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COMMUNICATIONS

DECISION SUPPORT SYSTEM FOR VENTILATION
OPERATORS BASED ON FUZZY METHODS
APPLIED TO IDENTIFICATION AND
PROCESSING OF GAS–DYNAMIC IMAGES
Izabella V. Lokshina — Richard C. Insinga

∗

This paper discusses a decision support system (DSS) based on fuzzy methods that are applied to the identification and
processing of gas-dynamic images received during monitoring and control processes of underground coal mine atmospheres.
The DSS supports the ventilation operator’s decisions under complex and unanticipated gas-dynamic situations on the
working face.
K e y w o r d s: decision support system, fuzzy methods, monitoring and control processes in underground facilities

1 INTRODUCTION

With the increase of the depth of underground mining
operations and processes, gas emissions, stratum temperature, and gas-dynamic activity also increase, causing a
growing number of incidents. That’s why continuous and
active monitoring and control of underground coal mine
atmospheres is very important as well as contributing to
the effective functioning of ventilation and degasification
systems.
Continuous improvement and modernization of ventilation automated control systems (VACS) could not
eliminate human (operator) participation in the control
loop.As a result, in addition to traditional VACS supporting software, a decision support system (DSS) was developed based on processing of gas-dynamic images to support the VACS operator’s decisions under complex and
unexpected gas-dynamic situations on the working face.

2 DSS: EVOLUTION OF IDEA

Coal mine atmospheres are an extremely complex to
monitor and control. Complexity is due to the fact that
the object could never be completely observed and that
the majority of information received is stochastic and
non-structured. Coal mine atmosphere measurements are
extremely complex to interpret, because of the many gasdynamic situations and their occurrences in the working
face of underground coal mines. Consequently, it causes
great difficulties in effective decisions and necessary control actions of the ventilation operators.

On the other hand, there are a number of experienced
operators and experts who are able to interpret complex
gas-dynamic situations and occurrences based on their
great experience and knowledge for decision-making, using only partial coal mine atmosphere measurements.
Decision support and decision-making for coal mine atmosphere monitoring and control is an ideal task for Artificial Intelligence (AI). And the best solution is a system
providing the identification of the gas-dynamic situations
on the working face and offering some reasonable suggestions for possible actions to the ventilation operator.
Traditionally, both VACS and ventilation operator
perform monitoring and control functions. The human
tasks during the control process consist of (1) determining the prognosis levels of gas contents in the mine atmosphere, measured by the active automated gas protection
system (AGPS); (2) supervising VACS performance; (3)
operative decision-making when atypical situations occur; and (4) supervising performance of the accident liquidation plan (ALP) when emergency situations occur.
The DSS for ventilation operators was based on the gasdynamic image classification system, which has been produced using a gas-dynamic image processing procedure.
The idea to apply Artificial Intelligence methods in
coal mine atmosphere monitoring and control was not
new and original. In the middle of the 1980’s, three expert systems for methane and dust concentration control
(UFEL, SHEARER, IDSS) were created in the USA and
the UK. At the same time period, two prototype expert
systems for methane concentration control were created
in Russia: the first was based on the principle of situational control under uncertainty (PROVETRIVANIE),
and the second was based on analysis of quantitative
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Fig. 1. Examples of gas-dynamic images.

symptoms and expert estimation of gas-dynamic parameters realization (METEX) [2, 3].
However the idea to apply fuzzy methods to gasdynamic images processing was really new and original.
Models and algorithms of all the mentioned above systems were based on productive- and frame-based methods
of knowledge representation. Fuzzy methods of knowledge
representation have been never used for mine atmosphere
monitoring and control before the system described in
this paper was created [3].

3 FUZZY MODELS

The job description of a ventilation operator related
to coal mine atmosphere monitoring and control includes
these activities:
– Supervision of the gas-dynamic situations on the working faces;
– Identification of Mine Ventilation System (MVS) parameters for control corrections;
– Determination of the reasons for variations of the gasdynamic situations;

– Decision-making in the case of considerable methane
deviations;
– Emergency ventilation control;
– Statistical reports producing.
Gas-dynamic situations observed by a ventilation operator on the working face were correlated with a great
number of mining-geological, mining-technological, and
mining-technical factors.
Gas-dynamic situations on the working face were classified as gas-dynamic processes in MVS and emergency
situations.
The general formula of mine atmosphere monitoring
and control in logic format was:
F1 ∧ F2 ∧ F3 → F4 ∨ F5,
where F 1 – mining-geological parameters,
F 2 – technological processes parameters,
F 3 – technical parameters of MSV,
F 4 – gas-dynamic processes in MSV,
F 5 – emergency situations.
Based on the formula below, the ventilation operator activities were produced in logic format, which could
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be considered as determination of possible reasons for
methane concentration deviations.
F2 ∧ F3 → F4.
For decision-making, a ventilation operator uses the
following information:
– Methane concentration records obtained (recorded)
from different points of working faces;
– Mining technology information;
– Planned and actual mining status;
– Schemes of working face ventilation and topological
information;
– Placement and location of methane concentration sensors;
– Information about disturbances in ventilation and degasification systems.
Based of this information, it was possible to diagnose
the operative situation on the working face and to identify
the reasons for methane concentration deviations. For
the most part, single mining-technological and technical
factors caused strictly certain classes of occurrences with
definite shapes of gas-dynamic spectrums or gas-dynamic
images, which were always observed in the records of
methane concentration.
Several examples of some of these gas-dynamic images
are presented at Fig. 1.
The classes of gas-dynamic images in the records of
methane concentration were also the perfect instruments
used to separate the real occurrences and the disturbances
caused by electronic devices and communication channels.
Fuzzy classification of gas-dynamic situations on the
working face was developed as a system of fuzzy rules,
connecting the set of the gas-dynamic images ( Si , i =
[1, m] ) and their fuzzy attributes ( Bj , j = [1, n] , Bj =
[0; 1] ) with high maximum value of belief function.
For example, several fuzzy classification rules, describing classes of gas-dynamic images S1 −S6 shown in Fig. 1,
are shown below.
B1 [0.5 − 0.6] ∧ B2 [0.5 − 0.6] ∧ B3 [0.5 − 0.6] ∧ B4 [0.1 − 0.6]
∧ B5 [0.1 − 0.2] ∧ B6 [0.9 − 1] → S1 [0.9 − 1] ,
B1 [0.5 − 0.6] ∧ B2 [0 − 0.1] ∧ B3 [0 − 0.3] ∧ B4 [0.1 − 0.3]
∧ B5 [0.3 − 0.4] ∧ B6 [0 − 0.1] → S2 [0.9 − 1] ,
B1 [0.8 − 0.9] ∧ B2 [0.2 − 0.4] ∧ B3 [0.2 − 0.3] ∧ B4 [0.2 − 0.3]
∧ B5 [0.2 − 0.3] ∧ B6 [0 − 0.1] → S3 [0.9 − 1] ,
B1 [0.9 − 1.0] ∧ B2 [0 − 0.2] ∧ B3 [0 − 0.3] ∧ B4 [0.1 − 0.2]
∧ B5 [0 − 0.3] ∧ B6 [0 − 0.1] → S4 [0.9 − 1] ,
B1 [0.5 − 0.9] ∧ B2 [0.8 − 1.0] ∧ B3 [0.5 − 0.6] ∧ B4 [0.4 − 0.6]
∧ B5 [0.1 − 0.7] ∧ B6 [0 − 1] → S5 [0.9 − 1] ,
B1 [0.8 − 1.0] ∧ B2 [0.3 − 0.5] ∧ B3 [0.1 − 0.6] ∧ B4 [0.4 − 0.7]
∧ B5 [0.5 − 0.8] ∧ B6 [0 − 1] → S6 [0.9 − 1] .

The application of a Fuzzy Model (FM) to gasdynamic image interpretation and processing was to be
preferred for the following reasons:
– Methane concentration received from the working face
was stochastic;
– Complex gas-dynamic situations were incompletely
identifiable in records of methane concentration;
– Records of hindrances combined with records of
methane concentration created difficulties in identification and processing of the gas-dynamic images;
– Difficulties in interpretation of the gas-dynamic situations caused by multiple combinations of occurrences;
– Expert knowledge provided the ability to estimate
model parameters based on partial measurements [3].
The development of traditional FMs for gas-dynamic
image interpretation and processing took several directions:
– A vector of gas-dynamic images and a vector of attributes were introduced to the model: Si , i = [1, m] ,
Bj , j = [1, n] , Bj = [0; 1] ;
– A matrix of masking of attributes was introduced to
the model:
∗
;
v(Si → Bj∗ ) = Rij
– Matrices of minimum and maximum gas-dynamic images influence into attributes were introduced instead
of the influence- and relations matrices:
v(Si → Bj ) = Rij ;
– Prior gas-dynamic situations were added to the list
of gas-dynamic images, if they were considered to be
reasons for attributes appearance;
– Advanced expert information was considered;
The fuzzy identification system was based on processing of gas-dynamic images and attributes; matrices of
minimum and maximum influence, and masking.
Auxiliary fuzzy axioms of gas-dynamic image interpretation and processing were the following:
1. If there is reason to appear, the attribute does not
appear in the model.
¬ ∨ (Si ∧ (Si → Bj )) ⊃ (¬Bj ∧ ¬T Bj ) ,
1 ≤ i ≤ m,

1 ≤ j ≤ n.

2. If there are reasons for the attribute to appear, and
no grounds to be masked, the attribute appears in the
model.
∨(Si ∧ (Si → Bj )) ∧ ¬ ∨ (Si ∧ (Si → Bj∗ ))
⊃ (Bj ∨ ¬T Bj ) ,

1 ≤ i ≤ m, 1 ≤ j ≤ n.

3. The implications chains between reasons are the result
of the correlations between reasons.
(Si → Sk )) ⊃ (Si (Sk ) , 1 ≤ i ≤ m , 1 ≤ k ≤ m .
A global axiom was created by the intersection of the
system of the above-mentioned axioms.
G ≡ ∧(Ej ∧ Fj ) , 1 ≤ j ≤ n .
The belief function in this FM is a function of the interlogical distribution between the gas-dynamic images
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and the attributes, and is an analogue of the maximum
likelihood function in statistics.
v(G) = ϕ(s, b, r) ,
where v(Si ) = si , v(Bj ) = bj , v(Si → Bj ) = Rij .
So, the basic fuzzy model of gas-dynamic image interpretation and processing was developed to get solutions
for the following extremes:
d(b) = max ϕ(s, b, r)
si (b) = max{si : ϕ(s, b, r) = d(b)} ,
si (b) = min{si : ϕ(s, b, r) = d(b)} .
Or, in other words, for a given vector b = (b1 , . . . , bn ) ,
0 ≤ bj ≤ 1 , 1 ≤ j ≤ n , it was necessary:
1. To define such a maximum belief function value d ,
0 ≤ d ≤ 1 , for which the system of max-min equations
(1-2) had at least one decision s = (s1 , . . . , sm ) , r =
0
00
[rij ] in interval 0 ≤ si ≤ 1 , rij
≤ rij ≤ rij
, 1 ≤ i ≤ m;
bj − (1 − d) ≤ max min(si , rij ) ,
1 ≤ j ≤ n, 1 ≤ i ≤ m,
∗
)}
min{max min(si , rij ) , 1 − max min(si , rij

≤ bj + (1 − d) , 1 ≤ i ≤ m .

(1)
(2)

2. To define exact minimum and maximum limit values
of coordinates of the system, which corresponded to a
maximum belief function value d = d max .
In the developed DSS, the forward-chained (ie , from
attributes to gas-dynamic images) and the backwardchained (ie , from the interpretation results to primary
gas-dynamic data) inference engines were used.
The DSS’s algorithms were quite different from traditional ones, in which the result could be received based
on attributes using only single reasons. The advantage
of the developed fuzzy algorithms was accomplished by
using composite, not single, processing rules. [1, 3]
4 FINDINGS AND CONCLUSIONS

1. The quantitative and qualitative information used by a
ventilation operator for decision-making was analyzed.
This analysis proved the effectiveness of applying fuzzy
models and algorithms to gas-dynamic image interpretation and processing.
2. Fuzzy models and algorithms for gas-dynamic image
interpretation and processing were developed.
3. DSS for a ventilation operator was constructed. Programs were written in C++ for Windows environment.
4. The effectiveness of the DSS for a ventilation operator was confirmed by positive results. Laboratory tests

included multiple expert gas-dynamic image estimation and processing for the purpose of identifying the
reasons for the considerable fluctuations in observed
gas-dynamic parameters in coal mine atmospheres.
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