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Abstract: Conceptual space framework is used for
representing knowledge in cognitive systems. In this
paper, we have adapted conceptual space framework for
prosthetic arm considering its cognitive abilities such as
receiving signals, recognizing and decoding the signal
and responding with the corresponding action in order
to develop a conceptual space of the prosthetic arm.
Cognitive functionalities such as learning, memorizing
and distinguishing configurations of prosthetic arm are
achieved via its conceptual space. To our knowledge,
this work is the first attempt to adapt the conceptual
spaces to model cognitive functionalities of prosthetic
arm. Adding to this, we have made use of different
notion of concept that reflects the topological structure
in concepts. To model the actions of the prosthetic arm
functionalities, we have made use of force patterns to
represent action. Similarly, to model the distinguishing
ability, we make use of the relationship between the
attributes conveyed by adapted different notion of
concept.

Keywords: Cognition, Conceptual spaces, Concepts, In-
formation granules, Prosthetic arm

1. Introduction

Prosthetics is an artificial system or a device that
replaces the human lost or malfunctioning body parts
[1]. Prosthetics can include a wide range of devices
such as pacemaker, dental implants, limbs, ear im-
plants, etc. [2], [3]. Among these our particular in-
terest is on upper prosthetic limbs (prosthetic arm)
since upper limbs are crucial parts of human body for
multiple tasks. Losing upper limb could significantly
decrease an individual’s function in their life. Pros-
thetic arm can recover certain crucial tasks of an indi-
vidual in a way comparable to human arm. In general,
prosthetics can be classified into three categories:
non-functional prosthetics (aesthetics purpose), me-
chanically controlled prosthetics and body controlled
prosthetics [2]. Among these types, body controlled
prosthetics are complex to handle as it involves many
interrelated system such as biological system - the
human body, mechanical system - the prosthetic arm
and the computerized system - the application soft-

ware that controls the arm based on the signal from
the human body. Body controlled prosthetics receives
electromyography signals (EMG) from the electrodes
as an input. From these raw EMG signals, informa-
tion is extracted and processed further to simulate
the corresponding action [4]. According to [5], these
pre-processed inputs and corresponding actions can
be regarded as a cognitive state. This literature also
suggests that a state space model can be used for
modelling the cognitive processes in the regarded
cognitive states of the prosthetic arm. On the other
hand, mammalian immune system is often described
as cognitive system. Conceptual space framework
can be used for demonstrating the cognitive func-
tionalities of an immune system [6]. Motivated by
the aforementioned literature, we aim to model the
cognitive functionalities of the prosthetic arm using
the conceptual space framework in this paper. For
this purpose, we perform an analogical reasoning of
processes in prosthetic arm using the notions of con-
ceptual space framework. Analogy reasoning involves
adaptation relational information that already exists
in one domain to another application domain [7]. To
our knowledge, a very few literature are available dis-
cussing the analysis of the prosthetic arm from the
perspective of cognition. As mentioned earlier, we
model the cognitive functionalities such as exploring
the similarities and differences using the geometrical
framework of conceptual spaces for the following rea-
sons:

[. To demonstrate the applicability and utility of
Gardenfors geometric framework of conceptual
spaces on prosthetic arm.

II. To achieve the cognitive functionalities of the con-
ceptual spaces of prosthetic arm system.

The novelty of the proposed work is the applica-
tion of conceptual space framework for prosthetic
arm. In this work, we also adapt a different notion
of concept. Generally, a concept is a pair consisting
of areal world entity and its description. However,
literature suggests that the conventional notion of
concept does not reflect the hierarchical structure in
human brain [8]. On the other hand, Gardenfors sug-
gest that notion of concept as ‘regions’ in conceptual
space framework lacks precision without topologi-
cal structure [9]. We address this issue by adapting
three types of attribute granules namely focal, general
and essential attributes. We model the distinguishing
ability of the model using these three attribute since
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the relationship between the attributes best convey
the relationship between the concepts [8]. It should
be also noted that concepts of cognitive frameworks
models real world instance based on their static prop-
erties (attributes). In here, we have made use of force
patterns to model the functions and actions of pros-
thetic arm [10].

The organization of the paper is as follows. In the
next section of the paper, we have presented a brief
literature review on cognitive abilities of conceptual
spaces. The section 3 of the paper discusses the funda-
mentals of the Gardenfors geometric representation
of conceptual spaces. In section 4, we have elaborated
on the proposed work while the successive section
discusses the experimental analysis of the proposed
work. The section 6 of the paper presents discussion
on our insights with regard to our proposed work fol-
lowed by conclusions.

2. Literature Review

This section of the paper presents the review on
literature concerning potential applications of concep-
tual spaces and granular computing approaches from
the perspective of cognition. Information in a cognitive
system is represented in the form of concepts. Two
prominent approaches for information representation
in a cognitive system are symbolic representation and
associationism [11]-[14]. Gardenfors suggests a new
approach geometric structures which is neither sym-
bolic nor associationism for describing conceptual
spaces. This theory of conceptual spaces is framework
for knowledge representation. Studies have reported
the application of conceptual space theory to RCC8
network to understand the betweenness of the con-
straints [17]. Similarly, the conceptual space can be
applied to immune system in order to obtain an in-
telligent design of immunization [6]. Adding to these,
conceptual spaces can also be applied to evolution in
theories such as classic mechanics, quantum mechan-
ics and special relativity theory. Conceptual spaces pro-
vide a knowledge level called lingua franca which facili-
tates the process of generalization and specialization in
symbolic, sub-symbolic and diagrammatic approaches
[18]. Augello et.al proposed an algebra to manipulate
the internal conceptual representation of the artificial
agents developed using conceptual spaces [19]. In lan-
guage games, mental concept and lexicon formation
can be made to co-evolve using Gardenfors framework
of conceptual spaces together with Barsalou’s mental
simulation and ESOM neural networks [20]. Another
interesting linguistic application of conceptual space is
formation of link between the idea of speaker; meaning
of words and usage of words [21]. Conceptual spaces
were also used by researchers to define psychiatric
concepts together with ontologies [22]. In the afore-
mentioned literature, the concepts in the target domain
are static. However, concepts can also be used to repre-
sents the action and their functional properties [10]. In
order to add the dynamic properties of an action, force
attributes essential in concept representation. Actions

contain sufficient information to perceive underlying
force patterns [23], [24].

The basic principle of human cognition is to recog-
nize and distinguish objects based on its universal as
well as special properties. In order to analyse the uni-
versal and special properties, arbitrary information
is transformed into information granules [25]. One
straight forward approach is to classify the arbitrary
information into information granules such as nec-
essary, sufficient and necessary as well as sufficient
granules [26]. Similarly, concepts can also be learned
using information granules [8]. Alternatively, con-
cepts can be learned from incomplete information via
granular computing techniques [27]. A concept repre-
sents relation between set of objects and its descrip-
tions and this relation is bidirectional [28]. Studies re-
port that three way concepts can also adapt granular
computing techniques to achieve cognition [29]. It is
essential for the cognitive systems to establish cogni-
tive relation on the information learned for intelligent
behaviour of the system [30], [31]. Further, a quantum
theories based conceptual spaces has been proposed
for the application of elderly assistance [32]. In order
to distinguish a real world object, it is essential model
the similarity relation by understanding their similar-
ities and the difference [33], [34]. Literature reveals
number of similarity metrics proposed using object
classes, attribute class and both object and attribute
classes [35]-[37]. Detailed explanation on fundamen-
tals, theories and applications of Girdenfors geomet-
rical framework of conceptual spaces can be found in
this literature [11]. However, we have presented brief
fundamentals of geometrical framework of conceptu-
al space in the next section of the paper.

3. Fundamentals of Geometrical Framework
of Conceptual Spaces

According to Gardenfors, human cognition can
well be modelled using geometric structure which are
neither symbolic representation and associationism
[15]. Further, concepts are closely tied by the notion
of similarity and the most natural approach to model
similarity is through geometric structures. In the fol-
lowing, we present the properties and notions of the
geometrical framework of conceptual spaces.

3.1. Properties of Conceptual Spaces

According to the geometrical framework of con-
ceptual spaces, geometric characteristics of concep-
tual spaces are spatial structures with the following
properties:

L. Criterion P:

A “natural concept” is a convex region of a concep-
tual space. The criterion P says that if an object O lo-
cated between pair of pointe v1 and v2 own some re-
lation with attributes in concept C then all the objects
located between the points v1 and v2 also own the
attributes possessed by the object O.
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I1. Criterion C:

A conceptis represented as a set of convex regions
in a number of domains together with information
about how the regions in different domains are cor-
related. The criterion C says that an Object O can be
described with attributes from more than one cate-
gory. This gives rise to theory of prototypes. Certain
objects are judged to be more representative of an at-
tribute category than others. The most representative
member of a category is called prototypical member
of that category.

3.2. Notions of Conceptual Spaces

The geometrical framework of conceptual spaces
built on geometric structures with aforementioned
properties is based on the following notion:

[.  Quality dimensions: Quality dimensions include
properties of a real world objects. For example,
temperature, brightness, colour, weight, etc,
can be categorized as quality dimensions of an
object.

[I. Domain: A domain is set of integral and non-
separable properties of an object from different
quality dimensions.

[II. Prototype: Among a group of objects, certain
objects are more representative of the category
than other. The most representative object of
a category is called a prototype.

IV. Concept: A region in a conceptual space

V. Salience: Salience is the weight of the attributed
under a quality dimension

VL. Similarities: Distance between the objects
provides the similarity between the objects.
Similar objects placed nearer in the geometrical
framework of conceptual spaces.

VII. Conceptual space: A conceptual space is the
collection of concepts that interrelates different
quality dimensions.

Adaptation of geometrical framework of concep-
tual spaces implies the adaptation of properties and
the notion of the framework to the target domain
(prosthetic arm) [6]. In this research, we perform an-
alogical reasoning by adapting the terminologies such
as objects, attributes, quality dimensions, domains
of the geometrical framework of conceptual space to
prosthetic arm to achieve the cognitive functionality.
In the next section, we present the details on using the
conceptual space framework for modelling prosthetic
arm functionalities.

4. Proposed Work

The proposed work models the cognitive function-
alities of prosthetic arm by adapting the geometric
framework. A cognitive system is usually exemplified
by its cognitive functions such as receiving cues in
the environment, responding to cues and capability
to learn, memorize and distinguish [5]. As mentioned
in previous sections, the prosthetic arm can receive
sEMG signal, understand the information in the sig-

nal and respond with the corresponding action for the
given signal. We aim to achieve the other functional-
ities such as learning, memorizing and distinguish-
ing cues from the environment using the geometric
framework of conceptual spaces as shown in Fig. 1.

Asses the abilities of the
prosthetic arm for its
treatment as a cognitive
system

Prosthetic arm
can be treated
as cognitive
system?

Stop

Yes

Perform analogical Conceptual
reasoning by adapting Space
geometrical  conceptual framework

spaces to prosthetic arm

\

Fig. 1. Modelling cognitive functionalities of prosthetic
arm using conceptual space framework

Conceptual
space

Similarity
[ | Explorer

To adapt the geometric framework of conceptual
spaces to the domain of prosthetic arm we perform
analogy reasoning [7]. In here, the source domain is
the geometric framework of conceptual spaces and
the target domain is the prosthetic arm. The analogy
between the notions of source domain and target do-
main is carried out as follows. We regard configura-
tions corresponding to SEMG signals as objects, com-
ponents and actions of the prosthetic arm as attributes
while different categories of attributes are quality di-
mensions and prosthetic arm itself is the domain. The
actions required to accomplish the configurations are
represented in terms of their corresponding force
patterns [10]. Once the objects and attributes of the
conceptual space of the prosthetic arm are identified,
we proceed for modelling the learning and memoriz-
ing functionalities. We model the learning process
through concept generation process. A concept in the
conceptual space is a pair namely configuration (ob-
ject) and description of the configuration (attribute).
In this work, we use three granules of attribute de-
scription for each configuration namely focal attrib-
ute, general attribute and essential attribute [8]. This
proposal regards an attribute as a focal attribute if the
attribute is possessed by all the configurations (cardi-
nality of focal attribute set is greater than 2).

Similarly, an attribute is regarded an essential at-
tribute if the attribute is possessed by only one con-
figuration (cardinality of the essential attribute set
is 1). An attribute is regarded as a general attribute if
it is possessed by two or more configurations but not
in all configurations (cardinality of the general attrib-
ute set is greater than 2 but less than m). For example,
let us consider a set of three birds namely, crow, par-
rot and penguin. In this example, the focal attribute
would be ‘birds’ since it is common to all the instanc-
es and one of the essential attribute would be ‘green’
since it is possessed only by ‘parrot’ but it is not pos-
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sessed by ‘crow’ and ‘penguin’. One of the general at-
tribute would be ‘can fly’ since only ‘crow’ and ‘par-
rot’ can fly while ‘penguin’ is flightless. Consequently,
each concept in the conceptual space will be of the
form C:=(X, {FA, GA, EA}) where X, FA, GA, EA are the
configuration, focal attribute, general attribute and
essential attribute respectively. All the configurations
of the prosthetic arm are learned in the form of these
concepts. List of all the concepts that are learned dur-
ing the concept generation process are memorized
and stored in the conceptual space itself.

Another important aspect of this proposal is that
it models the distinguishing ability of the conceptual
space using information granules. The distinguishing
ability of the model indicates the ability to understand
the similarity and difference between given configu-
rations. However, the measure of similarity is directly
related to difference between the configurations, i.e.
higher the differences between the configurations,
the less similar they are. The proposed work models
the distinguishing ability using a similarity explorer
as shown in Fig. 2. The similarity explorer receives
two configurations as cues to analyse similarity be-
tween them.

Check similarity

oncepts A
and B varies by
an essential
attribute?

Concepts A
and B varies by
a general
attribute?

Concepts A
and B varies by

an essential
attribute?

Similar concepts Apply similarity Metric| | Different concepts

v

Related concepts with
similarity value

Fig. 2. Similarity Explorer

The similarity explorer of the proposed model
classifies the given concepts as similar concepts if the
concepts differ by essential attribute. Similarly, if the
given concepts differ by focal attribute and general
attribute, the similarity explorer classifies them as
different concepts and related concepts respectively.
It should be noted that the general attribute are pos-
sessed by two or more configurations (but not by all
the configurations) as mentioned earlier. By this defi-
nition, a general attribute can be present in a mini-
mum of 3 objects (say, GA1) and in a maximum of m-1
objects (say, GA2). In such case, concepts differing by
GA1 are more similar than the concepts differing by
GA2. To overcome this, we make use of a similarity
metric shown in equation 1 as suggested by this lit-
erature [37]. Let C1:=(A1,B1) and C2:=(A2,B2) be the
two concepts given as cue to the similarity explorer

of the proposed model. In equation 1, the term repre-
sents attributes common in both concepts.

5((141;31 )'(AZ;BZ)) =

—w (B " B,) o)

1 1
(B mBz)+5(31 —Bz)+5(32 -B)

The terms, and represent the elements present in
the attribute set B1 but not in B2 and elements pres-
ent in the attribute set B2 but not in B1 and weight re-
spectively. We set the weight since the assessment of
similarity is symmetrical [36]. Using equation 1, the
similarity explorer calculates the similarity measure
between the given concepts. As a result, a numerical
value directly proportional to the measure of similar-
ity between the related concepts is obtained from the
similarity explorer.

5. Experimental Analysis

Experiments are conducted to test the cognitive
abilities of the proposed model. Nina pro dataset is
chosen for experimental analysis as a sample of pros-
thetic arm functionalities [38], [39]. This dataset has
EMG signals corresponding to 52 configurations per-
formed by 67 intact subjects and 11 amputated sub-
jects as shown in Fig. 3. The actions of Ninapro data-
set is classified into four main classes namely, finger
movements, hand postures, wrist movements and
grasping and functional movements. The proposed
model adapts the geometric framework of conceptual
spaces to prosthetic arm by adapting the notions of
conceptual space as shown in Table 1.

Tab. 1. Adapting the notion of Gardenfors framework of
conceptual space to prosthetic arm

Notions of conceptual
S.No P Ninapro Dataset
space

1 Cue(Object) 52 configurations of Nina Pro

dataset

2 Description (Attribute) Components of prosthetic
arm and force patterns of

configurations

3 Quality dimensions Four types of configuration

4 Domain Prosthetic arm

Here, the 52 configurations of prosthetic arm are
the objects while the components and actions re-
quired to perform the configuration are the attrib-
utes of the cue. The four major classes of the config-
urations are quality dimensions while the prosthetic
arm itself is the domain. For the purpose of conven-
ience, we denote each configuration by combination
of class id and configuration id. Class id is an alpha-
bet (A - finger movements, B- hand postures, C- wrist
movements and D- grasping and functional move-
ments) while the configuration id is the number in
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(a) Basic movements of the fingers (Hexions and extensions).

(b} Isometric, isotonic hand configurations ("hand postures™).

(c) Basic movements of the wrist.

(d) Grasping and functional movements.

Fig. 3. Configurations in Ninapro dataset [39]

ascending order. There are totally 12 configurations
under class A, 8 configurations under class B, 9 con-
figurations under class C and 23 configurations under
class D. For example, the first configuration of finger
movement class is denoted by Al while the last con-
figuration under the class of grasping and functional
movements is denoted by D23.

Learning and memorizing configuration. Pri-
or to learning, the dataset is prepared and pre-pro-
cessed. We make use the tool called Cmap (https://
cmap.ihmc.us/) to create and learn the list of con-
cepts. In order to proceed for learning, we decode
the descriptions of each Nina pro dataset configura-
tion form of propositions. Fig. 5 shows the list of the

configurations learned and stored in the form of con-
cept map by Cmap tool. We regard this concept map
as conceptual space of the Nina pro dataset. In Fig. 5,
configurations are represented in circle while the at-
tributes such as focal, general and essential attributes
are represented in yellow, green and grey rounded
rectangle.

Similarity exploration. Once the concepts are
learned and stored in the conceptual space, the dis-
tinguishing ability of the proposed work is tested us-
ing similarity explorer. In Table 2, we have presented
a case for each type of similarity relation between two
configurations.
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Prosthetic Arm Can Do Finger Movements

Grasp Can hold Ring

Al11-12 Is Extension

C3-4 Is Suspension

Grasp With Prismatic four fingers

Grasp With Parallel extension and
felxion

Grasp Can hold Fixed hook

B5 Is Abduction

Grasp With Prismatic and tip pinch

Grasp With Power, three finger and
precision sphere

D17 Is Lateral

A5-6 Is Extension

A3-4 Is Flexion

D5 Is Medium wrap

C1-2 Is Wrist

C1-2 Is Suspension

B2 Is Over

D10-12 Is Power, three finger and
precision sphere

D6 Is Ring

Grasp Can hold Lateral

Fingers Can Be Index Finger

Wrist Movements Can do Wrist extension

Fingers Can Be Middle Finger

Prosthetic Arm Can Do Hand Posture

Finger Movements | Involves Movements

D21 Is Open a bottle

B3 Is Little Finger

Grasp Can hold Small diameter

Hand Posture Involves Oppose Base

Function Can do Cut something

Grasp With Index finger extension

Hand Posture Involves Over

A5-6 Is Ring Finger

C3-4 Is Little Finger

Grasping And Func- | Involves Grasp

tional Movements

D3 Is Fixed hook

A11-12 Is Flexion

A9-10 Is Adduction

Function Cando Writing tripod

D1-2 Is Small diameter

Prosthetic Arm Can Do Finger Movements
A7-8 Is Extension
Movements Can Be Extension
A5-6 Is Flexion
A3-4 Is Middle Finger
Grasp Can hold Stick
Hand Posture Involves Flexed Together
Hand Posture Involves Close
C9 Is Wrist extension
D18-19 Is Parallel extension and

felxion

D4 Is Grasp
Wrist Movements Can do Pronation
B8 Is Close
D20 Is Power disk
D14-15 Is Prismatic and tip pinch
Function Can do Turn a screw
Grasp Can hold Tripod
B6 Is Flexed Together
B7 Is Index Finger
Grasp Can hold Large diameter

D8 Is Stick
C3-4 Is Pronation
(0°] Is Close
A11-12 Is Thumb Finger
Prosthetic Arm Can Do Grasping And Functional

Movements

A1-2 Is Index Finger
Function Can do Open a bottle
D23 Is Cut something
A9-10 Is Thumb Finger
Prosthetic Arm Can Do Wrist Movements
Al-2 Is Flexion
D16 Is Quadpad
B2 Is Little Finger
Wrist Movements Can do Deviations
Movements Can Be Abduction
B5 Is Fingers
D4 Is Index Finger
A3-4 Is Extension
Movements Can Be Adduction
Al1-2 Is Extension
B6 Is Fingers
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Prosthetic Arm Can Do Finger Movements
A9-10 Is Abduction
Wrist Movements Can do Suspension
Grasping And Func- | Involves Function
tional Movements
D7 Is Prismatic four fingers
Fingers Can Be Ring Finger
B2 Is Ring Finger
A7-8 Is Flexion
Grasp Can hold Quadpad
C5-6 Is Wrist flexion
D4 Is Extension
Wrist Movements Can do Wrist flexion
A7-8 Is Little Finger
Grasp Can hold Medium wrap
Finger Movements | Needs Fingers
D22 Is Turn a screw
B3 Is Ring Finger
Hand Posture Involves Point
B7 Is Point
C5-6 Is Wrist extension
B4 Is Little Finger
B4 Is Thumb Finger
Fingers Can Be Thumb Finger
B2 Is Thumb Finger
Hand Posture Involves Up
C3-4 Is Wrist
B1 Is Thumb Finger
Movements Can Be Flexion
B2 Is Flexion
B8 Is Fingers
B3 Is Flexion
D1-2 Is Large diameter
D9 Is Writing tripod
Wrist Movements Needs Wrist
B4 Is Oppose Base
Grasp Can hold Power disk
B1 Is Up
Fingers Can Be Little Finger
C1-2 Is Pronation
C7-8 Is Deviations
D13 Is Tripod

Fig. 4. Decoding configurations into proposition based
on their attributes

Tab. 2. Case study on distinguishing configurations on
Nina pro dataset

Case Case 1 Case 2 Case 3
) Al: Index Al: Index Al: Index
Configura- ) ) '
. finger finger finger fle-
tion A . : .
flexion flexion xion
Configura- A3: Middle | C7:Poin-
. g finger ting index G1: Walking
tion B . )
flexion finger
Similarity Similar Related Different
Type concepts concepts concepts
Differed
by general
Differed by ?ttrlbute R
. movement .
essential . Differed
. and ‘hand
attribute K by focal,
o postures
Reason index general and
. R as well as .
finger’ and differed b essential
‘middle . y attribute
finger’ essential
attribute
‘flexion’
and ‘point’
Similarity 0.25 017 0
Measure

Case 1 - Similar concepts: Let the two configura-
tion for which we wish to explore similarity be ‘index
finger flexion’ (A1) and ‘middle finger flexion’ (A3) as
shown in Table 2. The similarity explorer of the pro-
posed model distinguishes A1l and A3 as similar con-
cept. The concepts Al and A3 are similar by the focal
and the general attribute but different by essential
attributes ‘Index finger’ and ‘Middle finger’ and hence
classified as similar concepts by the similarity explor-
er of the proposed model.

Case 2 - Related concepts: Let the two configura-
tion for which we wish to explore similarity be ‘index
finger flexion’ (A1) and ‘pointing index finger’ (C7) as
shown in Table 2. The similarity explorer of the pro-
posed model classifies the configurations as related
concepts since they have same focal attribute but dif-
ferent general and essential attribute as ‘flexion’ be-
long to ‘movements’ and ‘point’ belong to ‘hand pos-
tures’ as shown in Fig. 5.

The concepts are classified into related concepts
since they differ by general attribute ‘flexion’ and
‘hand posture’. The numerical measure of similarity
between these two configurations is presented in lat-
er parts of this section.

Case 3 - Different concepts: Let the two config-
uration for which we wish to explore similarity be
‘index finger flexion’ (A1) and ‘walking’ (imaginary
configuration under a different conceptual space say,
‘prosthetic leg’). The similarity explorer has classified
these two concepts as different concepts. This is be-
cause that the focal attribute is prosthetic arm and it
is the root or base of the conceptual space as shown in
Fig. 5. If there exist, another focal attribute, it would
lead to the formation of different conceptual space. In
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the following, we evaluate the distinguishing ability
of the model for each aforementioned case using the
similarity metric shown in equation 1. We set since
the assessment of similarity is symmetrical [36].

Case 1- Similar concepts: In order to calculate
the similarity for this case, let concept A:= (X1,Y1)=
({A1},{(prosthetic arm), (finger , movements),(index
finger, flexion)}) and concept B:=(X2,Y2)=({A3},{Mid-
dle finger, flexion}). Considering Aand B, we ob-
tain|Y1 Y2|=1, |Y1-Y2|=1and |Y2-Y1|=1

S((XLY1), (XZ,YZ)):%

Case 2: Related concepts: In order to calculate sim-
ilarity for this case, let Concept A:= (X1,Y1)= ({A1},
{(prosthetic arm), (finger , movements),(index finger,
flexion}) concept B:=(X2,Y2)=({C7},{(prosthetic arm),
(finger, hand posture),(Index finger, point)}). consid-
ering A and B, we obtain|Y1 Y2|=1, |Y1-Y2|= 2 and
[Y2-Y1|=2

1

S((X1,Y1), (x2,y2))=% =0.17

1+—%x2+—x%x2
2 2

Case 3: Different concepts: For different concepts,
the similarity measure will be close to zero. Consid-
er the numerator of the metric which is union of
two concepts of interest. Since the focal attributes
are different, the concepts do not possess common
attributes leading to the numerator of the metric
0. This will further lead to the similarity value 0. It
can be inferred from the evaluation that concepts
with high similarity yield higher numerical values
in similarity analysis as shown in last column 2. Ac-
cording to Gardenfors, the notion of concept is im-
precise in the geometrical framework of conceptual
spaces without topological structure [38]. In his the-
ory, a concept is a region formed by quality dimen-
sions where each quality dimension represents the
features of the objects. However, human cognition
shows higher correlation to both featural and struc-
tural information [36]. In this paper, the structural
information of a concept is represented using infor-
mation granules such as focal, general and essential
attributes in addition to actual attribute (feature)
information as shown in Fig. 5. The introduction of
attributes classes preserves the property of the con-
ceptual space that similar concepts are held nearer
than different concepts. With this improved notion
of concepts, we have modelled the cognitive abilities
of prosthetic arm.

6. Conclusion

The main objective of the proposed work is to
model the cognitive functionalities of prosthetic arm
using conceptual space framework. For this purpose,
we have regarded prosthetic arm as a cognitive sys-

tem considering its abilities such as receiving, rec-
ognizing and responding cues from the environ-
ment. The notions of conceptual space framework
are adapted to prosthetic arm domain. We have also
adapted a different notion of concept for handling
dynamic actions and preserving the relationship
between the attributes during concept learning. As
aresult, cognitive functionalities of the prosthetic
arm such as learning, memorizing and distinguish-
ing between the configurations are modelled. In this
paper, we have used the set of configurations and its
descriptions for our illustrative experiments. How-
ever, conducting real-time experiments based on ac-
tual SEMG signal corresponding to Ninapro data set
exercises would be one of the potential future works
of this research.
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