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Managers need quality information for effective decision making, This de-
mand, at the present time, is being fulfilled by the increased use of computers
via information systems, decision support systems and management infor-
mation systems. The idea of incorporating intelligence into computers to aid
decision-makers has been evolving for over two decades. In recent years, signifi-
cant progress is reported on applications to business and sciences. In engineer-
ing functions, the Artificial Intelligence approach that seems to have great
potential is the application of Knowledge Based Systems.

The primary objective of this paper is to identify domains in mining engineer-
ing where application of knowledge based systems could be beneficial. In-
corporation of the expertise required during the analysis and interpretation
stages of an engineering design problem through knowledge based systems
is recognized as an area of significant benefit. To this end, the components
of knowledge based systems for mine ventilation and strata control design
are described. The potential applications and limitations of knowledge based

systems are outlined.

Intreduction

cases, the decisions to be made under given
conditions are fairly straight-forward and
standard. This may be due to experience

Correct decisions are the key to success in
any enterprise. Scope of decisions varies
with the echelons of management hierarchy.
The decisions of top management are gained from decision-making in similar
situations 1in the past. In fact, many
decisions in operations management are
either repetitive or routine.

However, there are several situations,
particularly at the higher management
levels, 1in which the decision-making
procedure does not fit a standard mold, the

strategic, relating to the long-term future
of the organization. In a mineral
organization, these deal with such issues
as the acquisition of a new mineral
property or the diversification of the
business to expleit additional markets. At
the operational Tlevel, a manager fis

concerned with decisions pertaining to day-
to-day eventualities related to production
activities and other short-term needs. In
either case, the prerequisite is the timely
availability and use of information., The
difficulty involved in decision-making
depends on the situational aspect. In many
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available information is uncertain or there
are no clear guidelines as to how to make
the decisions. These semistructured and
unstructured decision problems, defined
hereafter as complex problems, require the
incorporation of judgement and experience

in the decision-making process. Several
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problems in engineering design can fall in
the latter category.

Mine engineering design 1is a compiex
problem involving subproblems which can be
structured, semistructured or unstructured.
Structured design problems can be handied
with standard algorithmic approaches. The
solution of semi~ and unstructured
problems, however, has  posed great
difficulties, in some cases, in defining
the problem itself, From the early
sixties, the use of computers and
mathematical 1logic to aid managers 1in
decision-making has taken several
algorithmic and heuristic approaches. The
earTiest information systems (IS) were
concerned with producing historical reports
with 1ittle information pertaining to
current and/or future operations. Most of
these IS were accounting and payroll
systems. These were followed by
rudimentary management information systems
(MIS) which focused on summarizing data
from past operations and providing limited
decisfon-oriented information to managers.
Over time, the role of MIS has increased to

a point where today there are systems for

providing managers with the latest
information., Developments 1in data base
technalogy, particularly data base

management systems (DBMS) and relational
data base schemes, and decision support
systems (DSS) have been key in the

continual evolution of MIS.
In vrecent years, advancements in the

field of Artificial Intelligence (AI),
particularly Knowledge Based Systems (KB8S),
have made significant contributions in
bringing novel computer-oriented approaches
to the solution of compiex problems. KBS
can incorporate aspects of reasoning under
uncertainty in situations where information
is incomplete or unreliable. KBS have
incorporated formalized approaches such as
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fuzzy Togic and Bayesian probability
schemes to quantify incomplete 'artistic/
soft' knowiedge, The KBS approach has
permitted the knowledge of 'experts’' to be
captured 1in computer oriented symbolic
programs and bear upon the problems of
users in many diverse ill-structured
domains. Examples of highly publicized
areas of applications of KBS include
medicine (MYC!N),] mineral exploration
(PROSPECTOR) ,° structure
identification (DENDRAL)
engineering (SﬁCON).4
The flow of information in a typical IS
and MIS framework with an expert system
interface is shown in Figure 1. The data
collected from the system and via sensors
are first sifted to filter out wunwanted

'nojse,' The filtered data are stored in

chemical

3 and structural

data bases and is also available online.
In structured decision situations, the data
are fed to algorithmic models, the output
from which is made available to the
decision-maker in the form of information
reports. 1In case of semi- and unstructured
decision probiems which defy a programmed
approach, the expert system can provide the
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FIGURE 1. Flow of information in a management informa-
tion system (MIS) with an expert system intcrface
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experiential and judgemental knowledge
required. As shown in Figure 1, the expert
system functions in close interaction with
classical MIS and as such it is an
integrated part of MIS - a broad epithet
encompassing all systems aiding management
in decision—making.5

The objective of this paper is to present
the principles of the knowledge based
paradigm and to outline its usefulness as a
decision support aid for solving mineral
engineering design problems. This
discussion  will also  focus on  two
functionally important areas of mine
engineering  design: mine  ventiiation
system design and mine strata control
design.

Knowledge based systems

Knowledge based systems are sophisticated,
interactive computer programs which use
high quality, specialized knowledge in some
narrow problem domain to solve complex
probtems 1in that domain. KBS have been
referred to with a variety of names such as
expert systems, 1intelligent assistants,
epistemological systems and design and
analysis systems. The two terms most
popular in common usage, often wused
synonymously, are KBS and expert systems.

This is unfortunate because some systems
which are advanced as expert systems do not
have the essential elements to be
considered as such. Strictly speaking, the
term expert system implies that a
predominant part of the knowledge in the
system has been acguired from expert
practitioner(s)} in the chosen field. As a
result of their unique experiences, experts
solve complex problems in reascnable
(minimal) time using creative approaches
and rules of thumb. As such, a strict or
straight-forward mathematical algorithm
cannot be an expert system. Further, with
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KBS, there is no implication of the
presence of  expert  knowledge. The
knowledge could be gathered from disparate
sources in the public domain. Expert
knowledge can be viewed as a particular
instance of total knowledge (both expert
and other). Expert systems, therefore, are

a special breed of KBS where an expert(s)'s

knowledge takes prominence over the public
domain knowledge. The more encompassing
term KBS will be used in this paper.

KBS features

There are four important aspects of KBS
which need to be emphasized: (i) they are
knowledge intensive, 1i.e. it is5 the
fundamental hypothesis in  Artificial
Intelligence, the parent field of KBS, that
the problem solving power of a program
comes from the quality and quantity of
knowiedge it npossesses relevant to the
probiem; (ii) the inference or reasoning
mechanisms  are  human-1ike, i.e. the
reasoning strategies adopted by the program
reflect the reasoning style of the humans;
(i11) the domain of application is narrow;
this requirement is a consequence of the
high levels of performance expected of the
program; expertise is deemed to come with
great depth of knowledge in  some
specialized area rather than general
knowledge of several different fields; (iv)
KBS are able to explain their 1line of
reasoning to the user, f.e. they can give
justifications as te ‘why' a particular
line of reasoning was or is being pursued
over another and explanations as to how it
arrived at a certain conclusion. Clearly,
problems requiring significant infusion of
common sense and general knowledge for
sgclution are not suitable for KBS
applications.
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FIGURE 2. Anatomy of a knowledge based system

KBS components

There are two main parts to any KBS - the
knowiedge base and the inference engine
(Figure 2). In addition, there are
peripheral features designed to facilitate
interaction with end-users {user
interface), explanation of a line of
reasoning {justifier), etc. The knowledge
base consists of two different kinds of
domain specific knowledge: (i) declarative
knowledge which includes facts related to
the domain and the specific problem, and
(i1) procedural knowledge which contains
rules (or procedures) and heuristics which
generate alternate paths of reasoning. The
facts and rules constitute a body of
information that is widely shared, publicly
available and generally agread upon by
practitioners in the field. The
heuristics, on the other hand, are private,
experientially gained rules of thumb (rules
of plausible reasoning, ruies of good
guessing, etc.). The primary role of
heuristics is to aid in limiting the search
for solutions to a probiem. This is
probably the most powerful feature of KBS.

Knowledge representation
The predominant means of representing the
vast amount of problem specific knowledge
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in KBS has been by production rules.
Production rules are of the form
'situation >> action', i.e. they are
syllogisms of the form 'IF a certain
situation hoids THEN take a particular
action'. The I[F portion of the rule is
called the antecedent and the THEN portion,

the consequent of the rule., The reasoning
mechanism of KBS (Inference Engine) uses
these IF,..THEN rules to arrive at a
conclusion, estabiish the validity of a
fact, etc.

Because of the inherently uncertain
nature of the system knowledge, in many
instances the rules may not imply strict
logical implication. That is, each rule is
not deemed to be categorically true or
false but rather a qualified statement
having a certain amount of ‘strength'
associated with it. The strength vaiue
could have a probability interpretation as
in PROSPECTOR, or could be an ad hoc
'‘certainty factor' (-1 to +1, certainly
false to completely true) measure, as in
MYCIN.

Inference engine

The inference engine is made up of two
parts: (1) an interpreter which decides on
how to apply rules to infer new knowledge,
and (ii) the scheduler which decides on the
order in which the rules should be applied,
Generally, the interpreter validates the
relevant conditions of rules and performs
the tasks which the rule prescribes. The
scheduler maintains contrel of an agenda
and determines which pending action should
be executed next. There are two major ways
in which inference engines apply reasoning

strategies to arrive at plausible
conclusions:
(i) Data driven reasoning/forward

chaining: To ijllustrate this type of
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reasoning, consider the following three

ruies:
RULET: IF A THEN B

RULEZ: IF B THEN C

RULE3: IF C THEN D
when it is known that A is true at a
particular instance, The system starts
drawing inferences on this newly asserted
fact. The new fact asserted satisfies the
antecedent of RULE1, This establishes fact
B. Since the truth of B satisfies the
antecedent of RULEZ, C is established and
S0 On.

(ii) Goal directed reasoning/backward
chaining: Consider the following set of
rules in the knowledge base,

RULET: IF {A and B) THEN C

RULEZ: IF (D and E) THEN A

RULE3: IF (F and G) THEN B
The problem to solve may be to find out if
C is true. To establish C (the consequent
of RULE'), the inference engine tests if
the antecedent is true. The antecedent
involves the establishment of the truth of
A and B. Two subgoal problems are now set
up: {i) prove truth of A and (ii) prove
truth of B, Only when A and B are proven
true, C is true. But proof of A and B
themselves involve two more conjunctive
sub-gcal problems - proof of D and E, and F
and G. Therefore, the truth of the facts
D, E, F and G are checked in the knowledge
base. [f they explicitly exist in the
knowiedge base, then C 1is established,
otherwise the inference engine has two
options: (i) report that it does not have
sufficient information to establish the
truth of C, or (ii) query the user for any
information regarding the truth of D, E, F
and G. This 1is a very commen reasoning
process used in medical diagnosis, or any
system diagnosis for that matter, when it
is desired to estabTish if a patient has a
certain disease, i.e. check if the patient
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has the symptoms endemic to the disease.
MYCIN (an expert system, developed at
Stanford University, for providing
physicians with advice on diagnosing
bacterial infections) uses backward
chaining for its reasoning process. The
advantages over forward chaining are very
apparent in this instance. If the
inference mechanism had started out to
establish € by looking into the knowiedge
base trying to find an antecedent which is
true and initiating forward chaining on the
fact, it could be Ted into blind alleys and
may never realize the goal of establishing
C. In a knowledge base with hundreds af
rules, this could mean an inefficient and
unintelligent search procedure, even if C

were to be established.

This is not to imply that backward
chaining would always yield better results,
There are problems in which the current
system knowledge is used to infer more
interesting knowledge which Tleads the
system «cleser to the goal. Forward
chaining is ideally suited for such
problems. There are also situations where
even & combination of forward and backward
chaining might be necessary. The choice,

however, is critical.

Strict delineation between the knowledge
base and inference engine is a desirable
feature. If the two are intermixed, domain
knowledge gets spread out through the
inference engine and it becomes less clear
what ought to be changed to improve the
system at a later date. The result is an
inflexible system, If all the task
specific knowledge has been kept in the
knowledge base, then it is possible to
remove the current knowledge base and 'plug
in' another. The explicit division thus
offers a degree of domain independence. It
does not mean, however, that the knowledge
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base and inference engine are totally
independent. Knowledge base content 1is
strongly influenced by the control paradigm

used in the inference engine.

User inferface

The user interface is basically a language
processor which permits the end-user to
communicate with the KBS in a problem/task
jargon, usyally some restricted variant of
English. Typically, the user interface
parses and interprets user questions,
information.

commands and  volunteered

Conversely, the interface formats
information generated by KBS, including
answers to questions, explanations and
justifications for its behavior and

requests for information.6

KBS versus conventional programs

The utility of KBS and its superiority over
conventional computer programs are not
obvious. A frequently asked question is:
What is the difference between a KBS and a
normal program? Consider the IF...THEN
statements versus the IF...THEN rules. The
difference is analogous to the difference
between sequential and direct access of
information from disks {as far as program

execution is concerned). In conventional

computer programs, the IF...THEN statements
are executed in a preset sequence and the
execution is entirely control flow
dependent. In KBS, on the other hand, it
is the state of the system's current
knowledge which determines its future
course of execution. The system's current
knowledge accesses the relevant IF...THEN
rules and chooses from them the most
Therefore, in KBS, the
execution is totally knowledge dependent.

appropriate one.

A further difference emanating from the
above argument is that in a KBS the control
of execution is in the hands of the user,

172

i.e. what question will be asked next, or
what piece of information will be necessary
next is entirely dependent on what response
is given to the present question.
Moreover, explanations and justifications
can be requested of the system at any time.
These explanations and justifications are
more powerful and context dependent than
information obtained by invoking HELP menus

in conventicnal computer programs.

The knowledge base in a KBS is organized
in a way that separates the knowledge about
the problem domain from the system's other
knowledge, viz. general knowledge about how
to solve problems in the domain - the
inference engine. This aspect highlights
one more important difference between KBS
and conventional computer programs, viz.
additional knowledge in the form of
IF,..THEN rules can be added to the
knowledge base of a KBS without any adverse
side effects in  terms of  system
functioning., Adding an additional piece of
code to a conventional computer program

might prompt a major restructuring of the
program,

Developments of knowledge based systems
in widely different fields have shown that
the same inference engine can be used in
different application areas (e.g. EMYCIN).
The popularity of the rule based knowledge
representation approach has also
contributed to the development of 'canned’
reasoning strategies. Therefore, a gradual
shift towards a formalized means of
developing these inference engines has
evolved. These engines
interfaced with other peripheral components
are being marketed under the name of
texpert system shells'., The inferencing
scheme in these shells is built by assuming
a certain knowledge representation scheme,
Therefore, one can conclude that some of

inference

MINING: EXPERT SYSTEMS IN MINING



the aspects of KBS development are being
algorithmized. However, development of the
domain dependent knowledge base remains the
key activity invelving the most time and
effort.

KBS for engineering design

Hitherto the dominant application area of
KBS has been in diagnostic fields, i.e.
weighing and classifying complex patterns
of evidence to evaluate a situation that is
either abnormal (as in diseases and fauTlts)
or developable in new ways (as in mineral
prospecting). But diagnosis is just one of
the tasks that requires expertise. There
are other tasks which are equally demanding
of expertise.? These include:

(i) INTERPRETATION: analysis of data
to determine its meaning and
implications. Diagnosis can be
considered as a major component of
interpretation., But use of the
term diagnosis has been reserved
exclusively for evaluating
maladies/abnormalities from
available symptomatic data.

(i) PLANNING: creating programs of
action to achieve goals,

(111) DESIGN: constructing or creating a
system or object that satisfies
certain stipulated requirements,

(iv) PREDICTION: forecasting the future
from a model of the present or past
(or both); forecasting the values
at locations where there is no data
from data at known locations.

In engineering disciplines, the role of
design is important. The view of design
here is different from that stated above.
In an engineering design problem, there are
strong underpinnings of both planning and
interpretation, Diagnosis also plays an
important part in the design process but it
is not the objective per se. The overall
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design process can be viewed as consisting
of the following three major components:
(i) ANALYSIS COMPONENT: this incTudes

the planning and interpretation
tasks and invoives the idealization
of the given problem situation to
make it amenable to engineering
analysis.

(i) SOLUTION COMPONENT: this involves
the use of major algorithmic
programs to operate on the
idealized model and provide
results.

{iii1) INTERPRETATION COMPONENT: this
involves diagnosis and
interpretation of the model results
to check the validity of the
idealized model and hypothesize
refinements (if needed) before
going back to the analysis step for
another iteration, if necessary,

The solution component is a structured
problem and its computerization and
automation in mining engineering have
reached a high level of maturity.
Excellent computer programs are available
for the solution of, for example, finite
element models of mine structures, network
models of mine ventilation systems and
influence function models for subsidence
prediction. The complexity of these
programs has grown to such an extent that,
user's manuals notwithstanding, it takes
months to use the program options. Even if
one learns how to run the program, the user
is ill-prepared for the tasks of analyzing
a physical problem in terms of the model
and interpreting the model output in terms
of the overall design objectives and
constraints, This is because the analysis
and interpretation components are not
structured and require experience and
expertise. At the same time, there are
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recognized 'experts' (albeit few in number)
who perform the analysis and interpratation
tasks with velative ease and with great

competence,
Advances  in

software have been incorporated in recent
computer application packages to alleviate
some of these problems. Programs have been

computer  hardware  and

made interactive and user-friendly.
Interfaces with graphics devices have been
established to aid interpretation of data
and results. These approaches, however,
have not addressed the real problem. The
'experts' perform better than
Targely because of their greater knowledge
acquired through exposure to different

kinds of probiem scenarios and experience

others

gained therefrom.
transfer the accumulated analysis and
interpretation expertise of experienced
people to other, Tess experienced users.
For example, geostatistical techniques
have been used for years in ore reserve
estimation. Much of the methodology has
been formalized and programmed in the last
two decades. The first step 1in any
geostatistical study is the determination
of the form of the spatial variability
function (the variogram). The choice of
the form of this function is highly
judgemental and depends heavily on the
knowledge of the geology of the area.
Simifarly, the interpretation of the
results from a geostatistical investigation
is also dependent on experience gained with
the applications of this and other
techniques in specific deposits. Without
this expert analysis and interpretation,
the geostatistical exercise may not provide
valid information to decision makers. The
tapping of this expertise and its
incorporation in the knowledge base are
To achieve this goal, the KBS

approach seems viable,

The requirement 1is to

crucial,
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Incorperation of expertise in programs
via KBS 1is not new. As mentioned earlier,
there has been great success 1in such
efforts in  fieids such as medical
diagnosis, But a significant Timitation of
such KBS 1is that they tend to be based
solely on rules of experience gleaned from
'experts'. Since the solution component is
a major stage in engineering design, in
addition to experiential knowledge, the
capability to model the behavior of the
system under consideration is  also
necessary., This kind of system would take
advantage of the synergistic efficiency
afforded by using expert rules of
experience and algorithmic programs (to
provide information needed by a ruie, e.g.
pressure drop in a particular branch of a
ventilation network). The integration of
algorithmic programs with expert systems
for analysis and interpretation would,
therefore, represent a major step in
enhancing design capability. A generic

knowledge  based system  anatomy is
illustrated in Figure 3,

A mining knowledge based system must have
as a minimum the following features which
also permit fidentification of programs

which are not legitimate KBS.

(1) A knowledge representation
formalism and a knowledge base.
The knowledge should not be mere

——————+{INPUT INTERFACE |

KNOWLEDGE ALGORITHMIC
USER BASE DESIGN
INTER 3 AND
FACE ANALYSIS
INFERENCE PROGRAMS
ENGINE

v
]—_IOUTPUT INTERFACE |

FIGURE 3. Anatomy of a knowledge based system for engin-
eering design
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numeric data but must include
symbolic data as well.

(i1) An inference engine which
manipulates the knowledge to arrive
at conclusions. The inference
should not be an algorithm. If the
problem has an algorithmic solution
it is not necessary to build a KBS
for it.

(i11) An explanation facility capable of
providing explanations (in terms of
the system knowledge) as to how the
system arrived at a certain
conclusion or result and
justifications as to 'why' a
certain piece of information is
being requested.

(iv) A user interface that facilitates
communication between the user and
the KBS in a subset of English.

(v} Input and output interfaces between
design and analysis programs and
the KBS.

Mine ventilation system design
Although the importance of mine ventilation
has been recognized from the earliest days
of mineral extraction, ventilation planning
is, even today, more commenly considered an
art rather than a science.

Ventilation system  design is an
engineering design problem whose solution
requires the steps of perception,
modeling, interpretation,

During the analysis

idealization,
feedback and control.8
phase, since ventilation system design is a
part of  the overall mine  design,
consideration must be given to the
interrelationships which exist between the
mine infrastructure and mine ventilation
system. The adequacy of the input data and
their reliabilities are also of paramount
importance. In the interpretation phase,

an objective analysis of the output is

necessary, This step may identify weak
areas in the definition of the problem in
which case redefinition of the problem may
be 1in order. The solution may have

undesirable elements or maybe infeasible to
implement, leading to questions on the
design or the data. Also, the solutions,
when properly analyzed and interpreted, can
lead to a better definition of the problem,
or superior alternatives to the problem.
The design process can be visualized as an
iterative process Teading to improved
perception, idealization, definition and
solution of the problem,

The application of digital computers to
solve the quantity  problem
associated with mine ventilation systems
began to make an impact only two decades

age. It is important to stress that the

pressure

solution of the pressure quantity problem
is only one step 1in the total planning
process outlined before. There are
important analysis steps prior to this
'solution’ stage and even more important
interpretation steps after the ‘solution’
stage. Considerable experience and
expertise are needed 1in mine ventilation
systems and mining engineering to arrive at
good ventilation designs. Many benefits of
computer-aided analysis are not realized in
practice as this expertise is not readily
available. Therefore, integration of KBS
reasoning with mathematical models seems
desirable. The essential elements of such
a system are shown in Figure 4,

There are three major elements in the
integrated system: (i) the KBS and its
input-output interfaces to the design and
analysis programs (DAP); (ii) the design
and analysis programs, consisting of a
ventilation data base and ventilation
programs, and (iii) the actual mine system
which s operated on by natural (mine

location, seam characteristics, methane,
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FIGURE 4. A logic flow diagram of a knowledge based system for planning mine ventilation systems

cultural

fan

factors
operation,

(equipment

etc.)

resulting in dust, gas, heat and humidity,
etc. and from which data can be collected

on & real time basis.
the prime mover of the whole system.

The KBS element is

In the analysis step, decisions have to
some of the following

be made regarding

factors:

(1) What is the problem to be
addressed? Is it dust generation?

Is it lack of requisite air

Is it the excessive

Is it a

quantities?
Tiberation of methane?
combination of the above?
Interrelationships of the problem
with other mine design aspects,
e.g. ground control, mining method

(i1)
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(iff)

(iv)

and extraction, hydrology,
regulations, etc., have to be
identified.

Since an engineering problem is
rarely amenable to engineering
analysis as is, the problem has to
be idealized with simplifying
assumptions. A major decision has
to be made regarding the relevant
assumptions to make so as not to
sacrifice the purpose of the
analysis. An appropriate model
will have to be hypothesized,

An appropriate design and analysis
program will have to be selected
commensurate with the availability
and quality of the input data and

desired accuracy of results. The
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data necessary for the model have
to be developed.

Following the analysis step, the selected
DAP is executed and after this solution
stage, interpretation of the output
follows. In the interpretation stage the
model results have to be interpreted and
any discrepancies diagnosed in terms of the
overall design objectives. Among  the
questions arising at this stage are the
following:

(i) Are the model results realistic?
Is the hypothesized model a valid
idealization of the problem
situation?

(ii) What do the flow directions, air
quantity, dust and methane
concentration values mean and
imply? What are the fan operating
conditions? Are they realistic?

(iii) How sensitive is the solution? Are

the conditions critical in any
branch of the network? If so, what
could be the possible reasons?

(iv) What are the refinements which can
be made to the current analysis?
What other model alternatives can
we choose from?

{v) Which one of the available options
should be chosen?

Most of the knowledge involved in answering
these questions and making these decisions
is experience dependent. This knowledge
can be acquired from public domain sources
and from experienced mine ventilation
practitioners, and incorperated in the KBS
for ventilation systems. An integration of
KBS and traditional algorithmic programs
yields a superior decision support system
for mine ventilation system design.
Development of such a system is possible
with  the

techno]ogy.5

current  state of  system

APPLICATIONS OF KNOWLEDGE BASED SYSTEMS IN MINING ENGINEERING

Mine strata control design

Mine strata control design 1is another
important area where an integrated approach
seems to hold promise. An outline of a
typical strata control design approach is
shown in Figure 5. As can be seen, the
overall design philesophy is stili the
same, i.e, it Tits the standard 'analysis
-- solution -- interpretation' mold.

The cbjective in a strata control design
program is usually the selection of the
Jocation and subsequent design
(construction) of access and service
openings and structures. To achieve this
objective, three types of informatien are
essential: (i) knowledge of the material
properties of the different rock strata in
the area -~- these include the compressive,
tensile and shear strengths, ROD, RMR,
etc., (i1} knowledge of the in-situ stress
regime in the area, and (iii) knowledge of
the Tocation and frequency of major
geological features 1like folds, faults,
etc. in the area. Most of this data is
collected during the exploration stage from
cored boreholes and geophysical

measurements,

The above information 1is often not
adequate to characterize the behavior of
the various rock strata completely. An
appropriate material behavior has to be
hypothesized. Moreover, once some form of
materiai behavior is assumed, an
appropriate analysis tool has to be
selected. These two aspects form the core
of the ANALYSIS stage in strata control
design. In this stage questions such as
the following must be answered: (i) Should
the design be based on empirical formulae
or should a more rigorous analysis {such as
Finite Element Method - FEM) be adopted?
(i1) How should the material behavior be
characterized? What failure criterion is

most appropriate? What are the loading and
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PREMINING INVESTIGATIONS

*GEQOTECHNICAL: Mechanical propertles of
rock, joint properties, permeabilly, creep and

dynamic rasponse, In-sltu stresses, molsture,

stratigraphic seguence efe.

¥

*GECLOGICAL: Folds, faults, washouts, rolls.

MATERIAL IN-S|TU LOGI
PROPERTIES STRESSES DATA
Compressive, tenslle, shear : : Gaological maps showi
strengths, RQD, RMR of coal, lé[?rszontal and Vertical Iocatic?n of ma]%r geomgni%a]
roof and floor strata FERED faatures

SELECTION OF APPROPRIATE

MATERIAL. BEHAVIOR

CHARACTERISTICS =

Linear elastlc, elastoplastic
viscoalastic

SELECTION OF APPRCPRIATE
ANALYSIS TOOL

Empirical, Finite Element Method,
Boundary Element Method

Feedback

mor—t nw—wm<re==Zrr

ALGORITHMIC COMPUTATION
STAGE

Calculation of stresses, stralns, piilar,
entry slzes and associated safety factors

Additional Data, Analysis and Interpretation

SIG VALUATION STAGE

Evaluation of design with respect to other
constraints - ventilation, subsidence, etc. and
satisfactorinsss

changes? i -

No

Feedback

DESIGN RECOMMENDATIONS

Enumeration of dlfferent plausible alternatives,
guldeiines to implamentation

MmMoEr—=e Zog—=—r-mIoam~z-—

IMPLEMENTATION
* Installation
* Monitoring
* Maintshanca

FIGURE 5. An outline of the design approach for strata comntrol in mines
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What will be the
granularity of the analysis? {iii) From the

boundary conditions?

guantity and quality of the input data
available, which design and analysis
program would be most suitable? Most of
the reasoning in this stage is
nonalgorithmic and requires considerable
experience and expertise.

The solution stage, as shown in Figure 5,
can be purely algorithmic, the input to
which is generated in the analysis stage.
Here use is made of algorithmic design and
analysis programs such as a finite element
analysis program for an idealized coal
pillar model, The number of programs
available to the user at this stage is
numerous, In the mining domain, for
example, one could use ADINA/BM or BMINES
etc. These programs generate reams of
output, usually the stresses and strain in
each element of the model.

The  interpretation of the output
generated by the solution stage again
requires considerable expertise. What do
the stress and strain values 1in the
different elements imply? 1Is there local
failure in a certain portion of the mine?
If so, what can be said of overall
stability and the type of analysis
procedure chosen in the analysis stage?
Was it adequate? Was it representative?
Is the design satisfactory with respect to
the design in other areas such as the
ventilation system? If there 1is some
experimental data available, how does the
model output compare with the real world
scenario? Are the discrepancies due to
poor material behavior idealization? If so
what changes should be tried out? In this
Jjudgemental
necessary to identify the overall adequate
design.

stage too, knowledge  is
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Other application areas
In addition to the +two applications
discussed above, there are several other
areas 1in mining engineering which can
benefit from the KBS approach. The
potential for the development of a KBS for
already

geostatistical studies was

mentioned. KBS use 1in the analysis of
investment and risk also falls in the same
category. Other major design elements in
mining engineering such as electrical,
drainage and haulage systems, and surface
mining reclamation schemes can also benefit
from KBS applications., There also are
promising applications 1in the area of
diagnosis, viz. troubleshooting and
machines and
eguipment via goal directed KBS.

Development of these systems will also be

maintenance of mining

of value in computer assisted training and
instruction,

Conclusion
This paper has highlighted the importance
of incorparating
Jjudgemental knowledge in engineering design
problems. This issue, as it relates to
mine ventilation and mine strata control
systems, has been outlined. It s
imperative that efforts be made to
formalize this 'artistic' information via
knowledge engineering so that it is widely
available, Nonavailability or difficulty

experiential and

in accessibility of expert opinion and
input has severely throttled design efforts
in the past. In light of this paucity, the
advantages of mathematical models far
design have not been fully realized. The
benefits
approach are:

(i) Permanent availability of timely,
high quality and diverse expertise
for analysis and interpretation.

(i) Assistance in characterization of

accruing from the  proposed

17%



the problem situation and proper
consideration of relevant (and
critical) factors.

(1i1) Avoidance of misinterpretation of
program outputs and assistance in
faster convergence of the iterative
design process towards the goal.

(iv) Ability to solve problems where
incomplete or uncertain data only
are available.

(v) Enhanced training of new engineers
and analysts,

(vi) Increased productivity and better
designs,

It s
suitability of the problem for solution
through a KBS approach.
has been the recasting of algorithmically

important fto evaluate the

A common pitfall

solvable problems in the KBS mold., 1In
looking for appropriate problems for KBS
development 1instead of seeking problems
which require expertise to solve, a common
error has been to Took for experts whose
A better
approach is te look for engineering design

problems which are demanding of knowledge

knowledge can be captured.

and expertise. Moreover, in any problem
being considered, it is essential to filter
out the algorithmic portions and attempt to
use the KBS approach for the Jjudgemental
only. KBS

technology is successful only when applied

and experiential portions

in narrow, specialized domains, Extending
the problem domain to such areas as overall
mine design will dinvolve large commitment
of funds and efforts without any guarantee
of success.
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