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UNIT-5 Notes 

 

Advanced soft computing techniques: Rough Set Theory-Introduction: 

1. Set of elements which lie between lower and upper approximations of a crisp set according 

to rough set theory by Pawlak. Learn more in: Cancer Gene Expression Data Analysis Using 

Rough Based Symmetrical Clustering 

2. A set in which the uncertainty is captured in the boundary region. It is approximated by a pair 

of crisp sets called the lower and upper approximation of the set. Learn more in: An 

Uncertainty-Based Model for Optimized Multi-Label Classification 

3. The concept of rough, or approximation, sets was introduced by Pawlak and is based on the 

single assumption that information is associated with every object in an information system. 

This information is expressed through attributes that describe the objects; objects that cannot 

be distinguished on the basis of a selected attribute are referred to as indiscernible. A rough set 

is defined by two sets, the lower approximation and the upper approximation. Learn more in: 

Cluster Analysis Using Rough Clustering and k-Means Clustering 

4. A model, proposed by Pawlak to capture imprecision in data through boundary approach. 

Learn more in: A Comprehensive Review of Nature-Inspired Algorithms for Feature Selection 

5. An approximation of a vague concept, through the use of two sets – the lower and upper 

approximations. Learn more in: Fuzzy-Rough Data Mining 

6. It is another efficient model to capture impreciseness proposed by Z.Pawlak in 1982, which 

follows the idea of G.Frege by defining the boundary region to capture uncertainty. It 

approximates every set by a pair of crisp sets, called the lower and upper approximations. Learn 

more in: On Theory of Multisets and Applications 

7. A rough set is a formal approximation of a crisp set in terms of a pair of sets that give the 

lower and upper approximation of the original set Learn more in: Rough Set-Based Neuro-Fuzzy 

System 

8. An uncertainty based model introduced by Z.Pawlak in the year 1982 which captures 

uncertainty through boundary region concept, the model introduced by G. Frege, the father of 

modern logic. Learn more in: Rough Set Based Green Cloud Computing in Emerging Markets 

9. The concept of rough, or approximation, sets was introduced by Pawlak, and is based on the 

single assumption that information is associated with every object in an information system. 

This information is expressed through attributes that describe the objects, and objects that 

cannot be distinguished on the basis of a selected attribute are referred to as indiscernible. A 

rough set is defined by two sets, the lower approximation and the upper approximation. Learn 

more in: Cluster Analysis Using Rough Clustering and K-Means Clustering 

10. Set of elements which lie between lower and upper approximations of a crisp set according 

to rough set theory by Pawlak. Learn more in: Cancer Biomarker Assessment Using Evolutionary 

Rough Multi-Objective Optimization Algorithm 
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11. A model, proposed by Pawlak to capture imprecision in data through boundary approach. 

Learn more in: Swarm Intelligence in Solving Bio-Inspired Computing Problems: Reviews, 

Perspectives, and Challenges 

12. Rough set theory was initiated by Pawlak (1982). Let U be a universe and R be an 

equivalence relation over U. This equivalence relation decomposes U into disjoint equivalence 

classes. We denote the equivalence class of an element x with respect to R by [ x ] R , which is 

defined as [ x ] R = { y | yRx }. Then for any , we associate two crisp sets and called the lower 

and upper approximations of X with respect to R respectively and are defined as, = { x ? U: X} 

and = { x ? U: [ x ] R n X }. Learn more in: Soft Sets and Its Applications 

13. An approximation of a set in terms of a pair of sets called the lower approximation and the 

upper approximation. The set difference between the lower and the upper approximations 

gives the boundary region which characterizes the uncertainty. Learn more in: Rough 

Approximations on Hesitant Fuzzy Sets 

14. It is an imprecise model introduced by Z. Pawlak in 1982, where sets are approximated by 

two crisp sets with respect to equivalence relations. A set is rough with respect to an 

equivalence relation or not depending upon whether the lower and upper approximations are 

not equal or otherwise. Several extensions of this basic model also exist. Learn more in: 

Application of Rough Set Based Models in Medical Diagnosis 

15. This is another model of uncertainty which was introduced by Pawlak in 1982 and it follows 

the concept of Frege on the boundary region model of uncertainty. Here, a set is approximated 

by a pair of crisp sets called the lower and upper approximation of the set. Learn more in: 

Application of Uncertainty Models in Bioinformatics 

 

Set approximation 

Let U be a finite and non-empty set called the universe, and let E U ×U denote an equivalence 

relation on U. The pair apr = (U,E) is called an approximation space. The equivalence relation E 

partitions the set U into disjoint subsets. This partition of the universe is called the quotient set 

induced by E and is denoted by U/E. The equivalence relation is the available information or 

knowledge about the objects under consideration. It represents a very special type of similarity 

between elements of the universe. If two elements x, y in U belong to the same equivalence 

class, we say that x and y are indistinguishable, i.e., they are similar. Each equivalence class may 

be viewed as a granule consisting of indistinguishable elements. It is also referred to as an 

equivalence granule. The granulation structure induced by an equivalence relation is a partition 

of the universe. 

An arbitrary set X U may not necessarily be a union of some equivalence classes. This implies 

that one may not be able to describe X precisely using the equivalence classes of E. In this case, 

one may characterize X by a pair of lower and upper approximations: 

apr(X) = [{[x]E | x 2 U, [x]E X}, 

apr(X) = [{[x]E | x 2 U, [x]E \ X 6= ;}, 

where [x]E = {y | y 2 U, xEy}, 

is the equivalence class containing x. Both lower and upper approximations are unions of some 

equivalence classes. More precisely, the lower approximation apr(X) is the union of those 

equivalence granules which are subsets of X. The upper approximation apr(X) is the union of 

those equivalence granules which have a non-empty intersection with X. 
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In addition to the equivalence class oriented definition, i.e., granule oriented definition, we can 

have an element oriented definition: 

apr(X) = {x | x 2 U, [x]E X}, 

apr(X) = {x | x 2 U, [x]E \ X 6= ;}. 

An element x 2 U belongs to the lower approximation of X if all its equivalent elements belong 

to X. It belongs to the upper approximation of X if at least one of its equivalent elements 

belongs to X. This interpretation of approximation operators is related to interpretation of the 

necessity and possibility operators in modal logic. 

Lower and upper approximations are dual to each other in the sense: 

(Ia) apr(X) = (apr(Xc))c, 

(Ib) apr(X) = (apr(Xc))c, 

he e X  = U − X is the o ple ent of X. The set X lies within its lower and upper 

approximations: 

(II) apr(X)  X apr(X). 

Intuitively, lower approximation may be understood as the pessimistic view and the upper 

approximation the optimistic view in approximating a set. One can verify the following 

properties: 

(IIIa) apr(X \ Y ) = apr(X) \ apr(Y ), 

(IIIb) apr(X [ Y ) = apr(X) [ apr(Y ). 

The lower approximation of the intersection of a finite number of sets can be obtained from 

their lower approximations. The similar observation is true for upper approximation of the 

union of a finite number of sets. However, we only have: 

(IVa) apr(X [ Y ) apr(X) [ apr(Y ), 

(IVb) apr(X \ Y ) apr(X) \ apr(Y ). 

One cannot obtain the lower approximation of the union of some sets from their lower 

approximations, nor obtain the upper approximation of the intersection of some sets from their 

upper approximations.  

The accuracy of rough set approximation may be viewed as an inverse of MZ metric when 

applied to lower and upper approximations. In other words, the distance between the lower 

and upper approximations determines the accuracy of the rough set approximations. 

 

Rough membership  

Rough sets can be also defined, as a generalization, by employing a rough membership function 

instead of objective approximation. The rough membership function expresses a conditional 

probability that x belongs to X given R. This can be interpreted as a degree that X in terms of 

information about x expressed by R. 

Rough membership primarily differs from the fuzzy membership in that the membership of 

union and intersection of sets cannot, in general, be computed from their constituent 

membership as is the case of fuzzy sets. In this, rough membership is a generalization of fuzzy 

membership. Furthermore, the rough membership function is grounded more in probability 

than the conventionally held concepts of the fuzzy membership function. Rough sets can be 

also defined, as a generalization, by employing a rough membership function instead of 

objective approximation. The rough membership function expresses a conditional probability 
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that X given R. This can be interpreted as a degree that x belongs to X in terms of information 

about x expressed by R. 

Rough membership primarily differs from the fuzzy membership in that the membership of 

union and intersection of sets cannot, in general, be computed from their constituent 

membership as is the case of fuzzy sets. In this, rough membership is a generalization of fuzzy 

membership. Furthermore, the rough membership function is grounded more in probability 

than the conventionally held concepts of the fuzzy membership function. 

 

Attributes 

Rough set theory is useful for rule induction from incomplete data sets. Using this approach we 

can distinguish between three types of missing attribute values: lost values (the values that 

were recorded but currently are unavailable), attribute-concept values (these missing attribute 

values may be replaced by any attribute value limited to the same concept), and "do not care" 

conditions (the original values were irrelevant). A concept (class) is a set of all objects classified 

(or diagnosed) the same way. 

Two special data sets with missing attribute values were extensively studied: in the first case, all 

missing attribute values were lost, in the second case, all missing attribute values were "do not 

care" conditions. 

In attribute-concept values interpretation of a missing attribute value, the missing attribute 

value may be replaced by any value of the attribute domain restricted to the concept to which 

the object with a missing attributes value. For example, if for a patient the value of an attribute 

Temperature is missing, this patient is sick with flu, and all remaining patients sick with flu have 

values high or very-high for Temperature when using the interpretation of the missing attribute 

value as the attribute-concept value, we will replace the missing attribute value with high and 

very-high. Additionally, the characteristic relation enables to process data sets with all three 

kind of missing attribute values at the same time: lost, "do not care" conditions, and attribute-

concept values. 

 

Optimization 

Since the development of rough sets, extensions and generalizations have continued to evolve. 

Initial developments focused on the relationship - both similarities and difference - with fuzzy 

sets. While some literature contends these concepts are different, other literature considers 

that rough sets are a generalization of fuzzy sets - as represented through either fuzzy rough 

sets or rough fuzzy sets. Pawlak (1995) considered that fuzzy and rough sets should be treated 

as being complementary to each other, addressing different aspects of uncertainty and 

vagueness. 

Three notable optimization techniques of are: 

1. Dominance-based rough set approach (DRSA) is an extension of rough set theory for multi 

criteria decision analysis (MCDA). The main change in this extension of classical rough sets is 

the substitution of the indiscernibility relation by a dominance relation, which permits the 

formalism to deal with inconsistencies typical in consideration of criteria and preference-

ordered decision classes. 

2. Decision-theoretic rough sets (DTRS) are a probabilistic extension of rough set theory 

introduced by Yao, Wong, and Lingras (1990). It utilizes a Bayesian decision procedure for 
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minimum risk decision making. Elements are included into the lower and upper approximations 

ased o  hethe  thei  o ditio al p o a ilit  is a o e th esholds α a d β. These uppe  a d 
lower thresholds determine region inclusion for elements. This model is unique and powerful 

since the thresholds themselves are calculated from a set of six loss functions representing 

classification risks. 

3. Game-theoretic rough sets (GTRS) are a game theory-based extension of rough set that was 

introduced by Herbert and Yao (2011). It utilizes a game-theoretic environment to optimize 

certain criteria of rough sets based classification or decision making in order to obtain effective 

region sizes. 

 

SVM – Introduction 

Support Vector Machines are based on the concept of decision planes that define decision 

boundaries. A decision plane is one that separates between a set of objects having different 

class memberships. A schematic example is shown in the illustration below. In this example, the 

objects belong either to class GREEN or RED. The separating line defines a boundary on the 

right side of which all objects are GREEN and to the left of which all objects are RED. Any new 

object (white circle) falling to the right is labeled, i.e., classified, as GREEN (or classified as RED 

should it fall to the left of the separating line). 

 

 
Fig 1.6 SVM plane 1 

 

The above is a classic example of a linear classifier, i.e., a classifier that separates a set of 

objects into their respective groups (GREEN and RED in this case) with a line. Most classification 

tasks, however, are not that simple, and often more complex structures are needed in order to 

make an optimal separation, i.e., correctly classify new objects (test cases) on the basis of the 

examples that are available (train cases). This situation is depicted in the illustration below. 

Compared to the previous schematic, it is clear that a full separation of the GREEN and RED 

objects would require a curve (which is more complex than a line). Classification tasks based on 

drawing separating lines to distinguish between objects of different class memberships are 

known as hyperplane classifiers. Support Vector Machines are particularly suited to handle such 

tasks. 

 
Fig 1.7 SVM plane 2 
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The illustration below shows the basic idea behind Support Vector Machines. Here we see the 

original objects (left side of the schematic) mapped, i.e., rearranged, using a set of 

mathematical functions, known as kernels. The process of rearranging the objects is known as 

mapping (transformation). Note that in this new setting, the mapped objects (right side of the 

schematic) is linearly separable and, thus, instead of constructing the complex curve (left 

schematic), all we have to do is to find an optimal line that can separate the GREEN and the RED 

objects. 

 

 
Fig 1.8 SVM plane 3 

 

Obtaining the optimal hyper plane 

We first compute the distance ∥p∥ between a point A and a hyperplane. We then compute the 

margin which was equal to 2∥p∥. 

However, even if it did quite a good job at separating the data it was not the optimal 

hyperplane. 

 

 
Fig 1.9 The margin we calculated in Part 2 is shown as M1 

 

As we saw in Part 1, the optimal hyperplane is the one which maximizes the margin of the 

training data. 
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In Figure 1.9, we can see that the margin M1, delimited by the two blue lines, is not the biggest 

margin separating perfectly the data. The biggest margin is the margin M2 shown in Figure 1.10 

below. 

 
Fig 1.10 The optimal hyperplane is slightly on the left of the one we used in Part 2. 

 

You can also see the optimal hyperplane on Figure 1.10. It is slightly on the left of our initial 

hyperplane. How did I find it? I simply traced a line crossing M2 in its middle. 

If I have a hyperplane I can compute its margin with respect to some data point. If I have a 

margin delimited by two hyperplanes, I can find a third hyperplane passing right in the middle 

of the margin. 

 

Linear and nonlinear SVM classifiers 

A method is linear (very basically) if your classification threshold is linear (a line, a plane or a 

hyperplane). Otherwise, it is non linear. Obviously, linear methods involve only linear 

combinations of data, leading to easier implementations, etc. 

In principle, both ANN and SVM are non linear because they use, in general, non linear 

functions of the data (the activation function in ANN or the kernel in SVM are typically non 

linear functions). However, in both cases you could use linear functions in the problem are 

linearly separable. 

In most useful cases, a non linear technique is required, but a linear one is desired... You might 

use a suboptimal classifier (linear) if the error might be assumed in opposition to the 

complexity of a non linear implementation. 

We use Linear and non-Linear classifier under following conditions: 

1. If accuracy is more important to you than the training time then use Non-linear else use 

Linear classifier. This is because linear classifier uses linear kernels and is faster than non-linear 

kernels used in the non-linear classifier. 
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2. Linear classifier (SVM) is used when number of features are very high, e.g., document 

classification. This is because Linear SVM gives almost similar accuracy as non linear SVM but 

Linear SVM is very fast in such cases. 

3. Use non-linear classifier when data is not linearly separable. Under such conditions, linear 

classifiers give very poor results (accuracy) and non-linear gives better results. This is because 

non-linear Kernels map (transform) the input data (Input Space) to higher dimensional space 

(called Feature Space) where a linear hyperplane can be easily found. 

 

Introduction to Swarm Intelligence 

Swarm Intelligence is a new subset of Artificial Intelligence (AI) designed to manage a group of 

connected machines. We are now entering the age of the Intelligent machines, also called the 

Internet of Things (IoT), where more and devices are being connected every day. Swarm 

intelligence is quickly emerging as a way this connectivity can be harnessed and put to good 

use. 

Swarm intelligence (as the name suggests) comes from mimicking nature. Swarms of social 

insects, such as ants and bees, operate using a collective intelligence that is greater than any 

individual member of the swarm. Swarms are therefore highly effective problem-solving groups 

that can easily deal with the loss of individual members while still completing the task at hand -- 

a capability that is very desirable for a huge number of applications.  Today this concept is being 

applied in concert with machine learning and distributed computing systems. The result is a 

group of connected machines that can communicate, coordinate, learn and adapt to reach a 

specific goal. Check out the video below and its subsequent follow up videos to see how swarm 

intelligence is applied to a group of drones. 

 

Swarm Intelligence Techniques: Ant Colony Optimization 

Ant colony optimization (ACO), introduced by Dorigo in his doctoral dissertation, is a class of 

optimization algorithms modeled on the actions of an ant colony. ACO is a probabilistic 

technique useful in problems that deal with finding better paths through graphs. Artificial 

'ants'—simulation agents—locate optimal solutions by moving through a parameter space 

representing all possible solutions. Natural ants lay down pheromones directing each other to 

resources while exploring their environment. The simulated 'ants' similarly record their 

positions and the quality of their solutions, so that in later simulation iterations more ants 

locate for better solutions. 

The use of swarm intelligence in telecommunication networks has also been researched, in the 

form of ant-based routing. This was pioneered separately by Dorigo et al. and Hewlett Packard 

in the mid-1990s, with a number of variations since. Basically, this uses a probabilistic routing 

table rewarding/reinforcing the route successfully traversed by each "ant" (a small control 

packet) which flood the network. Reinforcement of the route in the forwards, reverse direction 

and both simultaneously has been researched: backwards reinforcement requires a symmetric 

network and couples the two directions together; forwards reinforcement rewards a route 

before the outcome is known (but then one would pay for the cinema before one knows how 

good the film is). As the system behaves stochastically and is therefore lacking repeatability, 

there are large hurdles to commercial deployment.  
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Mobile media and new technologies have the potential to change the threshold for collective 

action due to swarm intelligence. 

The location of transmission infrastructure for wireless communication networks is an 

important engineering problem involving competing objectives. A minimal selection of 

locations (or sites) is required subject to providing adequate area coverage for users. A very 

different-ant inspired swarm intelligence algorithm, stochastic diffusion search (SDS), has been 

successfully used to provide a general model for this problem, related to circle packing and set 

covering. It has been shown that the SDS can be applied to identify suitable solutions even for 

large problem instances. 

 

Particle Swarm Optimization 

Particle swarm optimization (PSO) is a global optimization algorithm for dealing with problems 

in which a best solution can be represented as a point or surface in an n-dimensional space. 

Hypotheses are plotted in this space and seeded with an initial velocity, as well as a 

communication channel between the particles. Particles then move through the solution space, 

and are evaluated according to some fitness criterion after each time step. Over time, particles 

are accelerated towards those particles within their communication grouping which have better 

fitness values. The main advantage of such an approach over other global minimization 

strategies such as simulated annealing is that the large numbers of members that make up the 

particle swarm make the technique impressively resilient to the problem of local minima. 

Nanoparticles are bioengineered particles that can be injected into the body and operate as a 

system to do things drug treatments cannot. The primary problem with all of our current cancer 

treatments is most procedures target healthy cells in addition to tumors, causing a whole host 

of side effects. Nanoparticles by comparison, are custom designed to accumulate ONLY in 

tumors, while avoiding healthy tissue.   

Nanoparticles can be designed to move, sense, and interact with their environment, just like 

robots.  In medicine, we call this embodied intelligence. The challenge thus far has been 

figuring out how to properly "program" this embodied intelligence to ensure it produces the 

desired outcome.  

Swarms are very effective when a group of individual elements (nanoparticles in this case) 

begin reacting as a group to local information.  Swarm intelligence is emerging as the key to 

which will unlock the true potential of these tiny helpers. Researchers are now reaching out to 

the gaming community in an effort to crowd source the proper programming for swarm of 

nanoparticles.    

 

Bee Colony Optimization 

The Artificial Bee Colony (ABC) algorithm is a swarm based meta-heuristic algorithm that was 

introduced by Karaboga in 2005 (Karaboga, 2005) for optimizing numerical problems. It was 

inspired by the intelligent foraging behavior of honey bees. The algorithm is specifically based 

on the model proposed by Tereshko and Loengarov (2005) for the foraging behavior of honey 

bee colonies. The model consists of three essential components: employed and unemployed 

foraging bees, and food sources. The first two components, employed and unemployed 

foraging bees, search for rich food sources, which is the third component, close to their hive. 

The model also defines two leading modes of behavior which are necessary for self-organizing 
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and collective intelligence: recruitment of foragers to rich food sources resulting in positive 

feedback and abandonment of poor sources by foragers causing negative feedback. 

In ABC, a colony of artificial forager bees (agents) search for rich artificial food sources (good 

solutions for a given problem). To apply ABC, the considered optimization problem is first 

converted to the problem of finding the best parameter vector which minimizes an objective 

function. Then, the artificial bees randomly discover a population of initial solution vectors and 

then iteratively improve them by employing the strategies: moving towards better solutions by 

means of a neighbor search mechanism while abandoning poor solutions. 

The general scheme of the ABC algorithm is as follows: 

 

First Initialization Phase  

REPEAT  

  1. Employed Bees Phase 

  2. Onlooker Bees Phase 

  3. Scout Bees Phase 

  4. Memorize the best solution achieved so far 

UNTIL (Cycle=Maximum Cycle Number or a Maximum CPU time) 
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We hope you find these notes useful. 

You can get previous year question papers at  

https://qp.rgpvnotes.in . 

 

If you have any queries or you want to submit your 

study notes please write us at 

rgpvnotes.in@gmail.com 
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