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of Methane Hazard
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Abstract. In the paper there are presented possibilities of use of artificial intel-
ligence to build predictive models based on the measurement data. Fundamental
problems concerning fuzzy logic, neural network and ANFIS system were
discussed. This system connects capability of representation and processing of
fuzzy logic and capability of learning of neutral networks. The ANFIS interface
has been characterized relating to training a fuzzy model of Sugeno type. An
example of using its interface to predicting of methane hazard in the region of
mined longwall was presented. Predictive model based on the real methane meas-
urement data from this longwall was developed.
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1 Introduction

The artificial intelligence is an area of problems based on features specified for human
intelligence. The algorithm mimics more or less these features; it is able to learn (by
creating rules of reasoning) and next to act (generalization of knowledge, data classifi-
cation and decision making). The fundamental problem of creating a model of an inves-
tigated phenomenon is its generation based on numeric data. One of the techniques of
creation of a reasoning system is the ANFIS network [4] which is an adaptive system
characterized by functionality of neural networks and fuzzy reasoning. The effective
functioning of this algorithm allows us to determine the parameters of the model
including an organization of its structure. The network just learned on the basis of
historical data is able to predict future values.

Methane hazard is a very important issue with regard to safety in the Polish coal
mines. This hazard consists in releasing methane from coal and rock deposits [1, 12].
Affecting the balance in strata caused by mining operations is the reason for methane
releasing. A user’s guide issued by the Central Mining Institute (GIG) describes the
principles of longwall working under conditions of methane hazard. A value describing
a working face area is its methane bearing capacity. This value is calculated on the basis
of the averaged values of the measured methane concentrations and the air flow
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velocities (air flow volume streams). To characterize methane bearing capacity at the
working face area the following concepts are defined:

— ventilation methane bearing capacity;
— absolute methane bearing capacity;
— criterial methane bearing capacity.

A value of the criterial methane bearing capacity may be a necessary condition for
use of methane drainage or other methods to reduce methane emission into workings
(e.g., air ducts) in case when the calculated value of the criterial methane bearing
capacity is lower than the forecasted or the real one occurring during mining works at
the working face area.

A subject matter of prediction of the methane hazard was discussed among others
in [7-9]. With regard to method of data collecting being necessary for hazard assessment
made by mining services (averaging the measuring results), the detailed data processing
is characterized by a long delay. A current assessment of methane hazard concluded on
the basis of analysis of a course of absolute methane-bearing capacity with reference to
criterial methane-bearing capacity will allow us to control much better the ventilation
parameters [11]. Thanks to use of Fuzzy Logic Toolbox library and ANFIS interface it
is feasible to create a neuro-fuzzy network to be applied for prediction of value of
methane-bearing capacity calculated on the basis of the parameters measured during
mining operations carried out at a working face area.

2 Neuro-fuzzy Networks

2.1 Fuzzy Models

Fuzzy reasoning is generally used there where it is difficult to describe the investigated
phenomenon by means of a mathematic model. A process of fuzzy reasoning is divided
into three stages [11]. The first stage is fuzzifying which consists in computing a
membership degree of input values to fuzzy sets. The second stage is an inference which
is responsible for computing a resulting membership function on the basis of input
values. The calculations are made with use of inference mechanism and base of rules.
The third stage is a transformation of the resulting membership function into numeric
value in the process of de-fuzzifying.
The most frequently used fuzzy models are:

1. Rule-based Mamdani-type fuzzy modelling defined so [10]:

R={IFx,=A, THEN y =B}

where: x, —input linguistic variables; y — output linguistic variable; A, B —linguistic
values.

2. Takagi—Sugeno (Sugeno) model — a connection of a model based on linguistic
description with polynomial functions. The model includes a base of knowledge with
the rules described as follows [10]:
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R={IFx,=A, THENy=f(x,)}

where: x-, — input linguistic variables; A, — premise value, y = f(x,) — function in
conclusion of “i-rule”.

The fundamental difference between the Mamdani and Sugeno models consists in
use of a function in rule conclusion (in Sugeno model). This improves considerably a
computing performance of the system due to lower load for assessment of the output
value of the system.

2.2 Neuro-fuzzy Systems

The artificial neural network is a system which operates on the basis of a human intel-
ligence. Its aim is a modelling an input/output relationship [10]. The network consists
of neurons which create the consecutive network layers. The output signals of the indi-
vidual neurons are transferred to the neuron inputs of the next layer. The knowledge is
recorded by means of the weights of each connection between the individual neurons.
The weights are modified on the basis of examples in the learning process. The learned
structure can associate the obtained knowledge and use it for replies to the states unpre-
cedented before.

The operation of a neural network can be divided into a stage of learning and a normal
operation. In the first stage the network defines the parameters necessary for its func-
tioning according to requirements. In the normal stage the network solves the tasks on
the basis of the knowledge obtained before.

The neuro-fuzzy systems are created by connection of artificial neural networks and
fuzzy systems. The fuzzy model transforms into a neuro-fuzzy network. The weights of
the network correspond with parameters of a membership function in premises and
coefficients of polynomials in conclusions of rules of a fuzzy model. The first or zero
degree polynomials are the most frequently polynomials used in rule conclusions
(Sugeno model).

2.3 Creation of a Fuzzy System on the Basis of Numeric Data

In order to create a model representing a selected question it is first of all important to
obtain knowledge required to organize a structure of a model. In fuzzy systems there
are used two methods of obtaining knowledge. The first one is to obtain knowledge from
an expert. A structure and parameters are determined arbitrarily on the basis of the
expert’s knowledge. This approach may dubious due to difficulties referred to precise
determination of parameters in case of a complicated representation. Therefore the
frequently used solution is a creation of an initial model which is next precisely trained
on the basis of the measuring data [10]. The second method is automatic getting data on
the basis of numeric data. The effective running such algorithm allows us to determine
the parameters of the system including the organization of its structure. It is also possible
to connect this method with the expert’s knowledge. In this case a part of knowledge
will be obtained from the expert and the next part from automatic selection of rules.
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To create a fuzzy system it is necessary to aim at maximal simplification of a structure
and base of rules. A complicated and extended base may not give satisfactory results at
all. The training of this model may be difficult or simply impossible.

Clustering of measuring data consists in partition of a set of elements into subsets.
Among fuzzy clustering methods one may distinguish: c-means Gustafson-Kessel
method, a subtractive method and a clonal selection method [2]. The clustering methods
can be used in the absence of a base of rules designed for creation of an initial model
on the basis of a set of numeric data.

The final stage of selection of parameters of a fuzzy model can be its transformation
into an equivalent multi-layer neural network. Such a network can be additionally
subjected to the process of learning on the basis of a learning data set.

3 ANFIS

The ANFIS system is the abbreviation of the adaptive-network-based fuzzy inference
system according to the Takagi—Sugeno model [6]. The system is equivalent to a neural
network with four hidden layers.

The ANFIS network consists of the following layers [5, 10]:

—_—

input layer — distribution of the input signals; no calculations;

2. first hidden layer — calculating degrees of compliance of input values in premises of
conditional rules;

3. second hidden layer — determination of a level of activation of every conditional rule
for previously calculated values of degrees of compliance;

4. third hidden layer — calculating a standardized level of activation of every conditional
rule;

5. fourth hidden layer — determining products of rule conclusions and standardized
levels of activation of the rules;

6. output layer — determining the output value of the ANFIS network on the basis of

the sum of the weighted signals from the previous layer.

The training of the ANFIS network consists in modification of parameters in order
to obtain a set of conditional fuzzy rules. At the beginning of the process there are defined
membership functions of fuzzy sets in premises of rules. The input data space is divided
with use of a uniform grid distribution [10]. The disadvantage of this solution is a
dependence of a number of rules on the space dimensions; this makes use of applications
with many inputs difficult. After dividing the space there are obtained the initial values
of parameters in rule premises.

A hybrid training method for a network consists in selection of values of parameters
by means of various methods. In forward pass the algorithm determines the values of
conclusion parameters by means of a recursive least-squares method. While in backward
pass the error signals propagate backwards and the parameters of premises are selected
by a modified gradient method [5].

The Fuzzy Logic Toolbox library [3] (a component of the MATLAB packet of
MathWorks, Inc. Company) allows a generation of the ANFIS network. For that purpose
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itis used a graphic interface ANFIS Editor which makes a training process for artificial
neural networks with regard to training of fuzzy models. Running the ANFIS algorithm
consists in transformation of the Sugeno fuzzy model into a neuro-fuzzy network. The
obtained this way structure consists of six layers. The weights of the network correspond
to parameters of a membership functions in premises and coefficients of functions in
conclusions of rules of a fuzzy model.

Creation of a model of the ANFIS network in the MATLAB environment requires
the definition of an initial structure of the model. As the initial model subjected later to
a process of learning it is the most often used the loaded Sugeno structure, i.e., the model
created on the basis of partition of the input data space (grid partition) or use of subtrac-
tive clustering as well as fuzzy c-means [3].

A training of the structure begins with loading the learning, checking and testing
data. After the data have been loaded the process of learning starts. The interface makes
possible to determine a method of optimization (hybrid method, backward error prop-
agation), number of periods, and tolerance error to define conditions to stop running the
algorithm. After all parameters have been defined the process of training the network
begins. In order to check learning efficiency it is necessary to load the testing data and
to start the testing procedure.

4 Example of Creation and Training of Neuro-fuzzy Network
with Use of the ANFIS Interface

This chapter presents an example of prediction of methane hazard with use of a neuro-
fuzzy network. A set of numeric data has been obtained on the basis of the trials carried
out at the working face area N-2 in “Pniéwek” coal. This is a longwall with high
methane-bearing capacity with active methane drainage operations. The longwall has
been designed with “Y” type ventilation. The intake air has been ducted through the
incline N-1 and next the main gate N-2. A part of the air from the incline N-1 has flowed
through the main gate N-3 and then has connected with the return air from the longwall
N-2. The return air has been exhausted from the longwall through the main gate N-3
and the raise N-3. The assumed criterial methane bearing capacity for the working face
area was 12.76 m*/min. To determine the criterial methane bearing capacity, it was
assumed methane drainage efficiency at the level of 45%. As a result of calculations it
was obtained a value of 23.2 m*/min. A project of the longwall contained a notation that
a value of criterial methane bearing capacity will be calculated every day on the basis
of indications of sensors and quantity of the air will be regulated depending on the output
and methane bearing capacity of the longwall. In case of differences among values of
the forecasted and real methane bearing capacity, a ventilation service officer will take
a decision to increase if needed a quantity of the air to be provided to the longwall and/
or to change a range of methane drainage works.

The numeric data set METAN was created on the basis of numeric data obtained as
a result of the trials. The measurements were done in 14 days of a normal work of the
longwall. The values of the criterial absolute methane-bearing capacity were calculated
on the basis of the Instruction No. 17 (2004) developed by Central Mining Institute
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(GIG) taking into account the parameters given in the project of the longwall. The
methane-bearing capacity at the N-2 longwall area measured during the trials is shown

in Fig. 1.
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Fig. 1. Methane-bearing capacity at longwall N-2 area during trials

A task of the model is a prediction of methane hazard on the basis of estimation of
the absolute methane-bearing capacity in relation to the criterial methane-bearing
capacity. For test purpose it was defined a methane hazard rate which is a ratio of the
absolute methane-bearing capacity to the criterial capacity. Depending on the value of
the quotient it is determined a level of the hazard, where 0 means the highest level of
safety, 1 —the real methane hazard which requires to take several steps in order to reduce
methane content in the mine air. Figure 2 presents a methane hazard rate.
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Fig. 2. Methane hazard rate during trials carried out at the working face area

The first stage of creation of a neuro-fuzzy model for prediction of methane hazard
is a creation of the training and checking vectors of the time series. For purposes of tests
there have been created the training vectors in the following form

w(t) = [ x(t — 60) x(t — 40) x(t — 20) x(£) x(t + 20) ]

ey
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where t — time of a current measurement, and t + A — times of measurements shifted by
A [min].

The next step was a creation of an initial structure of a model on the basis of a grid
partition of a numeric data set. A default number of bell membership functions (curves)
of inputs of the model is 2, while at the outputs there are generated linear functions. The
fuzzy model created in such a way was subjected to training with use of the ANFIS
algorithm. The model has been transformed into a neuro-fuzzy network shown in Fig. 3.
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Fig. 3. Structure of a neuro-fuzzy network
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Fig. 4. Error of neuro-fuzzy network learning: (a) before learning; (b) after learning
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In the training process of the network it has been used a hybrid method which is
combination of the least-squares method and the backward error propagation method.
Figure 4 shows the learning error of the network for further iterations of the training.

Figure 5 shows an exemplary inference of a neuro-fuzzy network. The way of infer-
ence for the created network is as follows. In the first place the outputs of the model are
fuzzified by calculation of membership functions. The values are connected by means
of a product creating this way levels of activation of every rule. The functions in conclu-
sions of fuzzy rules are determined also on the basis of measurements. The final output
value of the model is a weighted average of all elements of a rule base of the model. The
weights are the levels of activation and the elements are the functions in rule conclusions.

input1 = 0.402 inputz = 0.412 input3 = 0.412 inputd = 0.412 i 040

(- (- - . (.
B B Bee L= i
] ] s e 1
i ] e e L]
e == =2 =0 LI
=~ = | —— S| S = | -
= [ | = C 1]
] il ) e 1
| ] ]| e L]
el ] e e T
I = R —— S R e =—— = C1 ]
e = Y —— s [ e ——— o == [ B
S — = | e [ T
e eE B = g
s [ ] I —— ——— [

Fig. 5. Exemplary inference of the trained network

Figure 6 shows a prediction of a level of methane hazard at a working face area;
Fig. 7 presents a prediction error. The trained neural network represents well a real time
course; the average prediction error is 0.0114, and the maximum error is 0.0845.
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Fig. 6. Prediction of the neuro-fuzzy network
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5 Summary

The paper presents the ANFIS interface in relations to use for creation and training of
neuro-fuzzy models. A process of creation of the models is complex and depends on
many factors such as selection of a method of input/output data space partition, a type
of a fuzzy model and its parameters and also on numeric data themselves. A use of
artificial intelligence methods gives great opportunities for creation of models repre-
senting the investigated phenomena on the basis of numeric data. It is possible to describe
very complex phenomena. A description of them by mathematic functions would be
difficult.

The paper shows an example of application of the ANFIS interface designed for
prediction of methane hazard at a working face area during winning operations. With
regard to method of data collecting being necessary for hazard assessment made by
mining services, the detailed data processing is characterized by along delay. It has been
shown in the paper that a current assessment of methane hazard concluded on the basis
of analysis of a course of absolute methane-bearing capacity with reference to criterial
methane-bearing capacity may allow us to control much better the ventilation parameters
in particular in situations of dynamic changes and when the limit values are exceeded.

A problem of safety in mining is a key issue. A prediction with use of a neuro-fuzzy
network allows us to control on-line a level of methane hazard and to take appropriate
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action in case of occurring dangerous situations. Therefore these methods can usefully
complement the conventional methods of acquiring knowledge.

References

10.

11.

12.

. Brodny, J., Tutak, M.: Determination of the zone endangered by methane explosion in goaf

with caving of operating longwalls. In: SGEM 2016, Book 1, vol. 2, pp. 299-306 (2016). doi:
10.5593/SGEM2016/B12/S03.039

. Felka, D.: Metody budowy inteligentnych modeli na bazie danych numerycznych, w:

Monografia: Mtodzi Innowacyjni. Innowacyjne rozwiazania z dziedzinie automatyki,
robotyki i pomiardw, Wydawnictwo PIAP, Warszawa (2012)

. Fuzzy Logic Toolbox User’s Guide, Revised for Version 2.2.24 (Release 2016b), The

MathWorks, Inc. (2016)

. Jang, J.-S.R.: ANFIS: adaptive-network-based fuzzy inference systems. IEEE Trans. Syst.

Man Cybern. 23(3), 665-685 (1993)

. Jang, J.-S.R., Sun, C.-T., Mizutani, E.: Neuro-Fuzzy and Soft Computing. A Computational

Approach to Learning and Machine Intelligence. Prentice-Hall, Upper Saddle River (1997)

. Jantzen, J.: Neurofuzzy modeling. Technical report 98-H-874. Technical University of

Denmark, Department of Automation (1998)

. Koptori, H.: Przeglad i weryfikacja metod prognozowania metanowosci bezwzglednej

wyrobisk korytarzowych drazonych kombajnami w kopalniach weggla kamiennego, Prace
Naukowe GIG Goérnictwo i Srodowisko, nr 4, ss. 51-64 (2007)

. Kozielski, M., Sikora, M., Wrébel, £.: Decision support and maintenance system for natural

hazards, processes and equipment monitoring. Eksploatacja i Niezawodno$¢ (Maint. Reliab.)
18, 218-228 (2016)

. Kozielski, M., Skowron, A., Wrébel, L., Sikora, M.: Regression rule learning for methane

forecasting in coal mines. In: International Conference: Beyond Databases, Architectures and
Structures, pp. 495-504. Springer (2015)

Leski, J.: Systemy neuronowo-rozmyte, Wydawnictwo Naukowo-Techniczne, Warszawa
(2008)

Piegat, A.: Modelowanie i sterowanie rozmyte, Akademicka Oficyna Wydawnicza EXIT,
Warszawa (1999)

Tutak, M., Brodny, J.: The impact of the flow volume flow ventilation to the location of the
special hazard spontaneous fire zone in goaf with caving of operating longwalls. In: SGEM
2016, Book 1, vol. 2, pp. 897-904 (2016). doi:10.5593/SGEM2016/B12/S03.115


http://dx.doi.org/10.5593/SGEM2016/B12/S03.039
http://dx.doi.org/10.5593/SGEM2016/B12/S03.115

	Application of Neural-Fuzzy System in Prediction of Methane Hazard
	Abstract
	1 Introduction
	2 Neuro-fuzzy Networks
	2.1 Fuzzy Models
	2.2 Neuro-fuzzy Systems
	2.3 Creation of a Fuzzy System on the Basis of Numeric Data

	3 ANFIS
	4 Example of Creation and Training of Neuro-fuzzy Network with Use of the ANFIS Interface
	5 Summary
	References


