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COMBINED EXPERT SYSTEM/NEURAL
NETWORKS METHOD FOR PROCESS FAULT
DIAGNOSIS

CONTRACTUAL ORIGIN OF THE INVENTION

United States Government has rights in this invention
pursuant to Contract No. W-31-109-ENG-38 between
the U.S. Department of Energy and The University of
Chicago representing Argonne National Laboratory.

CROSS-REFERENCE TO RELATED
APPLICATION

This application is a continuation-in-part application
of co-pending application Ser. No. 885,132, filed May
18, 1992, now U.S. Pat. No. 5,265,035.

FIELD OF THE INVENTION

This invention relates generally to the analysis and
diagnosis of an operating system and is particularly
directed to a method for detecting and identifying
faulty components in an operating system such as a
nuclear power plant.

BACKGROUND OF THE INVENTION

Knowledge representation for process diagnosis ex-
pert systems has evolved from simple rule-based sys-
tems, known as shallow knowledge, to more complex
model-based systems, or deep knowledge. Shallow
knowledge represents the domain information through
a set of “if . . . then” rules. These rules are generally
acquired from a domain expert based on experience and
judgmental knowledge with no functional representa-
tion of the underlying phenomena. The weakness of
rule-based systems is one of verification and validation.
Procedures cannot be developed to test heuristically
generated rules for correctness and completeness. Even
if the diagnostic rules are generated in a systematic
fashion, diagnostic event-based rules cannot guarantee
functional completeness. It is simply not possible to
anticipate and formulate rules to cover every conceiv-
able system situation. Deep knowledge represents the
domain information through mathematical models of
the process under consideration. This model-based sys-
tem in the form of quantitative and qualitative simula-
tion algorithms describes the underlying phenomena of
the physical system.

To alleviate the limitations of rule-based systems,
attempts have been made to combine both shallow and
deep knowledge as the knowledge structure of a pro-
cess diagnostic expert system. One approach is to use
shallow rules to hypothesize about the possible failures
first, then follow with deep knowledge reasoning to test
each one of the hypotheses. The success of this ap-
proach is highly dependent on the ability of the shallow
rules, which cannot in general be verified and validated,
to hypothesize correct faulty candidates.

The present invention addresses and overcomes the
aforementioned limitations of the prior art by providing
a method of diagnosing failures in the operation of a
process by identifying faulty component candidates of
process malfunctions through basic physical principles
of conservation, functional classification of compo-
nents, component characteristics and information from
the process schematics. Except for the information from
the process schematics, the method is completely gen-
eral and independent of the process under consider-
ation. In contrast to the prior art heuristic construction
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of a rigid knowledge base that uses an event-oriented
approach for process diagnosis, the present invention
employs the systematic construction of a hierarchical
structure knowledge base with two levels, where the
first level is function-based and the second level is com-
ponent characteristic-based.

OBJECTS AND SUMMARY OF THE
INVENTION

Accordingly, it is an object of the present invention
to provide a method for diagnosing failures in the oper-
ation of a process carried out by a number of compo-
nents.

It is another object of the present invention to pro-
vide a method for the diagnosis of faulty components in
an operating system carrying out a process through the
macroscopic balance equations of mass, momentum and
energy with the equation of state in thermal hydraulic
control volumes associated with each process compo-
nent.

Yet another object of the present invention is to pro-
vide for process diagnosis through the generation of a
database for the functional classification of each compo-
nent type as a source or sink of mass, momentum and
energy and also through the information of the physical
location of the various components carrying out the
process as another independent database.

A further object of the present invention is to provide
for the verification and validation of the rules for diag-
nosing a process in terms of the various components
carrying out the process which is not dependent upon a
multiplicity of rules where the accuracy and complete-
ness are generally uncertain.

A still further object of the present invention is to
provide a diagnostic method particularly adapted for
use with nuclear power plants, but which may also be
applied to virtually any other type of thermal-hydraulic
process carried out by a plurality of components.

Another object of the present invention is to provide
a diagnosis method for an operating thermal-hydraulic
system comprised of various components which pro-
vides an analysis based on basic physical principles that
reduces the number of possible rules to a small and
verifiable knowledge base and which does not rely on
an extensive set of an unverifiable set of rules.

It is yet another object of the present invention to
provide for the analysis of the operation of a thermal-
hydraulic system by identifying a component malfunc-
tion with respect to imbalances in the conservation of
mass, momentum and energy and which relates unusual
changes in these factors with appropriate component
functionality.

Another object of the present invention is to provide
a computer-based diagnostic method using artificial
intelligence techniques for on-line analysis and decision-
making support for a.process plant operator during both
normal and emergency plant operating conditions.

Yet another object of the present invention is to pro-
vide a diagnostic method for an operating system which
combines physical principles with artificial neural net-
works to construct a hybrid two-level hierarchical
knowledge structure for system diagnostics.

It is yet another object of the present invention to
provide a method for the diagnosis of faulty compo-
nents which is based on component characteristics and
does not require a preconceived set of component mal-
functions.
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A further object of the present invention is to provide
a diagnostic method for an operating thermal-hydraulic
system by identifying malfunctions of generic compo-
nent classes through use of generic component charac-
teristics.

Yet another object of the present invention is to pro-
vide a method for the diagnosis of faulty components in
an operating system by identifying specific component
malfunctions through use of specific component charac-
teristics.

A still further object of the present invention is to
provide a method for the diagnosis of faulty compo-
nents which is based on the use of neural networks to
identify generic and specific component thermal hy-
draulic characteristics.

Still another object of the present invention is to use
artificial intelligence techniques to diagnose component
malfunctions in a realistic environment, which diagnosis
is capable of being verified and validated, is flexible
enough to diagnose an unforseen event, and is capable
of handling data noise and limited instrumentation.

A further object of the present invention is to provide
a diagnostic method for complementing the accident
management strategy of large-scale processes by per-
forming diagnoses at both the plant and component
level and providing the process operator with the com-
ponent which most likely caused the observed process
disturbance.

A still further object of the present invention is to
provide a method for diagnosing abnormal conditions in
an operating system which may be applied to various
processes in the chemical industry as well as to electri-
cal power generating stations (both nuclear and fossil)
which increases operating system safety and reduces
operating costs.

The present invention contemplates a diagnostic
method which employs a hierarchical structure knowl-
edge base with two levels in which the decision making
procedure is in the order of decreasing intelligence with
increasing precision. The first level is function-based,
where the diagnostic method is general and has knowl-
edge of the overall process including a wide variety of
plant transients and the functional behavior of the pro-
cess components. At the second level, which is compo-
nent characteristic-based, the diagnostic method limits
its scope to component malfunctions, but with more
detailed knowledge of component characteristics. Once
an anomaly in the process behavior has been detected,
the hierarchical hybrid structure is used to successively
narrow the diagnostic focus of the inventive method
until the fault can be determined. At the first level,
physical principles are used in an expert system (ES) to
narrow the diagnostic focus to a particular set of possi-
ble faulty components. At the second level, trained
Artificial Neural Networks (ANNs) representing com-
ponent characteristics are used to further narrow the
diagnosis and identify the faulty component by classify-
ing the abnormal process data as a failure of one of the
hypothesized faulty components.

BRIEF DESCRIPTION OF THE DRAWINGS

The appended claims set forth those novel features
which characterize the invention. However, the inven-
tion itself, as well as further objects and advantages
thereof, will best be understood by reference to the
following detailed description of a preferred embodi-
ment taken in conjunction with the accompanying
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drawings, where like reference characters identify like
elements throughout the various figures, in which:

FIG. 1is a simplified schematic diagram of a balance
of plant (BOP) for a liquid metal nuclear reactor (LMR)
plant which is typical of an operating system with
which the diagnostics method of the present invention
is intended for use;

FIG. 2 is a simplified graph structure illustrating a
plurality of interconnected nodes, where each node
corresponds to a respective component or component
part surrounded by the dashed lines in FIG. 1, while the
physical connections between components, i.e., the
pipings, are represented by the directed edges or arcs of
the graph structure in the figure;

FIG. 3 is a simplified flowchart of a fault detection
and diagnosis method illustrating the first level of the
two-level hierarchical structure of the present inven-
tion;

FIG. 4 is a graphic representation of the variation in
pressure just upstream of a pump and downstream in the
tube side of heater #1 in FIG. 1;

FIG. 5 is a graphic representation of the variation in
flow in the piping connecting the deaerator to the pump
and in the piping connecting the tube sides of heaters #1
and #2 in FIG. 1;

FIG. 6 is a simplified flow chart illustrating the over-
all hierarchical two-level structure of the present inven-
tion. The first level represented by an expert system
performs plant-level diagnosis, while the second level
represented by neural networks performs component-
level diagnosis. The first-principles knowledge base of
the expert system is comprised of three databases in
accordance with the present invention, where the three-
database structure includes Physical Rules (PRD),
Component Classification Dictionary (CCD) and Pro-
cess Schematics (PID). The neural networks at the
second level of the present invention are trained to
discriminate between patterns of different component
types with the same function as well as to discriminate
between patterns of different specific components of the
same type;

FIG. 7 is an expansion of FIG. 6 illustrating addi-
tional details of the diagnostic strategy carried out in
the combined expert system/neural networks method
for process fault diagnosis of the present invention;

FIG. 8 is a graphical representation of the variation
of change in pressure with speed for generic pump and
valve components in a thermal-hydraulics system; and

FIG. 9is a simplified schematic diagram showing two
pressure operated relief valves (PORVs) connected to a
main flow pipe through surge lines used for explaining
the implementation of the inventive method in a ther-
mal-hydraulics system.

DETAILED DESCRIPTION OF THE
PREFERRED EMBODIMENT

The inventive diagnostic methodology described
herein utilizes basic physical principles, knowledge of
component characteristics and process-based knowl-
edge. Basic physical principles are used both for analy-
sis of macroscopic mass, energy and momentum bal-
ances in thermal-hydraulic control volumes and for the
physical functional classification of the process compo-
nents. Knowledge of component characteristics is used
first to discriminate between generic component types
and then between specific components of the same ge-
neric type. Process-based knowledge is used to repre-
sent the structural arrangement of the various compo-
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nents and systems of the process and corresponding
connectivity relations. Described herein is the frame-
work for the utilization of component characteristics
and for the development of the balance equations, the
functional classification of components and the process
structural information that form a first-principles
knowledge base.

DIAGNOSTIC TECHNIQUE

In contrast to the non-systematic, heuristic construc-
tion of a rigid knowledge base that uses an event-ori-
ented approach for process diagnosis, the present inven-
tion employs a different approach that involves the
systematic construction of a function- and component
characteristics-oriented hierarchical structure knowl-
edge base. A two-level hierarchical approach corre-
sponding to function- and component characteristic-ori-
ented diagnosis, respectively, is proposed that struc-
tures the decision-making procedure in order of de-
creasing intelligence with increasing precision. At the
first level, the diagnostic system is general and has
knowledge of the overall process including a wide vari-
ety of plant transients and the functional behavior of the
process components. At the second level, the diagnostic
system limits its scope to component malfunctions, but
with more detailed knowledge of component character-
istics.

Once an anomaly in the process behavior has been
detected, the hierarchical structure is used to succes-
sively narrow the diagnostic focus of the system from a
function misbehavior (i.e., a function-oriented ap-
proach) until the fault can be determined (i.e., a compo-
nent characteristic-oriented approach). At the first
level, a first principles-based Expert System is used to
narrow the diagnostic focus to a particular set of possi-
ble faulty components that could be responsible for the
detected functional misbehavior of the system. At the
second level, trained Artificial Neural Networks are
used to further narrow the diagnosis and to identify the
faulty component by classifying the abnormal process
data as a failure of one of the hypothesized components
through component characteristics.

The diagnostic technique is best summarized in
FIGS. 6 and 7. The thermal-hydraulics (T-H) physics
knowledge is composed of balance equations (mass,
momentum, and energy) applied to specific control
volumes, the equations of state (EOS), and the compo-
nent characteristics. Based on a physics-grounded ap-
proach, the diagnosis is split into the two stages shown
in FIGS. 6 and 7. The first stage is to use signals
throughout different parts of the plant and correlate
them to develop a list of potential faulty component
candidates through usage of the T-H physics knowl-
edge which couple the different components together
to form a system-wide response. This T-H physics
knowledge for the system-wide response is composed of
the balance equations (mass, momentum, and energy)
applied to specific control volumes and the equation of
state (EOS). The next stage in the diagnosis hierarchy is
the component-level diagnosis where the component-
level characteristics are used to determine the specific
faulty component from the list of the faulty component
candidates selected by the plant-level diagnosis. Com-
ponent characteristics used by this stage are characteris-
tics such as valve characteristics and pump characteris-
tics. In summary, the overall strategy is a two-stage
diagnosis process with the physics of T-H (balance
equations, EOS, component characteristics) being split
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up between the two stages. In terms of Artificial Intelli-
gence (AI) implementation/programming, the present
invention employs a hybrid approach. The first stage is
implemented through an ES and the second stage is
implemented through ANNSs.

FIG. 6 shows that the first-principle knowledge base
for the plant-level diagnosis ES (stage 1) is broken
down into a three-database structure; Physical Rules
(PRD), Component Classification Dictionary (CCD),
and Process Schematics (PID). In this way, all the sys-
tem-specific connectivity information are assigned to
the PID. The PRD and the CCD are T-H system inde-
pendent and thereby generic. The PRD represent the
physical rules based on the T-H physics knowledge at
the plant-level. The CCD classifies a generic list of
components (pumps, valves , . . .) by function as mass
source/sink, momentum source/sink, and energy sour-
ce/sink. The structure of the component-level diagnosis
using ANNSs (stage 2) is also further broken down into
two parts; discriminatory knowledge regarding generic
component characteristics (e.g., pumps vs. valves) and
discriminatory knowledge regarding specific compo-
nent characteristics (e.g., valve a vs. valve b). The con-
nections between the different elements of these struc-
tures is explained in FIG. 7.

FIG. 7 is an expansion of FIG. 6 and clarifies the
diagnostic technique. The diagnostic strategy is shown
by the tree at the left-hand side of the figure. The T-H
physics knowledge base formulae used at each level of
the diagnostic methodology is shown next in FIG. 7.
The methodology is presented as the tree in FIG. 7. The
Al implementation of these formula either as If-Then
rules or multi-layer ANNs with the corresponding
boundaries are shown. Going through FIG. 7, it can be
seen that the purpose of the Tree level 1 diagnosis is to
classify the malfunction by function as a mass source/-
sink, or a momentum source/sink, or an energy source/-
sink imbalance. Basically, the quasi-steady T-H balance
equations of state (EOS) are used and are cast in the
form of If-Then rules in the ES. Tree level 2 diagnosis
will separate out between generic function classes of
components; pumps vs. valves, etc. ANNs are used at
this stage. The ANNs which are used at this stage of the
diagnosis will be termed generic component classifiers.
The generic component classifier differentiates between
generic component possibilities within the same Q
(source/sink) function class viz (Qmass, Qmomentums Qen-
ergy). It is evident that there are many types of valves.
FIG. 7 shows that pneumatic operated relief valves
(PORVs) have been classified under mass source/sink
as these valves are initially closed. Distinction could
also be made at the next level, Tree level 3, between
globe valves and gate valves. The existence of a certain
level in the diagnosis technique can only be justified if
differentiation can be made between component charac-
teristics at this diagnostic level. The Tree level 4 diag-
nosis is intended to- decide which specific PORV has
malfunctioned. However, ANNs could combine the
Tree level 3 and Tree level 4 diagnoses into a single-
level diagnosis. The ANNs which are used at this stage
of the diagnosis are termed specific component classifi-
ers. The specific component classifier selects the spe-
cific malfunctioning component from the generic com-
ponent set.

The Macroscopic Balance Method

In this method, the analysis of macroscopic mass,
energy and momentum imbalances in thermal-hydraulic
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control volumes is characterized by the effect of the
variations of thermal-hydraulic and thermodynamic
macroscopic properties in the equations of state. The
equations of state, which describe the relations among
macroscopic properties, can be used to relate the varia-
tions of properties such as fluid velocity v, pressure P
and temperature T to the total mass M, energy U and
momentum M inventories for a given control volume V

M=B(P,T)V, 1

U=MhPD)-PV, @

M=Mv, @
where B(P,T) is the fluid density and h(P,T) is the fluid
specific enthalpy. Imbalances in the mass, energy and
momentum inventories are characterized by analyzing
the changes in fluid velocity, pressure and temperature
in Egs. (1) through (3). The process of evaluating these
imbalances is divided into three categories: (A) Single-
phase mass and energy balances, (B) Two-phase mass
and energy balances, and (C) Momentum balance.

A. Single-Phase Treatment of Mass and Energy
Balances

For control volumes containing single-phase fluid,
pressure and temperature are two independent thermo-
dynamic properties which are readily available and can
be used to specify the state of a substance in both sub-
cooled liquid and superheated steam conditions.
Changes in pressure P and/or temperature T of a single-
phase fluid would cause changes in the fluid density
BP,T) and specify enthalpy h(P,T), which in turn
would cause variations in mass M and energy U inven-
tories of Egs. (1) and (2), respectively. Analysis of the
variations of M and U as a function of changes in P and
T can be obtained through the analysis of the differen-
tials dM and dU of Egs. (1) and (2), for a fixed volume
v

@
= aT + P > an

®

1 dh 3k
'h_I: or 4T+ P ‘”’:I}

where the term P V in Eq. (2) has been neglected.

With the use of tables that represent the equations of
state, e.g., steam tables for water, the variations of 8 and
h as a function of P and T can be directly obtained and
used to analyze dM and dU. The analysis can be quanti-
tative or qualitative. Quantitative analysis consists of a
table lookup, where values for 8 and h are obtained
from measurements of P and T and are then compared
with the expected values of 8¢ and hp to determine dM
and dU as

dM=M(B)— M(Bo), and

dU=U(B, k)—U(Bo ho).

Quantitative analysis requires the storage of the equa-
tion-of-state tables in a program routine and is per-

10

25

35

40

45

50

55

60

65

8

formed on-line for each diagnosis operation. On the
other hand, qualitative analysis requires no storage of
tables, needs to be performed only once and can be
incorporated in the knowledge base of a diagnosis sys-
tem as a set of precompiled first-principles rules. These
rules are physically correct and are completely general
in that the rules are independent of the process under
consideration. However, qualitative analysis may gen-
erate ambiguous results due to some loss of information.
For instance, the addition of quantities of opposite sign
results in ambiguity, since relative magnitudes are not
known. Hence, 2 hybrid utilization of qualitative and
quantitative analysis of the balance equations is a feasi-
ble alternative. Quantitative analysis can be used when
qualitative reasoning results in ambiguity.

Qualitative analysis of Egs. (4) and (5) is performed in
the equivalent equations

o o ©
[dM] = | =7 |[d7] + | =5 [l4F),

I Jen [ Jen )
[+ Jom [ Jen)

through qualitative algebraic operations with the trends
of the quantities inside the bracket [.]. Given the signs or
trends (increasing, decreasing, constant) in the partial
derivatives and differentials of the right-hand-side of
the equations, analysis is performed by applying the
operations of qualitative algebra of product (.) and addi-
tion (+) among the brackets. The trends in the differen-
tials dT and dP are readily available from the variations
in T and P, respectively. The trends in the partial deriv-
atives, 6p/6T, &pdP, 8h/8T, 8h/6P, are directly ob-
tained from the equation-of-state tables and are illus-
trated in Table I for the steam tables. From this point
on, the steam tables are used as an example of the equa-
tion-of-state, but the presented methodology is general
and is not limited to water properties. All eight partial
derivatives in Table I present a monotonic behavior
with the exception of 8h/8P for subcooled liquid after
about 523 K. After 523 K 6h/8P becomes slightly nega-
tive. The monotonic behavior of the partial derivatives
is fundamental in the qualitative analysis of the balance
equations.

@)

lay]

TABLE I
Trends in the Partial Derivatives.
ap/oT ap/aP ah/aT oh/aP
Subcooled ! i 4 16
Liquid
Superheated 1 t t !
Steam

“negligible changes due to water incompressibility
buntil 523K

The operations of qualitative algebra of product and
addition of a change AX in variable X and a change AY
in variable Y are represented in Tables II and III, re-
spectively. The trends in AX and AY can yield either
increasing (1), decreasing (| ), constant (~) or inde-
terminate (?) qualitative inferences. For instance, Table
II shows that the product of an increasing trend in AX
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(1) and a decreasing trend in AY (| ) yields a decreas-
ing (| ) trend. The addition of similar trends in AX and
AY, illustrated in Table III, results in an indeterminate
(?) or ambiguous inference.

TABLE II
Qualitative Product [AX] - [AY].
AY
AX ~ 1 !
1 ~ 1 1
| ~ | 1
TABLE III
Qualitative Addition [AX] + [AY].
AY
AX ~ t 1
~ ~ Il !
1 1 1 ?
| ? !

The qualitative analysis of the mass inventory of Eq.
(6), for single-phase fluid, is illustrated in Table IV. The
rows of Table IV correspond to the nine possible com-
binations in the trends of T and P, which are repre-
sented in the first and second columns of the table. The
third and fourth columns correspond to the qualitative
behavior of the mass inventory for subcooled liquid and
superheated steam, respectively, as a function of the
trends in T and P of the associated row. The qualitative
behavior of the mass inventory for the first seven rows
of the table are uniquely obtained by applying the infor-
mation of Tables I, II and III into Eq. (6). For example,
in the case of AT 1 and AP |, represented by the sixth
row of Table IV, the decreasing (| ) behavior of the
mass inventory in both- subcooled liquid and super-
heated steam conditions is obtained by substituting the
trends of Table 1 into Eq. (6) and applying the qualita-
tive operations of Tables II and III

[dM) = [-—?‘;’—‘}—][dn + [—:f,—:|[d1=1.
=T +011- 10
[ +111
(1]

TABLE IV
Qualitative Analysis of Single-Phase Mass Inventory.

Variations Mass Inventory (AM)
Temperature Pressure Subcooled Superheated
T (AP) Liquid Steam
1 ~ ~ ~ ~
2 1 ~ | |
3 { ~ 1 1
4 ~ ) ~¢ )
5 ~ 1 ~ !
6 1 l | !
7 | 1 1 1
8 t 1 I ?
9 | | 1 ?
“Negligible changes due to water incompressibility
|AP |AT]
bFor ————— = 100 -

For the last two rows of Table IV, ambiguities in quali-
tative operations prevent a unique characterization of
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the behavior in the mass inventory for both subcooied
liquid and superheated steam conditions. For instance,
for the eighth row where AT } and AP 1 we obtain:

(aM = [%]wn + [-j-g-][m.
= L4111 +011- 1)
[1]+ 1]
(11

The quantitative addition of a decreasing first term with
an increasing second term results in the indeterminate
(?) behavior of dM. Hence, the net result depends on the
relative magnitude of the two terms. For subcooled
liquid, parametric studies show that for reasonable
changes in T and P the first term of Eq. (6) is the domi-
nant one, due to the negligible compressibility of water,
causing dM to decrease. An exception to this tendency
would occur only when the relative change in P is
about two orders of magnitude larger than the relative
change in T. For superheated steam, a general trend
cannot be obtained for the last two rows of Table IV.
The net result of Eq. (6) oscillates between the two
terms depending on the relative variations of T and P.
In this case, quantitative analysis needs to be used to
unambiguously determine the trend in dM.

A similar approach could be used to obtain the quali-
tative behavior of the energy inventory dU of Eq. (7).
The problem with this approach is that the large num-
ber of qualitative addition operations generally results
in an ambiguous inference. Instead, the analysis of the
qualitative behavior of the energy inventory is obtained
directly through parametric studies of T and P with the
steam tables. The results of the analysis are presented in
Table V, which has the same layout as that of Table IV.
The table shows that a general qualitative behavior of
the energy inventory can be obtained for almost all
possible combinations of the variations of T and P.
However, as in the analysis of the mass inventory, the
last two rows of Table V for superheated steam are also
indeterminate. In this case, as in Table IV, the ambigu-
ity can be resolved only for specific changes of T and P,
and quantitative analysis must be employed.

TABLE V

Qualitative Analysis of Single-Phase Energy Inventory.

Variations Energy Inventory (AU)
Temperature Pressure Subcooled Superheated
(AT) AP) Liquid Steam
1 ~ ~ ~ -
2 1 ~ ) {
3 l ~ ! 1
4 ~ t ~a f
3 ~ | ~2 !
6 1 { e S
7 | 1 I t
8 i 1 1 ?
9 4 ! i ?

9Negligible changes due to water incompressibility

”For% = 100—'—"\‘.;1—-
B. Two-Phase Treatment of Mass and Energy Balances

The analysis of mass and energy balances for a con-
trol volume containing two-phase fluid is restricted to
components in which the liquid f and the vapor g phases
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are separable and assumed to be at their corresponding
saturation conditions. Since under saturation conditions
pressure and temperature are not independent thermo-
dynamic properties, the trend in the measurable liquid
level L is used in addition to the saturation pressure P,
to determine the behavior of the total mass M and en-
ergy U inventories. As an extension for Egs. (1) and (2),
P and L can be related to the total M and U inventories
of a given control volume V through the equations of
state

Mf—l' Mgv (8)

PAPYVAL) + pg(P)V(L),
A{pAPL + pg(PYH — L)},

U+ U ©

= pAPYRAPIVAL) + pglPIhg(PIVLL),
A{pAPIAPIL + pg(PYhe(PYH — D)},

where the P V term in Eq. (2) has been neglected, A is
the cross-sectional area and H is the total height of the
control volume V, Bf is the saturated-liquid density, Sg
is the saturated-vapor density, hris the saturated-liquid
enthalpy and hg is the saturated-vapor enthalpy.

The qualitative analysis of M and U in Egs. (8) and
(9), or the differential counterparts dM and dU, requires
the utilization of the steam tables for extraction of the
values of Bf, Bg, hf and hg as functions of the variations
in P and L, plus the knowledge of the component total
height H. The latter requirement stipulates a geometric
dependency in the analysis of both equations and pre-
vents the precompiled construction of the physical first-
principles rules. Since our approach is intended to be
generic and independent of the process being diag-
nosed, the physical rules describing mass and energy
imbalances for two-phase fluid are generated on-line,
through table lookup, as the process experiences a mal-
function.

C. The Momentum Balance

The analysis of momentum balance in a control vol-
ume requires more information than does that of mass
and energy. In addition to the knowledge of tempera-
ture and pressure for the control volume under consid-
eration, momentum balance also requires information
about the fluid velocity. The product of the fluid veloc-
ity v and the total mass M defines momentum M, as
described in Eq. (3). Since the fluid velocity v is gener-
ally obtained through measurements of the mass flow
rate W, where W=v A, with A being the cross-sec-
tional area of the where W=v BA, with A being the
cross-sectional area of the control volume, Eq. (3) can
be rewritten in terms of W, with the use of Eq. (1).

M=L W, (10)
where L is the length of the control volume. Since L is
fixed for a given volume, the analysis of momentum
balance is directly obtained through the differential

dM=L dw. 1)
Hence, momentum is added to a control volume if the
associated measured flow rate W is increasing and it is
subtracted from a control volume if the associated mea-
sured flow rate is decreasing.
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Conservation Diagnostic Rules

For the diagnosis to proceed, the macroscopic imbal-
ances in mass, momentum and energy inventories in
thermal-hydraulic control volumes given by the macro-
scopic balance method have to be related to imbalances
in sources or sinks of mass, momentum or energy, re-
spectively. This is carried out through usage of mass,
momentum and energy conservation equations as ex-
pressed in terms of symbolic rules. These symbolic rules
are the conservation diagnostic rules of the PRD. The
procedure is illustrated here with simplified forms of the
three conservation equations. These are:

i

dt

12
=§Wi—§wa+Qmasx 2

13

0
35 (M4 = P~ P+ Orom (5Fpum) + 3 =1 (K} O/
dU + Pp)M (4
LEIOT 3w+ 2 = S WU + P/p) + Qeng
where

A=control volume flow area

i=control volume inlet

o=control volume outlet

w=mass flow rate

0P pymp=pump head

kj=flow loss coefficient

Qmass=mass source/sink

Qmom=momentum source/sink

Qeng=energy source/sink

{ }=function of
Eqgs. 12-14 are, respectively, the conservation equations
of mass, momentum and energy. For incompressible
fluids and quasistatic conditions, the three conserva-
tions equations can be further simplified. The mass
equation, Eq. (12), is used as an example. It becomes for
single inlet and outlet ports in a control volume,
(15}

Wo=Wi+ QOmass
Differentiation of Eq. (15) gives

dWo=dwi+dQmass (16)
Qualitative analysis of Eq. (16) is performed in the
equivalent equation
[dQrmassl= [dwo] —[dwi] an
through qualitative algebraic operations with the trends
of the quantities inside the bracket [.]. Given the signs or
trends (increasing, decreasing, constant) in the differen-
tials of the right-hand-side of the equation, analysis is
performed by applying the operations of qualitative
algebra of product (.) and addition (4) among the
brackets. The trends in the differentials w; and w, are
readily available from the variations in w; and w,, re-
spectively. The qualitative analysis of the mass conser-
vation equation, Eq. (15), is illustrated in Table VI. The
notation for the trends is increasing (1), decreasing
(] ), constant (~) or indeterminate (?) qualitative infer-
ences. The use of the incompressibility assumption im-
plies that the imbalance in the mass inventory given by
the macroscopic balance method is zero so one of the
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symbolic conservation diagnostic rules for the mass
conservation equation derived from Table VI is,

If mass inventory in a control volume is constant
while inlet flow is increasing and outlet flow is
decreasing, then the mass source is decreasing in
the control volume.

This is an example of how diagnosis technique relates
the mass inventory imbalances to mass source or sink
imbalances through the usage of the mass conservation
equations. Other such mass conservation diagnostic
rules can be derived from Table VI. Momentum and
energy conservation diagnostic rules relating momen-
tum or energy imbalances to changes in momentum or
energy sources or sinks can be similarly derived from
Egs. (13) and (14), respectively, using the qualitative
analysis procedure

TABLE VI
Qualitative Analysis of Mass Conservation Equation
Mass
Conservation
Variations Mass
Inlet Flow Outlet Flow Source/Sink
(Aw;) (AW,) (AQrmass)

1 ~ ~ ~
2 t ~ !
3 l ~ f
4 ~ 1 1
5 ~ i il
6 1 ! 1)
7 l 1 1
8 1 1 ?
9 1 l ?

Functional Classification of Components

The methodology for process diagnosis provided in
this invention relies on the characterization of imbal-
ances in the process components, as described in the
foregoing paragraphs, along with the functional classifi-
cation of the components. Each component type, e.g.,
pipe, pump and electric heater, is functionally classified
according to the component influence in causing an
imbalance in the conservation equations if and when the
component fails. For example, a pump should be func-
tionally classified as a source or sink of momentum
because a pump failure causes an imbalance in the mo-
mentum conservation equation. This method differs
from other approaches to functional characterization of
components in that each component type is classified
permanently and that the classification is based on phys-
ical laws, as opposed to multiple and judgmental classi-
fication based on the importance of the component in a
given context.

Table VII illustrates the functional classification of
some of the most common components present in indus-
trial processes. For instance, the last component in the
table, a valve, functions both as a sink or source of
momentum. Unexpected closure of a valve would cause
a negative balance in the momentum conservation equa-
tion, yielding a functional classification for the valve as
a momentum sink. On the other hand, an unexpected
valve opening would cause a positive imbalance in the
momentum equation, yielding classification as a mo-
mentum source. The classification presented in Table
VII represents the major influence of a component in
one of the three (mass, energy and momentum) balance
equations. Each component type can, however, be hier-
archically classified according to the component capa-
bility in disturbing each one of the three balances. A
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hierarchical component classification would increase
the comprehensiveness of the diagnosis but it would,
most likely, depend on the phase of the substance, e.g.,
liquid or vapor, being transported through the compo-
nent.

TABLE VII

Functional Classification of Components.

COMPONENT  FUNCTIONAL CLASSIFICATION
Pump Momentum Source or Sink

Pipe Momentum Source and Sink

Electric Heater Energy Source or Sink

Valve Momentum Source or Sink

Process Structural Representation

In addition to the functional behavior of the various
systems and components of a process plant, plant opera-
tors also use their understanding of the structural ar-
rangement of these components when faced with unex-
pected scenarios and being forced to diagnose the un-
folding event and make corrective control actions. The
operator’s structural understanding of the process re-
lates to graphical or schematic representations of the
plant in the form of piping and instrumentation dia-
grams (P&IDs). Since the information content of a
P&ID is essential for diagnosing process malfunctions
and it is readily available, for a given process, it has
been constantly used as part of the knowledge base of a
process diagnosis expert system. In the first generation
of expert systems, the information content of the P&IDs
was embedded in the production rules. More recently,
the P&IDs have been represented in a separate knowl-
edge base which allows for complete independence
between the diagnosis methodology and the plant pro-
cess. The following paragraphs describe the representa-
tion of schematic diagrams within the context of the
proposed diagnosis methodology.

In this work, the structural domain knowledge of
schematic diagrams of a process is represented through
directed graph structures and is compiled in a separate
knowledge base. The description of a schematic dia-
gram by a graph structure is achieved through a
straightforward nodalization process. Each component
or component part in a schematic diagram is a node of
the graph, while each connection between two compo-
nents corresponds to an edge. When the edges are di-
rected, i.e., represented by ordered pairs, the graph is a
directed graph. Furthermore, a graph structure can be
decomposed into loops, ie., sub-graphs, just as one
defines loops or circuits in a schematic diagram.

FIG. 1 illustrates the schematic diagram of a balance
of plant (BOP) for a liquid metal nuclear reactor (LMR)
plant. The nodalization of the components in FIG. 1
that fall inside the dashed lines is represented in FIG. 2.
Each component or.component part surrounded by the
dashed lines in FIG. 1 corresponds to a node in FIG. 2,
while the physical connections between components,
i.e., the pipings, are represented by the directed edges or
arcs of the graph structure in FIG. 2. The possible paths
between two components and the distinction between
heater tube and shell sides in the schematic diagram are
characterized in the graph structure as distinct loops.

The knowledge base corresponding to the directed
graph structure representation of a schematic diagram
describes three kinds of information: component spe-
cific, intra-loop and inter-loop.
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(i) Component specific information—describes the
characteristics of each component including: com-
ponent name, type, fluid phase, value and trend of
four plant parameters (temperature, pressure, lig-
uid level and flows), and behavior (source or sink
of mass, momentum and energy).

(ii) Intra-loop information—describes all possible
paths between any two components in a given
loop.

(iii) Inter-loop—describes which components of a
loop are adjacent to components of another loop
and all possible paths between any two components
of distinct loops.

This knowledge base is the only process-dependent data
of the proposed diagnosis methodology, and it can be
easily improved or modified to accommodate any
changes in the process.

DIAGNOSIS PROCEDURE

After the methods for estimating macroscopic imbal-
ances, classifying components and describing the pro-
cess schematics have been developed, diagnostic rules
and procedures can be applied to identify the possible
faulty components. In essence, the diagnostic procedure
first identifies a component malfunction with respect to
violations in the conservation equations and then relates
unusual changes in these factors with appropriate com-
ponent functionality and location. The diagnostic pro-
cedure assumes the occurrence of single faults and
availability of validated sensor measurements in the
process components. In addition, knowledge of the
correct state of the process at the onset of the malfunc-
tion is also assumed to be known.

FIG. 3 is a simplified flowchart of a fault detection
and diagnosis method illustrating the first level of the
two-level hierarchical structure of the present inven-
tion. The initiating process fault will cause one or more
of the four monitored sensor measurements (tempera-
ture, pressure, liquid level and flow) to deviate from the
expected state in one or more components. The diagno-
sis procedure for these misbehaving components in-
volves the following four steps:

1. State deviations and corresponding increasing or
decreasing trends are defined by establishing
threshold values for each one of the four sensor
measurements and comparing the expected compo-
nent state with associated measurements.

2. Based on the trends of the varying measurements
and the condition of the components (subcooled
liquid, saturated, superheated steam), the precom-
piled physical rules of Tables IV and V and/or
table lookup through the steam tables are used to
characterize mass and energy imbalances in the
components. Momentum imbalances are character-
ized through direct measurements of mass flow
rates. The increasing or decreasing imbalance di-
rections characterize the behavior of each compo-
nent as a source or sink, respectively, of mass, en-
ergy or momentum through usage of the diagnostic
rules which are based on the mass, momentum and
energy conservation equations. Rules such as these
are described in the section on conservation diag-
nostic rules.

3. A set of possible faulty component types, e.g.,
pump, pipe and electric heater, is generated by
matching the type (mass, momentum or energy)
and direction (source or sink) of estimated imbal-
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ances against a component functional database
such as the one described in Table VII.

4. Faulty component candidates are hypothesized if
the type of the misbehaving components matches
one of the component types generated by step 3.
The matching process is implemented through the
knowledge base that describes the schematic dia-
grams of the process.

The diagnosis procedure can be better understood
through an example. An unexpected reduction of the
pump motor torque of the feedwater pump in FIG. 1
would cause a slight pressure increase upstream of the
pump, a pressure decrease downstream and a decrease
of the mass flow rate both up and downstream of the
malfunctioning pump. These deviations cause the com-
ponents up and downstream of the pump, which are
transporting subcooled liquid, to behave as momentum
sinks. The functional classification of pumps and valves
as sources or sinks of momentum and the existence of
these two component types in the group of misbehaving
components flag the feedwater pump, check valve and
the control valve as possible faulty components. De-
tailed diagnosis, to distinguish between a pump and a
valve failure, can now be applied by the trained neural
networks at the second-level of the diagnostic structure.

The following description illustrates the diagnostic
procedure for the two levels of the combined expert
system/neural networks method of the present inven-
tion with specific examples of various component mal-
functions. At the first hierarchical level of the two-level
diagnostic procedure, the overall process is visualized
as a network of flow paths representing the various
components of the process described by the PID. Each
plant component is associated with a control volume
characterized by lumped thermal-hydraulic and ther-
modynamic properties such as temperature and pres-
sure, and obeys the macroscopic conservation equations
of mass, momentum, and energy. A component fault
will cause the properties of the associated and surround-
ing control volumes to vary which, in turn, will cause
imbalances in the conservation equations. Through the
characterization of the imbalances in the plant compo-
nents, faulty components can be hypothesized by relat-
ing the detected imbalances with the function of the
components. The ‘malfunctioning’ function is then
translated into a list of ‘malfunctioning’ generic compo-
nent candidates. At this level, effort is focused on the
characterization of macroscopic mass, momentum, and
energy imbalances and on the functional classification
of components. The equations of state enter the diag-
nostics in the following manner. The total mass M and
energy U inventories in a control volume V can be
related to the macroscopic properties of pressure P and
temmperature T, through the equations of state set forth
above in equations 1,2, and 3. With the use of tables that
represent the equations of state, e.g., steam tables for
water, the variations of 8 and h as a function of P and
T can be directly obtained and used to characterize
changes in M and U. Hence, by measuring pressures and
temperatures in the process components we could char-
acterize imbalances in the mass and energy inventories.

The essence of the approach is to correlate the trends
of certain thermodynamic variables from different parts
of the plant in a qualitative physics manner to diagnose
the cause of the imbalances in the conservation equa-
tions. Once the imbalances have been characterized by
mapping trends in pressure and temperature into trends
in the imbalances of the conservation equations, compo-



5,442,555

17

nent faults can be hypothesized by relating the detected
imbalances, through the use of the physical rules in the
PRD, to the function of the components. In this pro-
cess, the ‘malfunctioning’ function is translated into a
list of ‘malfunctioning’ generic component candidates.
This can be obtained through the CCD which is a li-
brary of component types (e.g., pump, valve, electric
heater) functionally classified based on the primary
function of each component type. For instance, if we
primarily classify pumps as a source or sink of momen-
tum, because a failure of an initially operating pump
primarily causes an imbalance in the momentum conser-
vation equation, we could then relate a detected imbal-
ance in the momentum conservation equation to the
failure of a pump. Since the failure of other component
types could also have caused an imbalance in the con-
servation of momentum, at this first hierarchical level
we can only generate hypotheses about the possible
failures. The list of possible failure candidates, consis-
tent with the PID data, is then passed on to the second
stage of the diagnostic hierarchy. This is the compo-
nent-level diagnostics using ANNs.

According to the overall diagnostic technique sum-
marized in FIG. 7, the role of stage 2 in the diagnosis
process is to first differentiate between potential mal-
functions of generic components with the same imbal-
ance (Q) function and then to identify the specific mal-
functioning component within the same class of generic
components. The approach for this stage is to perform
component-level analysis using ANNs. Generic and
specific component characteristics are to be identified
by the ANNs in order to achieve the differentiation.
The advantage of this approach is that unlike other
component-level pattern recognition strategies, we do
not have to formulate a matrix of event cases every time
there is a system change. However, it can be seen that
our strategy does require a component-by-component
approach and will, therefore, be component specific.
Unlike the ES which involved the generic laws of T-H
physics, not all differentiation “formulas” can be identi-
fied and implemented in advance of the specific T-H
system application. This, therefore, calls for a modular
approach with interfacing in place for additional ge-
neric and specific components introduced by different
T-H system applications. We detail here the diagnosis
for the specific malfunctioning valve or pump in terms
of differentiation “formulas” for the ANN representa-
tions. The ES should have differentiated between po-
tential malfunction candidates by Q function class
(Qmasss Qimom, Qeng)- The generic components are listed
in the CCD which should then enable the identification
of potential candidates (pump, open valve). If an operat-
ing pump has malfunctioned, we have from the ES
stage that a Qmom malfunction is involved. The generic
component classifier differentiates between generic
component possibilities within the Q,;,,, function class.
The first differentiator that we have is active compo-
nent (pumps) vs. passive component (open valves). The
momentum equation is

s

’ 2
L _a pV;i
v -7’;-,— = P| — Py + 8Ppump + pgbh + Zk,'-—z—
where

k;=valve/pipe characteristics,
v;=fluid velocity through ith component,
L =inertia length,
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A=flow area,

SPpump=pump head,

g=gravitational constant,

Sh=celevation difference.

For most transients of interest, the inertia term can be
neglected and the quasi-static equation used. Further-
more, in most cases which start at normal operating
conditions, the elevation head can also be neglected.
This means Eq. 18 can be reduced to

pv2 19
(Py — P)) = AP = 8Ppump + Zk,'-z— .

The form of this equation suggests that AP vs. w2 be
plotted since the fluid mass flow rate w is proportional
to the fluid velocity v. FIG. 8 shows the results for
generic pump and valve components. It can be seen that
valve coefficient k; changes lead to a plot during a tran-
sient which is very different from the AP vs. w2 plot
which occurs when pump speed w, changes occur. If
the normal valve and pump operation is characterized
by point A in FIG. 8, a valve failure would cause the
valve curve to trace the pump curve to point B, i.e., the
new operating point. Similarly, 2 pump failure would
cause the pump curve to trace the valve curve to point
C, ie, the new operating point, characterizing the
faulty pump. In the case of the k; coefficient changes,
the operating point traces out the pump characteristic
curve in combination with some losses (friction +4-valve
form). In the case of the w,speed changes, the operating
point traces out the loss curve (friction+ valve form)
only. It can be seen from FIG. 8 that the two resulting
AP vs. w2 plots have very different shapes. They are
concave in opposite directions and the derivative d
AP/dw¥ are opposite in sign. ANNSs are then trained to
characterize the shapes or patterns associated with the
AP vs. w2 plots which are used to differentiate between
a pump and a valve failure.

Once the generic component classifier selects a ge-
neric component, e.g., valve, it is then the function of
the specific component classifier to select the specific
malfunctioning component, e.g., valve 2, from the ge-
neric component set, e.g., valve 1, valve 2, valve 3.
Formulas/techniques are detailed here to identify the
specific malfunctioning pressure-operated relief valve
(PORYV) from a set of possible PORVs. As depicted in
FIG. 9, two PORVs, a and b, are connected to the main
flow pipe through surge lines. The function of the set of
PORVs is to open at a certain system pressure to pro-
vide the main pipe with fluid relieving capability.

This invention presents a technique for selecting a
malfunctioning PORYV from a set of candidate PORVs
based solely on the PORV characteristics. Once the
generic component classifier has decided that the mal-
function of an initially closed valve has occurred, this
formula will be used to pick the specific PORV from
two possibilities in FIG. 9. We once again use the quasi-
static nomentum equation (19) for FIG. 9, where no
pump is present,

2 @)
AP = Zkip -5

ANNSs are trained to represent the PORV character-
istics f5(P) and f5(P) for the two PORVS5 as a function of
the pressure P. Upon opening of a PORYV, the flow W
through the open unknown PORY is given by
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w={(PA;, 21)
where P; is the pressure at the PORV. To determine
which PORV has inadvertently opened, i.e., failed, we
compare the valve flow versus pressure response with
fa(P), which assumes failure of PORV a, and fy(P),
which assumes failure of PORV b. An ANN is used
here as the equality is not a point equality, but a function
of pressure. In other words, a comparison of shapes is
once again performed here. An ANN topology has been
developed to apply this formula. With the limitations in
instrumentation indicated in FIG. 9, only the pressure
P; and the flows w; and w; are known. Assuming that
PORYV *“b” is the malfunctioning PORV, Eq. (15) can
be used to relate

Pp=Py—Lbwi2, 22)
where L is the loss coefficient determined by the loca-
tion of PORYV ““’. By mass conservation,

W= W] —Ww2. @3
Alternatively, if system inventory is available, through
level measurements for example, Eq. (9) can be replaced
with

(24

We now plot the valve flow w; obtained through Egs.
(23) or (24) to Eq. (21) with Py=Pyand P;=P, defined
in Eq. (22). Thus, through a trial-and-error selection
process, the specific component classifier can decide
whether PORV “a” or PORV “b” is the malfunctioning
PORV. The formula then can be expanded to pick one
PORY out of a set of n PORVs in series. It can be seen
that here again this will be an iterative search process,
with possibilities for optimization. Furthermore, it can
be stated that this formula can generally be used to
detect the malfunction of any component which is part
of the inventory balance in the mass equation. As long
as the characteristics f(P) are available for that compo-
nent, there is theoretically no need to go through the
generic component classifier for the Q45 components
if all the data are available.

TEST PROBLEM

The methodology in the previous sections has been
incorporated in a prototype diagnostic system for on-
line process diagnosis. The diagnosis system is written
in Prolog and consists of three distinct knowledge bases
and an inference engine. The knowledge bases for esti-
mating the macroscope imbalances in mass, momentum
and energy and that describing the functional classifica-
tion of components are based on physical principles and
so are process-independent and are constructed once
for analysis of any process. The third knowledge base,
describing the process schematics, is created through a
query session with the user that automatically generates
Prolog procedures representing the process. This
knowledge base is process-specific; however, it is iso-
lated from the rest of the system and can be easily modi-
fied or reconstructed for different processes. The infer-
ence engine is also general and process-independent and
consists of the diagnosis procedures of the previous
section and rules for controlling the search.
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To test the prototype diagnostic system, a test case
representing the BOP for a LMR plant as illustrated in
FIG. 1 has been selected. The BOP contains subcooled
water with the exception of the shell side of all heaters
and in the line beyond the saturation point inside the
steam generator. The entire LMR plant, from the reac-
tor core (not shown in FIG. 1) to the waterside con-
denser, is modeled with the SASSYS-1 system analysis
code to simulate four malfunctions:
1. Reduction of the feedwater pump motor torque by
50%,
2. Closure of the feedwater check valve area to 10%
of nominal,
3. Rupture of the piping connecting the tube side of
heaters #1 and #2 at a constant rate of 30 kg/s, and
4. Rupture of the piping connecting the shell side of
heaters #1 and #2 at an increasing rate of 0.2 kg/s.
All four process malfunctions are correctly hypothe-
sized by the expert system within 11 s into the transient.
In the first two cases, however, both feedwater check
valve and pump are selected as possible faulty compo-
nent candidates. This is due to the fact that the two
components, valve and pump, are functionally classified
as source or sink of momentum, and the failure of either
one would cause the components of the tube-side loop,
from the deaerator to the steam generator, to behave as
a momentum sink. In this case, the trained neural net-
works at the second-level of the hierarchical structure
are used to distinguish between the two faults and
uniquely identify the malfunction as either a pump fault
or as a valve fault. The last two events characterizing
pipe ruptures in the tube and shell sides, respectively,
are uniquely hypothesized by the expert system. A tube
rupture causes the upstream components to behave as
momentum sources while causing the downstream com-
ponents to behave as momentum sinks. Hence, by classi-
fying a pipe as a sink and source of momentum and
knowing which components are behaving as sources of
momentum and which are behaving as sinks of momen-
tum, the type and location of the malfunction is
uniquely determined.

QUALITATIVE ANALYSIS OF THE
MACROSCOPIC BALANCE EQUATIONS

In the inventive approach for nuclear power plant
diagnostics, the plant structure is visualized as a net-
work of flow paths representing the various compo-
nents of the plant. Each plant component is associated
with a control volume characterized by lumped ther-
mal-hydraulic and thermodynamic properties such as
temperature, pressure, and mass flow rate, and is de-
scribed by macroscopic mass, energy and momentum
conservation equations. A component fault will cause
the properties of the associated control volume to vary,
which in turn will cause imbalances in the conservation
equations. Here, the variations of pressure P and tem-
perature T are related through the equations of state to
the total inventories of mass M and energy U for a
control volume V containing single-phase fluid, and the
mass flow rate W is related to the total momentum
inventory M of volume V through the definition of
momentum, as set forth in Egs. (1), (2) and (10) above.

A compact set of diagnostic rules relating the varia-
tions of pressure, temperature and mass flow rate to
imbalances in macroscopic mass, energy and momen-
tum can be obtained through a qualitative analysis of
Egs. (1), (2) and (10). The qualitative analysis approach
consists of representing a large quantity space of a vari-
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able by a small quantity space. For instance, the large
quantity space representing changes in the values of T,
P and W is represented here by a small quantity space
consisting of only three values (4, —, 0) representing
the case when changes are positive, negative and zero,
respectively. Although the transformation from quanti-
tative to qualitative analysis allows the construction of
a compact set of rules, some information is lost in the
mapping process. This loss of information may cause
ambiguities in certain circumstances which may be re-
solved only by providing additional information.

" The expressions for the qualitative analysis of imbal-
ances in M, U and M as a function of variations in P, T
and W are obtained through a two-step transformation
of Egs. (1), (2) and (10). First, the associated differen-
tials dM, dU and dM are obtained for a fixed control
volume V. Then, the differentials are transformed into
qualitative differential equations using DeKleer’s meth-
odology and notation as set forth in Egs. (6) and (7),
where the square brackets [e] represent the qualitative
value (4, —, 0) of the argument, and the term PV in
Eq. (2) has been neglected. Given the qualitative values
(signs of the changes) of the differentials and partial
derivatives of the right hand sides of the equations,
diagnostic rules are obtained by applying the operations
of qualitative algebra among the brackets. The values of
[dT], [dP] and [dW] are readily available from the varia-
tions of T, P and W, respectively, and the qualitative
values for the partial derivatives are obtained through
analysis of the equation-of-state tables such as previ-
ously discussed Table I. Table I illustrates the qualita-
tive values of the partial derivatives for single-phase
(subcooled liquid and superheated steam) water. The
approach is, however, general and is not limited to
water properties.

Substituting the qualitative values of the partial deriv-
atives of Table I into Egs. (6) and (7) and applying the
operations of qualitative algebra, we obtain expressions
for the qualitative analysis of changes in mass and en-
ergy inventories, respectively. Those qualitative expres-
sions are solely dependent on the observed values of
[dT] and [dP] and are used to obtain the diagnostic
rules. For instance, the qualitative expression that repre-
sents changes in the mass inventory, for subcooled lig-
uid, is given by:

[dM]=[—1e[dT}+[-+]e[dp]=—[dr]+[dp] @25)
For a positive [dT] and a negative [dP] Eq. (25) yields a
negative change in the mass inventory,

[dM]=~[+]+[~]=[-1+[-]=[-]

which can be expressed as the following first-principles
qualitative diagnostic rule characterizing a mass imbal-
ance in a control volume:
if temperature is increasing and pressure is decreasing
in a control volume containing single-phase fluid,
then the total mass inventory of the control volume
will decrease.
A summary of the qualitative analysis of the mass and
energy inventories, for subcooled liquid and super-
heated steam, is presented in previously described Ta-
bles IV and V, respectively. The rows of the tables
correspond to the nine possible combinations .in the
values of [dT] and [dP], which are represented in the
first and second columns of the tables. The third and
fourth columns correspond to the qualitative behavior
of the mass in Table I'V and energy inventories in Table
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V for subcooled liquid and superheated steam, respec-
tively, as a function of the values of [dT] and [dP] of the
associated row.

As mentioned earlier, the loss of information due to
the use of a quantity space described by only three
values can yield ambiguous results. For instance, the
analysis of the mass inventory is ambiguous when [dT]
and [dP] are both positive because the two terms of the
right hand side of Eq. (25) have different signs and the
net result depends on the relative magnitude of the two
terms. For this specific case, parametric studies yield a
negative change in the mass inventory as long as the
module of dP/P is smaller than the module of 100
dT/T.

For the case of two-phase flow, the qualitative analy-
sis of mass and energy inventories can be obtained,
when the two phases are separable, as a function of the
variation of the saturation pressure and liquid level. The
analysis of momentum imbalances is directly obtained
through Eq. (11). Momentum will increase in a control
volume if the associated measured flow rate W is in-
creasing, and it will decrease if W is decreasing.

Our approach for both fault detection and identifica-
tion is based on the fact that a component fault affects
the performance of the plant by causing imbalances of
mass, energy and momentum in the process compo-
nents. Fault detection, as described in the previous sec-
tion, is obtained by mapping trends in pressure, temper-
ature and flow into trends in the imbalances of the con-
servation equations. Fault identification is obtained by
relating the detected imbalances with the function of
the components. This is achieved through the genera-
tion of a library of component types, e.g., pipe, pump,
electric heater, and functionally classifying them ac-
cording to which of the three (mass, energy and mo-
mentum) conservation equations is most strongly af-
fected when the component fails. For example, if we
functionally classify a pipe as a source and sink of mo-
mentum, because a pipe failure primarily causes an im-
balance in the momentum conservation equation, we
could then relate a positive upstream and a negative
downstream imbalance in the momentum conservation
equation to a pipe failure.

The functional classification of the most common
components present in a nuclear power plant is illus-
trated in Table VII. Each component type is classified
as a source and/or sink of mass, energy and momentum.
This abstract classification of components allows for the
implicit representation of the failure modes of the com-
ponents and addresses the issue of functional complete-
ness of a diagnostic knowledge base. For instance, by
classifying a valve as a source or sink of momentum, we
are inherently accounting for the possible failure modes
of the valve. A valve leakage, blockage, or unexpected
closure are covered by the classification of the valve as
a sink of momentum, since any one of these failures
would cause a negative imbalance in the momentum
conservation equation. An unexpected valve opening is
covered by the classification of the valve as a source of
momentum for analogous reasons. This method is in
contrast with the event-oriented approach for diagnos-
tics of pressurizer failures using macroscopic conserva-
tion equations, where every set of imbalances is explic-
itly associated with a component failure.

In addition to the functional classification of the com-
ponents, the information describing the physical struc-
ture of the plant is also used in the identification of
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faults. This information, obtained from the plant sche-
matics or piping and instrumentation diagrams, de-
scribes the structural arrangements of the plant compo-
nents and is represented in a separate knowledge base.
This knowledge base contains the only plant-dependent
data of the proposed diagnosis methodology and is the
only portion of knowledge that needs to be modified to
accommodate changes in the plant or to diagnose com-
ponent faults in another plant.

Detection and Diagnosis Procedure

In the following, we show how the methods for esti-
mating macroscopic imbalances in the conservation
equations, the functional classification of components,
and the information about the plant schematics are com-
bined to detect and identify faulty components in a
nuclear power plant.

In essence, a component fault is detected and diag-
nosed through the four-step procedure described in
FIG. 3. In step 1, the deviations of the monitored plant
parameters (temperature, pressure and flow) from their
expected values in each component are determined by
violations of established thresholds. Next, based on the
qualitative changes of the deviating plant parameters
(e.g., positive [dT], negative [dW]) in each affected
component and the physical state of the components
(e.g., subcooled liquid, superheated steam) the rules of
Table IV are used to characterize mass and energy
imbalances in each one of the affected components.
Momentum imbalances are characterized directly. The
positive or negative imbalance directions characterize
the behavior of each affected component as a source or
sink, respectively, of mass, energy and momentum. In
step 3, a set of possible faulty component types is ob-
tained by matching the type (mass, energy or momen-
tum) and direction (source or sink) of the characterized
imbalances of the affected components against the func-
tional classification of components in Table VII. Fi-
nally, faulty component candidates are identified by
using the information of the plant schematics and
matching the type of the affected components against
the set of possible faulty component types obtained in
step 3.

Power Plant Test Problem

The concepts presented in the foregoing sections
have been synthesized in a prototype diagnostic system
for on-line power plant diagnosis. The diagnosis system
is written in Prolog and consists of an inference engine
and three distinct knowledge bases representing the
qualitative imbalances in the three conservation equa-
tions, the functional classification of components, and
the plant schematics. With the exception of the plant
schematics, the developed expert system is completely
general and can be applied to diagnose plant component
faults in different systems.

The plant configuration selected as a test case for the
prototype diagnostic system is diagrammed in previ-
ously described FIG. 1. The balance of plant (BOP)
design for a liquid metal reactor (LMR) plant contains
subcooled water, with the exception of the shell-side of
all heaters and in the line beyond the saturation point
inside the steam generator. The entire LMR plant, from
the reactor core (not shown in FIG. 1) to the water-side
condenser, was modeled with the SASSYS-1 LMR
systems analysis code to simulate four single-fault tran-
sients:

10

40

45

50

60

65

24
1. Reduction of the feedwater pump motor torque by
50%,

2. Closure of the feedwater check valve area to 10%

of nominal,

3. Rupture of the piping connecting the tube side of

heaters #1 and #2 at a constant rate of 30 kg/s, and

4. Rupture of the piping connecting the shell side of

heaters #1 and #2 at an increasing rate of 0.2 kg/s.
Each transient was simulated for 80 s, starting from a
steady-state 100% nominal power condition, including
a 20 s null transient. The results of each one of the four
simulated single-faults was stored in a separate data file,
with the values of temperature, pressure and flow for
the various components of the BOP sampled at 1 s inter-
vals. The data files were then used to simulate on-line
tests of the diagnostic system, which correctly identi-
fied the single-faults within a few seconds into the tran-
sient. The following describes the procedures used by
the proposed approach to detect and identify the first
transient, an unexpected 50% reduction of the feedwa-
ter pump motor torque.

A feedwater pump motor torque causes a slight pres-
sure increase in the upstream piping connecting the
pump to the deaerator, a pressure decrease in the down-
stream components up to the steam generator, and an
immediate decrease in the mass flow rate through the
components between the deaerator and the steam gen-
erator control valve. FIG. 4 shows the variation in
pressure just upstream of the pump, and downstream in
the tube side of heater #1. FIG. 5 shows the variation in
flow in the piping connecting the deaerator to the pump
and in the piping connecting the tube sides of heaters #1
and #2. The deviations of both pressure and flow from
the expected values, corresponding to step 1 of the
detection/diagnosis procedure in FIG. 3, trigger the
expert system. In step 2, the system makes a list of the
affected components, which in this case includes com-
ponents between the deaerator and the steam generator,
and associated imbalances. These two time-dependent
steps are illustrated in Table VIII at the onset of the
transient. The first column of the table describes the
affected components, while the second column shows
the qualitative changes in the plant parameters for each
one of the affected components. For example, at the
onset of the transient the tube bundle in heater #1 is
experiencing zero (0) temperature change dT, and nega-
tive (—) pressure dP, inlet flow dW;,, and outlet flow
dW,y,; changes. The last column in Table VIII shows a
negative imbalance in momentum for all affected com-
ponents. This imbalance is a consequence of a decrease
in flow. Due to water incompressibility, a negative [dP]
in the tube-side of heaters #1 and #2 does not cause
imbalances in the mass or energy inventories in these
components, as shown in row five in Table IV.

TABLE VIII

Initial Effects of the Reduction of the Feedwater
Pump Motor Torgue by 50%

Affected Plant Parameter Trend Imbalance Type
Components  [dT]  [dP] [dWi,] [dWoy] [dM] [dU] [dM]
Deaerator 0 0 0 — —
Feedwater NA? NA —_ - —
Pump

Check Valve NA NA — — —
Tube Heater 0 — — — —
1

Tube Heater 0 — —_ —_ —
2

Control NA NA —_ — —
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TABLE VIII-continued

Initial Effects of the Reduction of the Feedwater
Pump Motor Torgue by 50%

Affected Plant Parameter Trend Imbalance Type
Components [dT] [dP] [dW;] [dWy,] [dM] [dU] [dM]
Valve

“NA indicates data were not available.

In step 3 of the detection/diagnosis procedure, the
expert system searches the knowledge base representing
the functional classification of the components (as de-
scribed in Table VII), to identify a pump and a valve as
two component types that could be responsible for the
behavior of the affected components as momentum
sinks, i.e., negative [dM]. Finally, by matching the iden-
tified component types, i.e., pump and valve, with the
list of affected components the expert system flags the
feedwater pump and the two valves as the possible
faulty components. Detailed diagnosis, to distinguish
between a pump and a valve failure, is then performed
by the trained neural networks at the second-level of
the two-level hierarchical diagnostic structure to
uniquely identify the feedwater pump as the faulty com-
ponent.

The uniqueness of the proposed method to perform
both system- and component-level diagnostics during
incipient off-normal operations of power plants relies on
the combined use of mass, energy and momentum con-
servation concepts in the ES with trained neural net-
works. This unique combination allows for the con-
struction of a compact, yet robust plant-independent
diagnosis system. Once a component type has been
classified, the same rule used to classify the component
can be used to detect the failure of that component type
anywhere in the system or in any other system. In addi-
tion, there is no need for the ES to tackle the impossible
task of formulating all possible events or combination of
events, as is required in event-oriented approaches.

The present invention provides a powerful and effec-
tive approach for incorporating basic first-principles
into the knowledge base of a general process diagnosis
system. The methodology identifies faulty component
candidates (through the ES) which can then be singled
out with deep-knowledge reasoning (through the
ANNs). The use of basic physical principles produces a
small, general and comprehensive set of diagnostic rules
and methods which are physically correct. The general-
ity of this approach is achieved through the clear sepa-
ration of the process-dependent schematics representa-
tion and ANN formulation from the remaining process-
independent knowledge bases and inference engine.
These factors produce a robust process diagnosis meth-
odology which can be effectively verified and validated
through standard techniques.

Al techniques in the form of knowledge-based ESs
have been proposed to provide on-line analysis and
decision-making support for process plant operators
during both normal and emergency conditions. In spite
of the great interest in these advanced techniques, their
application in the diagnosis of large-scale processes has
not reached its full potential because of limitations of
the knowledge base. These limitations include problems
with knowledge acquisition, lack of flexibility, and the
use of an event-oriented approach for process diagnosis.
The present invention employs the combination of
physical principles and ANNs to systematically con-
struct a hybrid two-level hierarchical knowledge struc-
ture for an Al-based diagnostic system. This approach
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addresses outstanding issues in the use of Al techniques
to diagnose processes in a realistic environment; being
able to be comprehensively verified and wvalidated,
being flexible enough to diagnose an unforseen event,
and being capable of handling data noise and limited or
faulty instrumentation.

At the first hierarchical level of the two-level diag-
nostic procedure, the overall process is visualized as a
network of flow paths representing the various compo-
nents of the process. Each plant component is associ-
ated with a control volume characterized by lumped
thermal-hydraulic and thermodynamic properties such
as temperature and pressure, and obeys the macroscopic
conservation equations of mass, momentum, and en-
ergy. A component fault causes the properties of the
associated and surrounding control volumes to vary,
which, in turn, will cause imbalances in the conserva-
tion equations. Through the characterization of the
imbalances in the plant components, faulty components
can be hypothesized by relating the detected imbalances
with the function of the components. At this level,
effort is focused on the characterization of macroscopic
mass, momentum, and energy imbalances and on the
functional classification of components. After the first
level of the two-level hierarchical diagnostic procedure
has narrowed down the possible process faults to a few
components, the second level narrows the diagnostic
focus even further and uniquely identifies the initiating
fault by using detailed knowledge about the process
components. The detailed knowledge consists of char-
acteristic T-H relationships for each component of the
process. It would be difficult, if not impossible, to code
these characteristic relationships for each component
into the ES as a set of complex diagnostic rules. Instead,
in this invention we propose to apply ANNs to repre-
sent detailed component knowledge. Neural networks
are used to systematically map the relationships be-
tween component driving T-H parameters (the cause)
and component responding T-H parameters (the effect).
They are robust enough to handle data noise and an
incomplete set of symptoms, and have the potential to
generalize their knowledge to successfully diagnose
novel fault situations. The potential additional capabili-
ties of ANNs over other approaches resides in the archi-
tecture of the neural nets. In addition to input and out-
put layers corresponding to causes and effects, respec-
tively, ANNs have intermediate or hidden layers. The
hidden layers enable the development of internal repre-
sentations which allow the system to generalize possible
effects (the output) given a novel set of causes (the
input).

While particular embodiments of the present inven-
tion have been shown and described, it will be obvious
to those skilled in the art that changes and modifications
may be made without departing from the invention in
its broader aspects. Therefore, the aim in the appended
claims is to cover all such changes and modifications as
fall within the true spirit and scope of the invention.
The matter set forth in the foregoing description and
accompanying drawings is offered by way of illustra-
tion only and not as a limitation. The actual scope of the
invention is intended to be defined in the following
claims when viewed in their proper perspective based
on the prior art.

The embodiments of the invention in which an exclu-
sive property or privilege is claimed are defined as
follows:
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1. A method for diagnosing failures in the operation
of a thermal-hydraulic system including detection of a
malfunctioning component in said thermal-hydraulic
system, said method comprising the steps of:

classifying a malfunction of the component by a func-

tion performed by the component as a mass sour-

ce/sink, or a momentum source/sink, or an energy

source/sink imbalance including the steps of:

assigning to one or more of the components of the
thermal-hydraulic system a thermal-hydraulic
control volume which characterizes the total
mass, momentum, and energy inventories of said
one or more components during normal and
off-normal operations;

assigning to each thermal-hydraulic control vol-
ume its associated mass, momentum, and energy
conservation equations;

assigning to one or more components a functional
classification as a source or sink of mass, momen-
tum, or energy;

assigning components to generic component
classes by said functional classification;

monitoring operation of the thermal-hydraulic
control volumes for detecting an imbalance in
the total mass, momentum, or energy inventories
in any of the thermal-hydraulic control volumes;
and

comparing a detected imbalance in mass, momen-
tum, or energy inventories of the thermal-
hydraulic control volumes with the conservation
equations and the functional classification for
each of the components and identifying a given
component as faulty when a detected imbalance
in mass, momentum, or energy of the thermal-
hydraulic control volume matches the classifica-
tion of the component as a source or sink of mass,
momentum, or energy;

classifying the function as one of a plurality of ge-

neric component classes for each of said mass,
momenium and energy source/sink imbalances;
and

classifying a specific component within one of said

generic component classes as said malfunctioning
component.

2. The method of claim 1 wherein the control volume
imbalances in mass, momentum and energy inventories
are determined from trends in the associated thermal-
hydraulic and thermodynamic properties such as tem-
perature and pressure through equations of state.

3. The method of claim 1 wherein the step of classify-
ing the malfunction of the component by a function
performed by the component includes associating each
system component with a designated control volume
characterized by associated thermal-hydraulic and ther-
modynamic properties such as temperature and pres-
sure.

4. The method of claim 3 wherein a component mal-
function causes properties of associated and surround-
ing control volumes to vary causing imbalances of mass,
momentum and energy inventories.
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5. The method of claim 4 wherein the step of classify-
ing the malfunction of a component by a function per-
formed by the component further includes determining
imbalances in mass, momentum and energy sources or
sinks from imbalances in mass, momentum and energy
inventories through application of the macroscopic
conservation equations of mass, momentum, and en-
ergy.

6. The method of claim 5 further comprising the step
of designating faulty components by relating said imbal-
ances of mass, momentum and energy sources or sinks
in said conservation equations with a function of a plu-
rality of generic components.

7. The method of claim 1 wherein the step of classify-
ing the function as one of a plurality of generic compo-
nent classes for each of said mass, momentum and en-
ergy source/sink imbalances includes classifying the
function by generic component thermal-hydraulic char-
acteristics.

8. The method of claim 7 wherein the step of classify-
ing the function further as one of a plurality of generic
component classes for said momentum source/sink im-
balance includes the step of classifying the function as
active such as that of pumps, or passive such as that of
open valves.

9. The method of claim 8 wherein the step of classify-
ing the function further as one of a plurality of generic
component classes for said momentum source/sink im-
balances for a pump includes determining and using
pump head flow characteristics.

10. The method of claim 8 wherein the step of classi-
fying the function further as one of a plurality of generic
component classes for said momentum source/sink im-
balance for a valve includes determining and using
valve flow head loss characteristics.

11. The method of claim 1 wherein the step of classi-
fying the specific component within one of said generic
component classes as said malfunctioning component
includes classifying the specific component by specific
component thermal hydraulic characteristics.

12. The method of claim 11 wherein the step of classi-
fying a specific power operated relief valve within one
of said generic component classes for mass source/sink
imbalances as said malfunctioning component includes
determining and using power operated relief valve pres-
sure flow characteristics.

13. The method of claim 1 wherein the step of classi-
fying the malfunction of the component by a function
performed by the component as a mass source/sink, or
a momentum source/sink, or an energy source/sink
imbalance includes utilizing an expert system in identi-
fying the imbalance with a plurality of generic compo-
nents.

14. The method of claim 1 wherein the steps of classi-
fying the function as one of a plurality of generic com-
ponent classes and classifying a specific component
within one of a plurality of generic component classes
includes utilizing artificial neural networks in differenti-
ating between classes of generic components and be-

tween individual components within a given class.
% * * * *
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