanoid Robotics, vol. 13, no. 03, p. 1650008, 2016.

[22] S. Funabashi, S. Morikuni, A. Geier, A. Schmitz, S. Ogasa, T. P. Torno, S. Somlor,

and S. Sugano, “Object recognition through active sensing using a multi-fingered

robot hand with 3D tactile sensors,” In Proceedings of International Conference

on Intelligent Robots and Systems, pp. 2589–2595, 2018.

[23] S. Funabashi, G. Yan, A. Geier, A. Schmitz, T. Ogata, and S. Sugano,

“Morphology-specific convolutional neural networks for tactile object recogni-

tion with a multi-fingered hand,” In Proceedings of International Conference on

Robotics and Automation, pp. 57–63, 2019.

[24] A. Schmitz, Y. Bansho, K. Noda, H. Iwata, T. Ogata, and S. Sugano, “Tactile ob-

ject recognition using deep learning and dropout,” In Proceedings of International

Conference on Humanoid Robots, pp. 1044–1050, 2015.

[25] S. Luo, W. Mou, K. Althoefer, and H. Liu, “Novel tactile-SIFT descriptor for

object shape recognition,” IEEE Sens. J., vol. 15, no. 9, pp. 5001–5009, 2015.

[26] M. M. Zhang, M. D. Kennedy, M. A. Hsieh, and K. Daniilidis, “A triangle his-

togram for object classification by tactile sensing,” In Proceedings of International

Conference on Intelligent Robots and Systems, pp. 4931–4938, 2016.

[27] J. A. Fishel and G. E. Loeb, “Bayesian exploration for intelligent identification of

textures,” Frontiers in Neurorobotics, vol. 6, p. 4, 2012.

[28] D. Xu, G. E. Loeb, and J. A. Fishel, “Tactile identification of objects using

bayesian exploration,” In Proceedings of International Conference on Robotics and

Automation, pp. 3056–3061, 2013.
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