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Abstract. This paper introduces the design of rough neurons based on rough
sets. Rough neurons instantiate approximate reasoning in assessing knowledge
gleaned from input data. Each neuron constructs upper and lower
approximations as an aid to classifying inputs. The particular form of rough
neuron considered in this paper relies on what is known as a rough membership
function in assessing the accuracy of a classification of input signals. The
architecture of a rough neuron includes one or more input ports which filter
inputs relative to selected bands of values and one or more output ports which
produce measurements of the degree of overlap between an approximation set
and a reference set of values in classifying neural stimuli. A class of Petri nets
called rough Petri nets with guarded transitions is used to model a rough neuron.
An application of rough neural computing is briefly considered in classifying
the waveforms of power system faults. The contribution of this article is the
presentation of a Petri net model which can be used to simulate and analyze
rough neural computations.

1. Introduction
This paper considers the design of a rough neuron, which is based on rough set theory
[1]-[3]. The study of rough neurons is part of a growing number of papers on neural
networks based on rough sets. Rough-fuzzy multilayer perceptrons in knowledge
encoding and classification were introduced in [4]. Rough-fuzzy neural networks
have recently been also used in classifying the waveforms of power system faults [5][6]. Purely rough membership function neural networks were introduced in [7] in the
context of rough sets and the recent introduction of rough membership functions [8].
There are two types of rough neurons: approximation neurons and rule-based decider
neurons. An approximation neuron consists of a number of input ports governed by
filters, a processing element which constructs a rough set, and one or more output
ports which utilizes a rough membership function to compute the degree-of-accuracy
of the approximate knowledge represented by the rough set derived by the neuron.
The notion of an input port filter comes from signal processing. A filter is a device
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which transmits signals in a selected band of frequencies and rejects (or attenuates)
signals in other bands [9]-[10]. Filters can be calibrated by adjusting the bandwidth
of values, which can stimulate an approximation neuron. The contribution of this
article is the presentation of a Petri net model of a rough neuron which can be used to
simulate and analyze rough neural computations.
This paper is organized as follows. The basic concepts of rough sets,
decision rules and rough membership functions underlying the design of rough
neurons are presented in Section 2. The design of sample rough neurons is also
presented in Section 2. A Petri net model of a rough neuron is given in Section 4.

2. Basic Concepts
A brief introduction to the basic concepts underlying the design of rough membership
function neurons is given in this section.
2.1 Rough Sets
Rough set theory offers a systematic approach to set approximation [1]-[3], [8]. To
begin, let S = (U, A) be an information system where U is a non-empty finite set of
objects and A is a non-empty finite set of attributes where a:U → Va for every a ∈
A.
For each B ⊆ A, there is associated an equivalence relation IndA(B) such that
2

Ind A ( B) = {(x, x’) ∈U | ∀a ∈ B. a(x) = a(x’)}

(1)

If (x, x’) ∈ IndA(B), we say that objects x and x’ are indiscernible from each other
relative to attributes from B.
The notation [x]B denotes equivalence classes of
For X ⊆ U, the set X can be approximated only from information
IndA(B).
contained in B by constructing a B-lower and B-upper approximation denoted by BX
and

BX

respectively,

where

BX = { x | [x] B ⊆ X }

and

BX = { x | [x]B ∩ X ≠ ∅ } . The objects of BX can be classified as members of X
with certainty, while the objects of BX can only be classified as possible members of
X. Let BNB(X) = BX - BX . A set X is rough if BNB(X) is not empty.
2.2 Rough Membership Functions
A rough membership function (rmf) makes it possible to measure the degree that any
specified object with given attribute values belongs to a given set X [8], [16]. A rm
function µ X is defined relative to a set of attributes B ⊆ A in information system S =
(U, A) and a given set of objects X. The equivalence class [x]B induces a partition of
B
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the universe. Let B ⊆ A , and let X be a set of observations of interest. The degree
of overlap between X and [x]B containing x can be quantified with a rmf given in (2):

µ X : U → [0,1] defined by µ X ( x ) =
B

B

[ x ]B ∩ X

(2)

[ x ]B

2.3 Example Rough Membership Function
A sample rough member function computation is given in this section (see Fig. 1(a)).

B

µF

(u ) =

B F ∩ [ u ]B

[u ]

B

[ u ]B

BF
=

1
4

Fig. 1(a). Sample rmf value

Fig. 1(b). Overlapping regions

Let B be a set of attributes of waveforms of power system faults (e.g., b1 = phase
current, b2 = maximum phase current, and so on). Let F be a set of fault signal files.
Further, let BF = {f3,f4,f7,f8} be an upper approximation, and let [u]B = {f4, f9, f10,
f15} be an equivalence class containing files representing a known fault. For
overlapping regions shown in Fig. 1(b), the degree of overlap between BF and [u]B
can be computed as in Fig. 1(a).
2.4

Design of Rough Neurons

Neural networks are collections of massively parallel computation units called
neurons. A neuron is a processing element in a neural network. Two types of rough
neurons have been identified: approximation and decider neurons [7]. Let BX be an
upper approximaton relative a set of attributes B and reference set X. An

(

)

approximation neuron η computes y = µU BX , [ u ]B .
B

A decider rough neuron

implements a collection of decision rules by (i) constructing a condition vector cexp
from its inputs which are rm function values (ii) discovering the rule ci => di with a
condition vector ci which most closely matches an input condition vector cexp, and (iii)
outputs min(eidi) where di ∈ {0,1} and ei = ||cexp – ci )||/||ci|| ∈ [0,1]. In cases where d
= 0, then yrule = min(eidi) = 0, and the classification is unsuccessful. If d = 1, then yrule
= min(eidi) = ei indicates the relative error in a successful classification.
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2.5 Sample Rough Neural Network
A high voltage direct current (dc) transmission system connected between ac source
and ac power distribution system has two converters. In the case where the flow of
power is from the ac side to the dc side as in Fig. 2, then a converter acts as a rectifier
in changing ac to dc. The inverter in Fig. 2 converts dc power to ac power at desired
output voltage and frequency. The Dorsey Station in the Manitoba Hydro system, for
example, acts as an inverter in converting dc to ac, which is distributed throughout
North America.

Fig. 2. dc Link Between ac Systems

A decision (d) to classify a waveform for a power transmission fault depends on an
assessment of phase current (pc), current setting (cs), maximum phase current (max
pc), ac voltage error (acve), pole line voltage (plvw) and phase current (pcw)
waveforms. A sample commutation failure decision table is given next. In Table 1,
d = 1 {0} indicates that the waveform for a fault represents {does not represent} a
power system failure.

file
1
file
3

acve
0.059
0.059

Table 1. Sample Power System Failure Decision Table
pc/cs
plvw
pcw
cs
max pc
0.069
0
0.0187
0
0
0.069

1

0.0187

0.1667

0.0856

d
0
1

Signal data needed to construct the condition granules in Table 1 come from files
specified in column 1 of the table. Sample discretized rules derived from Table 1
using Rosetta [17] are given in (3) and (4).
plvw([*, 0.750)) AND cs([0.111, *)) AND max-pc([*, 0.043)) => d(no)

(3)

plvw([0.750, *)) AND cs([0.111, *)) AND max-pc([0.043, *)) => d(yes)

(4)
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ai ( f )
µX

b1
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λ (x)
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λ7 ( x )

Fig. 3(a). Partial rough neural network

Fig. 3(b). Appoximation neuron

B,F

(

µUB ( u )

f BF , [u ]a

i

)

u
Fig. 3(c). Decider neuron

The basic structure of a rough neural network is given in Fig. 3(a)The decider
neuron in Fig. 3(b) implements rules derived from Table 1. In the network in Fig.
3(a), the parameters to be tuned are represented by B, the set of relevant features.
The goal of tuning is to improve the quality of concept (Fault) approximation.
2.6 Sample Verification
A comparison between the output from a rough neural network used to classify power
system faults relative to 24 fault files and known classification of the sample fault data
is given in Fig 4.
In all of the cases considered in Fig. 4, there is a close match
between the target faults and the faults identified the neural network.

3. Petri Net Model of a Rough Neuron
In what follows, it is assumed that the reader is familiar with classical Petri nets [19]
and coloured Petri nets [20].
Rough Petri nets are derived from coloured and
hierarchical Petri nets as well as from rough set theory [21]. A rough Petri net
provides a basis for modeling, simulating and analyzing rough neurons, rough neural
networks, and granular decision systems.
3.1 Rough Petri Nets
A rough Petri net (rPn) is a structure (∑, P, T, A, N, C, G, E, I, W, ℜ, ξ) where
• S is a finite set of non-empty data types called color sets.
• N is a 1-1 node function where N: A → (P x T) ∪ (T x P).
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• C is a color function where C: P→∑.
• G is a guard function where G: T → [0, 1].
• E is an arc expression function where E: A → Set_of_Expressions where E(a) is an
expression of type C(p(a)) and p(a) is the place component of N(a).
• I is an initialization function where I: P→ Set_of_Closed_Expressions where I(p) is
an expression of type C(p).
• W is a set of strengths-of-connections where ξ: A → W.
• ℜ = {ρξ | ρ constructs ξ ∈ {rough set structure}}
Let U, S, A, d be a set of inputs, information system S, attributes of S, decision d,
respectively. Examples of rough set structures constructed by ρ from information
granules are the decision system S = (U, A ∪ {d}) and the set OPT(S) of all rules
derived from reducts of a decisions system table for S. Borrowing from coloured
Petri nets, a rough Petri net provides data typing (colour sets) and sets of values of a
specified type for each place. The expression E(p, t) specifies the input associated
with the arc from input place p to transition t, and the expression E(t, p’) specifies a
transformation (activity) performed by transition t on its inputs {E(p, t)} to produce an
output for place p’.
1
0.9

network output
target

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

0

5

10

15

20

25

Fig. 4. Sample Verification

3.2 Guarded Transitions
In a rough Petri net, various families of guards can be defined which induce a level-ofenabling of transitions [21]. Consideration of level-of-enabling stems from guards
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named after Jan Lukasiewicz [22], who inaugurated the study of multivalued logic.
Let U denote a universe of objects, and let X ⊆ U. Let λ:U →[0, 1].
Def. 1 Lukasiewicz Guard. A Lukasiewicz guard on transition t with input x is a
higher order propositional function P(λ(x)) labeling the transition t with input x and
output λ(x). The guard P(λ(x)) = λ(x) ∈ (0,1], where 0 < λ(x) ≤ 1 enables t.
With one exception, notice that λ(x) can be used to model a filter on an input port
of an approximation neuron, since there is interest in preventing input signals with
zero strength from enabling an input transition. To complete the modeling of an
input port filter, a restricted Lukasiewicz guard is needed.
Def. 2 Restricted Lukasiewicz Guard.
A restricted Lukasiewicz guard on
transition t with input x is a function P(λ(x)) labeling the transition t with input x and
output λ(x). The guard P(λ(x)) = λ(x) ∈ (0,1], where 0 < λ(x) ≤ 1 enables t.

P ( λ ( x) )
x

rough

λ ( x)

rmf

ρ ( x)

x

BX , BX

µX ( x)
B

?p
filter

[ u ]B

B

Fig. 5. Rough Neuron Petri Net Model

3.3 Petri Net Model of a Rough Neuron
Let η be an approximation neuron with a single input port pi and single output port po.
Let X be a set of inputs for η, B a set of attributes, and λ a filter on pi of η. Let ρ be

a procedure which constructs BX , BX and let µ X ( x ) compute the output of η (see
B

Fig. 5).

The notation ?p indicates a receptor place which is always input ready. The

filter λ(x) returns x in cases where λ(x) > 0, λ(x) ∈ [a, b] ⊆ (0, 1]. The transition
labeled “rough” in Fig. 5 is enabled by the input of signal x and set of attributes B.
When this transition fires, ρ(x) constructs BX , BX . The availability of BX , BX
and equivalence class [u]B enables the transition labeled “rmf” in Fig. 5. Whenever
the rmf transition fires, µ X ( x ) computes the degree of overlap between [u]B and
B

BX . The advantage in constructing a Petri net model of a rough neuron is facilitates
a number of tests such as reachability of each of the transitions in the model and the
action of the guard modeling a filter on a rough neuron input port.
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4. Concluding Remarks
The basic features in the design of a particular kind of rough neuron called an
approximation neuron are presented in this paper. The introduction of rough neurons
has been motivated by the search for improved means of identifying and classifying
features in a feature space. The output of an approximation neuron is a rough
membership function value, which indicates the degree of overlap between an
approximation region and some other set of interest in a classification effort. A Petri
net model of an approximation neuron has also been given. The guarded transitions
in a rough Petri net make it possible to model a filter on an input port of a rough
neuron. A sample application of these neurons in a power system fault classification
system has been given.
Future work will entail a study of a more complete
classification and design of rough neurons.
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