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Abstract. Taking over the skills of the human expert will make it possible to develop
decision-making algorithms in conditions of uncertainty for industrial applications. Fuzzy
sets are used in different fields and estimating membership functions is one of the most
important issues in the design of fuzzy systems that depends directly on the identification
of used method. This article presents an approach to this problem that can provide
solutions in specific cases. In this context, a method of extracting the knowledge of the
human expert is developed and it allows to retrieve specific expertise and the construction
of algorithms for decision support systems. The conditions to apply the method and
identify membership functions as well as the automation process of this stage are
analyzed. There is proposed a method to determine trapezoidal or custom membership
functions. The approach presented in this paper can be applied to the analysis and
research of decision making in conditions of uncertainty. A case study is presented that
reflects the applicability of the proposed method and algorithms.

Keywords: human expert, membership functions, fuzzy variables, identification, fuzzy decision
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1. Introduction

One can notice the growing role and share of intelligent systems in the field of
industrial applications, the issue of research, development and implementation of advanced
solutions to take over the experience of the human expert which are becoming more and
more current. Specific industrial processes can be characterized by a certain degree of
ambiguity in the decision-making process [1].

The basic problem in the knowledge extraction process is data structuring in order to
continue their use for the construction of decision-making systems. Particularly, the
problem of determining the membership functions during the design stage of fuzzy systems
is a very current one in the conditions of increasing the requirements of industrial process
automation [2]. Under these conditions, the development of fuzzy systems depends directly
on the qualification of the human expert and his ability to formulate the characteristics of
the system. Thus, the accuracy of the designed system depends on the possibility of the
human expert to formulate the rules of inference and specify the number of fuzzy variables
and their membership functions [3, 4]. Some processes are characterized by both
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uncertainty and a certain degree of ambiguity. Respectively, a negative influence on the
system properties can also have the procedure of identifying the number of fuzzy variables
and their membership functions. This is because the theory underlying this methodology
provides a concrete answer to the questions regarding the number of variables and the
form of the membership function for each specific variable. In many cases solving these
important issues depends on the human expert, and a practical solution can be often
received only by an experimental way. So, the efficiency of the obtained solutions depends
mainly on the expert knowledge. Under these conditions, the formalization and
standardization of this procedure becomes the main problem for engineers dealing with the
design of fuzzy systems, and solving that problem can streamline their work by the
possibility of implementing algorithms to automate the process.

The paper is organized as follows. Firstly, a brief overview of the problem of
identifying membership functions is given. This includes a short analysis of some basic
methodologies related to that problem (section 2). Then, we put into discussion an
approach for the identification of fuzzy membership functions from expert knowledge
encapsulated within statistical data. In this context, the identification method and the
algorithm for calculation of membership functions are described (section 3). After that, a
case study is analyzed (section 4). This study explains how to apply the proposed approach
when a real production system is considered. To this goal, there is described the procedure
of taking over the human operator skills encapsulated within statistical workflow data.
Finally, the conclusions are drawn in section 5.

2. Related works

As it is well known, the correct choice of the form and values of the membership
function is not a trivial task at all. A unique membership function for each vague concept
cannot be defined due to uncertainty, diversity and individual data differences. For these
reasons, it is considered that membership functions can be selected arbitrarily, or
intuitively, without following any pre-established procedures. However, both the nature of
the data used to identify the membership functions and the nature of the process they
characterize must be taken into account [2 - 5].

On the other hand, the organization of a production system, which would ensure the
efficiency of the technological process and the quality of the end product, is the key
challenge in a market economy and free competition. In this context, it is necessary to
optimize the production system in terms of reaction’s time in the decision-making process
as well as their accuracy to allow to control costs and improve the quality of the end
product [2].

The task of the decision-making system in the production process can often be
characterized by a degree of uncertainty, generated by incompleteness, inaccuracy,
fragmentation, validity, ambiguity or contradiction of information [1, 3]. Specifically, the
human operator may not be able to accurately describe the nature of the process in terms
of its state or dynamics. In other cases, he may not be able to establish exactly the cause-
and-effect connection between things or events. The human may perceive and interpret
information differently, or focus on different aspects of it: the accuracy of data acquisition,
the negative effects of noise, or the individual particularities of the process. [2, 3]. In the
case of specific industrial processes, that take place under uncertainty, there is a need to
identify as accurately as possible the membership functions. Their accuracy can decisively
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influence the evolution of such processes, because both the real time acquisition of valid
data and the application of the strategic plan are the necessary conditions for maintaining
the industrial process on the desired trajectory.

In order to improve the performance of the human operator or to ensure the
automation of the production process, what would improve the quality of the end product,
there is a need for highly-integrated decision support systems [1, 2]. In general, many of the
decision-making systems described in the literature are based on classical mathematical
models for solving classification problems. However, the uncertainty and ambiguity of the
input data are not taken into account in that models and also their do not reproduce the
expert's decision-making process. The application of fuzzy logic for solving decision-making
problems once again argues the property of this methodology to solve the problem of
inaccurate and uncertain knowledge management, which ensures the support of the
decision-making process [1, 5].

Fuzzy systems are based on membership functions used to represent unclear input
values. These functions can be generated in different ways, one of which suppose the
involvement of the expert to define them.

However, the latter method is not always applicable. Thus, the automatic
determination of membership functions is a matter of current interest. There are several
methods proposed for identifying such functions [6 - 10]. Some of that methods are based
on the distribution of probability or possibilities when the data on which the identification
method is applied are ambiguous or uncertain [3]. Often, statistical data describing the
training process can be quite ambiguous and may have some uncertainty. Thus, data
belonging to certain categories can be computed on the basis of clusters. A method of
automatic generation of the membership functions that divides the initial set of data into
classes which can then be used to obtain desired functions is presented in [6, 7]. So, this
method supposes data grouping into classes, then the membership functions are generated
for the obtained classes.

The proposed in [6] method for automatic generation of membership functions can
lead to a fairly large number of classes and rules of inference. This fact may cause increased
complexity of the inference engine. Besides, the analyzed method allows only the
generation of classical membership functions and does not provide for the possibility of
developing custom functions that could directly inherit the behavioral character of the
expert.

Next section presents a method for the identification of membership functions, that
can be used to develop decision-making systems designated for technological systems in
which the presence of human operator is indispensable.

3. Approach for the identification of fuzzy membership functions

The method proposed in this article has some similarities with the method described
in [6], but it represents a new approach that aims to eliminate the disadvantages mentioned
above. In order to achieve this objective, it is proposed, on the one hand, to limit the
maximum number of linguistic variables.

On the other hand, it is proposed to specify and create custom membership
functions. For these reasons, an algorithm was developed to determine membership
functions based on the processing and interpretation of data streams, which is shown in
Figure 1.
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should be noted that at this stage the data is

filtered based on the output streams that represent the parameters of interest obtained as a
result of checking the quality of the end product. This step of the procedure will affect both
the input and output streams according to Eq.(1) and Eq.(2).

ol . ={x|x € o, Min < x < Max} (1)

o =xlx > yxeop]y € vl )
where <p(’:ut represents the filtered output stream, <p;{t - the unfiltered output
stream, ‘Pi]; represents the filtered input stream, (p;‘lf - the unfiltered input stream.

As a result of the preprocessing, new input/output data streams will be obtained,

which will be built on the basis of the initial data flows. So, the values of the output data
that do not meet the quality requirements and the corresponding values of the input data
will be excluded, Figure 2 (b).
These forward-looking operations aim to minimize deviations of the fuzzy system which is
based on the behavior of the human operator involved to control the process. Obtaining
clean data streams in this way, one can perform the procedure of mathematical calculation
of the membership function for the state of good functioning.
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Figure 2 (a). Data stream. Figure 2 (b). Filtered data stream.
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This procedure consists of analyzing the input and output data streams in order to
calculate the value of belonging to the mentioned state for each discrete value within the
range of values.

To optimize the declared procedure, the incremental sorting of data streams could
be applied, Eq.(3). However, this will affect the relationship between input/output streams.

(pfn/out = (pi];L/out T (3)

That relationship can be preserved by saving copies of data streams and processing
those copies. The determination of a set of membership coefficients in this case comes
down to computing the number of repetitions of discrete values relative to the number of
occurrences of the element with the maximum frequency in the data stream, Eq.(4):

Ny
MC (x) infout =

(4)

where MC(x)in/ous IS the membership coefficient of discrete value x, N, - the
number of occurrences of the discrete value x, iar Ny,, — the number of occurrences of the
most common (the most frequent) discrete value seen in the stream.

As a result of this process a normalized membership function of the state of good
functioning is obtained, Figure 3 (a). This method of representing membership functions is
easier to perceive and more convenient to use.

By analyzing the diagram of the membership function, its shape can be visually
estimated. Visual assessment can serve as an indicator of the correctness of the choice of
form of membership function only for a human expert and does not matter for a computer
system.
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Figure 3 (a). Distribution chart of Figure 3 (b). Linear interpolated membership
membership coefficients. function.

Thus, there is a need to determine the shape of the continuous membership function
based on a discrete membership function, Figure 3 (b).

The above problem can be solved quite easily in the case of simple shapes, such as
triangular, rectangular or trapezoidal, but it is difficult to solve in the case of a sigmoid
shape. Since the methodology itself does not give a clear answer to this question, a partial
solution can be obtained by grouping all forms of membership functions into 2 categories:

e trapezoidal functions, Figure 4 (a); with triangle as particular case, Figure 4
(b); and with more maximums, Eq.(5):

e custom functions - a membership function can follow exactly the values of
the membership coefficients, or can be an approximation of them, Figure 5.
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Figure 4 (a). Trapezoidal function. Figure 4 (b). The calculated function.

It should be noted that after the calculation of membership coefficients for each
value within the range of values there are may be some values whose membership
coefficient is very small or even zero, Figure 3 (a), (b). This can be caused either by the
nature and dynamics of the process or equipment, or by the behavior and reaction of the
human operator.

0, X<a,;
XZ8  a<x<h:
b-a
M (x.ab,cd)=11, b< x <C: (5)
d_x, c<x<d:
d-c
0, X>d

As a result, a phenomenon can be observed when one or several values of the
membership coefficient represent the values of local minima, which may indicate the
absence of this value in the analyzed stream. Therefore, there is a problem with the
correctness of this value. In the case of the trapezoidal shape of membership function, this
problem can be solved by determining the points of interest of the trapezoid, Figure 4 (a),
followed by linear interpolation of the values between them according to Eq.(6), Eq.(7),

Eq.(8), EQ.(9).

a=MAX(xX)IMf(x) =0,x<y,Mf(y) =1 (6)
b= MING)|Mf(x) =1 7)
c = MAX(x)|Mf(x) =1 (8)
d=MINX)|Mf(x) =0,x>y,Mf(y)=1 9)

In particular case when b = ¢, a triangular membership function is obtained, shown in
Figure 4 (b).

In the case of a custom form of the membership function, a solution to the above
problem can be achieved either using an interpolation method, which ignores that values,
or by providing the data stream containing all the range’'s values, Figure 5.

Once the form of the membership function is defined, and respectively the
interpolation method in the case of the custom form, the membership functions of the other
fuzzy variables can be determined. Obviously, the membership function that belongs to the
area of good functioning divides the range of values into two areas of poor functioning, the
area on the left and the right.
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Figure 5. Custom membership function.

These areas can be associated with fuzzy variables, whose membership functions can
be easily computed, given the function of the area of good functioning.

To do this, it is enough to subtract 1 from the value of the function that belongs to
the area of good functioning.

The form of the function thus obtained will be the inverse of good functioning, so
will represent the area of poor functioning. The resulting function can be interpreted as two
variables relative to its minimum values on the left, Eq.(10) and on the right, Eq.(11),
respectively, which will make it possible to operate with a large number of fuzzy variables
for more precise process control.

brn 41— MfP(x), x<y M) =1,
MIEC) = {0, x>y, MESG) = 1. 40
boon _ |0 xzy MfI(y)=1;

where MfP (x) is the computed membership function placed on the left side near the
area of good functioning, Mf7 (x) si Mf? (y) - the value of the membership function which
refers to the area of good functioning (center) for x and y, respectively, and Mf?(x) - the
computed membership function placed on the right side near the area of good functioning.

This method ensures the partial overlap of the adjacent membership functions. The
latter feature is useful in case where it is desirable to generalize the decision-making
process.

On the other hand, this is not a good choice if you want to follow the human
operator's behavior as accurately as possible.

4. Case study

To show how to apply the method and algorithm proposed in the previous section,
the following study was performed.

Let us consider the technological process of production of glass coated microwires
[11]. The method of identifying membership functions was applied on the data verified at
the stage of quality control of the end product. For this reason, statistical data were
provided by the most experienced operators involved in casting of the resistive microwires
of 5+10Q. Based on these data, a graph was plotted as shown in Figure 6 (a).

Due to the specific issues of technological process some deviations from quality
standards may occur. To tackle the negative impact of some data points on the decision-
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making model, the acquired data were subjected to a filtering procedure. After that, the
graph shown in Figure 6 (b) was obtained.
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Figure 6 (a). Microwire resistance graph. Figure 6 (b). Graph after data filtering.

During the casting of microwire the decision-making process involves the
determining of a specific parameter such as R® which will be used as reference value. So,
the operator is guided by that reference value while taking decisions throughout the
technological process.

The need to define the above-mentioned parameter is explained by the specific
behavioral properties exhibited by each human operator in the production process.

Depending on the quality requirements, the casting plant, type of microwire,
external factors such as noise, each operator defines the reference value of this parameter
by following the explicit or intuitive way of judgement.

Thus, the control of the microwire casting process consists in supervising and
maintaining certain parameters such as the linear resistance of the microwire in the vicinity
of the reference value. In our case it is about R™® that must be within the range of values
specified in the technical requirements. In order to determine the reference value R¥
associated with the behavior of human operator, the graph of the distribution of the
frequency of occurrence of the linear resistance values over the entire duration of the
microwire casting process was constructed, Figure 7 (a).

From the graph shown in Figure 7 (a), it can be observed that the frequency or count
of the occurrences of value R = 7.22Q is maximum and equals 11. This fact shows that,
following an explicit or intuitive strategy, the operator maintains the linear resistance of
the microwire close to 7.22Q. The latter is the reference value R and this behavior is
typical for given operator.
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Figure 7 (a). Distribution graph. Figure 7 (b). Deviation graph.
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Figure 7 (b) shows the distribution graph of the frequency or count of occurrences of
deviations of the linear resistance relative to the R and their real magnitude during the
casting process. Using this graph, we can determine what magnitude appears as most
frequent deviation of the resistance relative to the reference value. In our case this
magnitude is 0Q and its maximum frequency of occurrences equals 11.

The above-mentioned deviation of 0Q reflects a good algorithm of decision-making
by human and that the microwire casting process is stable one. That maximum number
related to the most frequent value of deviation of linear resistance will be used at the stage
of defining the membership functions for linguistic variables.

After analyzing the data collected from the human operator, a set of characteristic
parameters was calculated that serve to construct membership functions in accordance with
the behavior of each operator. Then, using the developed method, specific membership
functions were obtained that can summarize the experience and knowledge of experts, but
at the same time can allow to retain their individual skills.

Figure 8 (a) shows the triangular membership functions for the -AR and +AR fuzzy
variables, calculated for the human operator whose behavior was investigated.
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Figure 8 (a). Membership functions. Figure 8 (b). Custom functions.

The above membership functions, Figure 8 (a), were obtained by applying the
expert’'s behavioral characteristics, as well as using classical forms of functions. It is
important to mention that the membership functions provided only partially adopt the skills
of the human operator. However, this should not be considered solely as a disadvantage,
since the decision-making by operator is characterized by ambiguity.

For these reasons, in order to investigate behavioral characteristics of the human
operator and to take over his skills as much as possible, it is necessary to apply the
proposed method for determining custom membership functions. As it was previously
mentioned, this approach provides for the possibility of developing membership functions
that could directly inherit the behavioral characteristics of the operator.

Thus, using the method described in section 3, and taking into account the results
obtained in this section, the custom membership functions were specified. Figure 8 (b)
illustrates the custom membership functions for the -AR (on the left side of the figure) and
+AR (on the right side of the figure) fuzzy variables.

5. Conclusions

Taking over the skills of the human expert makes it is possible to develop decision-
making systems under conditions of uncertainty for some real-life applications. For these
reasons, the proposed approach in the article for the identification of fuzzy membership
functions from expert knowledge encapsulated within statistical data may be of real
interest. In this context, the technological process of production of glass coated microwires
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was considered by authors. The proposed approach was applied on the data provided at the
stage of quality control of the microwire, which represents the end product.

As a result of our study, a model was developed that allows one to adopt the skills of
a human operator by identifying the membership functions for fuzzy variables. Generally
speaking, a successful implementation procedure depends on several factors such as the
number of fuzzy variables, the type and form of membership functions, the number of
inference rules, but also on the defuzzification method used. The proposed method makes it
possible to choose appropriate membership functions shapes and can be automated to
simplify the process of extracting knowledge from an expert person. One can note that
during this research the MATLAB engineering software was used. Finally, in our opinion it is
necessary to pay more attention to build custom membership functions that can offer a new
perspective in the field.
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